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XEV configurations

HEV - parallel hybrid PHEYV - plug-in parallel hybrid
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Energy management strategy (EMS)

Example: parallel HEV Optimal control problem

‘ Pbe}t — hmot (Wmot ’Tmot) Fuel ml?;mlzatlon
I’T.]f = heng (Weng 'Teng) SOC = hbat (SOC1 Pbat) 7[2;8) /t mf(Teng(t)' t) dt

Battery subject to
SOC(t) = hpar (SOC(t), Tmor(1), 1),
SOCmin < SOC(t) < SOCpnax,

:Teng +T SOC(tp) = SOCy, SOC(ty) = SOCy,
Tdem(t) = Teng(t) + Tmot(t),
Tmotmin(t) < Tmot(t) < Tmotmax(t).

The EMS determines the engine-motor power split over the trip.



Rule-based EMS: a standard development workflow

Offline rule development

Target driving cycles Optimal control problem

v t
= min / Nmf(Teng(t), t) dt

Teng (t) to

Subject to the constraints in the EMS problem

Stabikoed Phese Hee Sook Perind

l Rule extraction (e.g., from DP)

On-board control ,

I
Vehicle speed Power split
Power demand > Rule map >
Battery SOC = e
1\ SOC feedback B I

Rules are tuned to the development conditions.



HEV conversion: our development case

Powertrain integration and A-ECMS-NO implementation



HEV conversion: test results

Converted HEV versus the original vehicle under each test condition

Certified performance test Jeju logistics operation

+31%

Fuel economy

+24.3%

Mean, four vehicles
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Driving information and preview horizon

Causal EMS O Past and current inputs
o, Time
N . ‘S )
Past Now Current trip end

tO tc tN



Causal EMS: adaptation without preview

Causal EMS Implemented in the conversion

Idealized full-preview policy A-ECMS-NO
Upcoming terrain is available Adaptation uses observed driving conditions
‘e e ‘e e
Now Climb Descent Now Climb Descent

Full-preview reference

SOC/\/ i \/

= =
Time _ Time
Prepare before demand changes Adapt the equivalent factor

A-ECMS-NO adapts to operation without directly previewing future terrain.

Choi et al., “Adaptive Equivalent Consumption Minimization Strategy (A-ECMS)...", IEEE TVT (2022).



Driving information and preview horizon

PEMS: predictive EMS

Causal EMS O Pastand current inputs

Short-horizon PEMS O—O

Time
>

Current trip end
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Short-horizon PEMS

Optimal control problem

I Upper layer |
: L
! Demand Torque Prediction |
! t:usc::l o: (i[]’-c["lL . - : tC+H
1 : . .
; : ! min M¢(Teng(7), 7) dT
: lfdv | g
i Lower layer : Teng(-) tC
! Short-term Energy Optimal i VoV Vval

we ! Control with MPC | - . . .

— s i R TRAREREREEEES . Subject to vehicle and battery constraints
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Fig. 1. The connected short-term energy management system with V2V and V2L

Update the prediction and repeat.

Connected predictive EMS example (Zhang et al.)

Predict upcoming demand and optimize over a moving preview horizon.

Zhang et al., Applied Energy, 2020.
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Prediction horizon: accuracy and control

Prediction accuracy
Example: Lin et al., 2020

Velocity (km/h)

Actual velocity
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Fuel savings and computation
Horizon study: Ju et al., 2023

Fuel savings (%)
o
= ;o o o N o~
T

Energy savings
Mean computational time

R W & 0 3 ~ 0

20 25 30 35
Prediction horizon N

et
o

In this study, longer horizons increased fuel savings and

computation.

Accurate short preview still covers only part of the trip.

Lin et al., IJER, 2020; Ju et al., Energy, 263, 125971, 2023.

Mean computing time (ms)



Driving information and preview horizon

PEMS: predictive EMS

Causal EMS

Short-horizon PEMS

Full-horizon PEMS

O Pastand current inputs

Oo—O
<>
H
O O
Remaining part of the current trip
J—— Time
W ‘S )
Past Now Current trip end

to tc In
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Full-horizon control: a much longer OCP

Future driving trajectory
A detailed sequence through the trip end

<€ >
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Optimal control problem

Preview interval
Short: [t t. + H]
Full: [t t\]
N
min / My (Teng(7), 7) dr
Teng(') tc
X = f(X, Teng, 7),
x < x(1) <X, Teng(T) e U(r),

X(tc) = Xe,  X(tn) = Xn.

Optimize the full control sequence

Direct prediction and optimization over a long trajectory are impractical in real time.
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A road-link view of the full-horizon problem

Can we describe the same trip without predicting every time sample?

Source: National Transport Information Center
Inl -4 \ Aéf‘»‘ftw > BEFAA > FuT
Thousands of time samples T B 5wt (&= t)
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Keep the trip horizon; change how future driving is described.
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From time-domain control to link-based decisions

g 100 50
Time domain g 50 385 Link domain
About 550 s of driving S 105 55 road links
>
% 100 200 300 00
Time (
<b)
Time-domain problem Link-domain problem
Decision: control-input sequence Decision: one costate per road link
: L N
min / me(u(t)) dt > min Y J\,0)
u(-) Jt, o Mooy £
Principle of i=1
X ="f(x,u,P imali
(x,u, iem); i optimality + PMP . — . .+ g(\; 0)),
x<x(®) <x, u<u®) <0, Within-link x<xi<x (i<N),
= = assumptions
X(te) = Xer  X(tn) = Xn. g Xo = Xe, Xy prescribed.

Optimize link costates and recover instantaneous power commands.

Choi et al., “An Analytical Approach to the Predictive Energy Management of Connected HEVs...”, IEEE TITS (2024).
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Reformulation reveals four link quantities

Time-domain prediction Link-domain prediction
Driving profile Four quantities per link

g 100 50

= 3 P

é n 40 —g N

50 30 2

s fj 0%

e 10 3 0 L,

< el | | l ty

200 300 400 500
Time (s)
(b)

Speed + slope + vehicle model Energy: propulsion / braking
— power-demand trajectory Time: total / propulsion

Predict link energy and time across the remaining trip.

Energy
E::l-em,i' Eq

dem,i

Time

At, At

Choi et al., “An Analytical Approach to the Predictive Energy Management of Connected HEVs...”, IEEE TITS (2024).



Validation in the Monaco traffic network

A 55-link Monaco route is simulated in SUMO.
Vehicle model
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Comparison DP / Link-based PEMS (proposed) / P-ECMS (predictive baseline)

Known future link parameters are used to test controller feasibility.

Choi et al., “An Analytical Approach to the Predictive Energy Management of Connected HEVs...”, IEEE TITS (2024). 17



Controller results under known future inputs

Battery energy trajectory Loss of optimality
75
P
70t try > [ IP-ECMS
=T PG | S 54 - Proposed |
S 65t A EX S
E { I| ,1' v \\“ E 3t
1] N \ b
AO0r af Vi O2f
! ";‘y g 11\‘\ G
'l{\l ‘-‘,"p 3 o
55 fe N ; 21
A o
- - -DP -----P-ECMS —— Proposed 0
20 0 200 300 200 (@
0 100 200 300 400 500
T1(r£e (s) P-ECMS: mean = std across tuning settings
SOE: battery state of energy Proposed EMS: 0.14% loss relative to DP

Fuel comparison: matched final SOE. QP: <2 ms on the test PC; prediction excluded.

Choi et al., “An Analytical Approach to the Predictive Energy Management of Connected HEVs...”, IEEE TITS (2024).
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Extensions of xEV full-horizon control

Extend the link-based formulation to new objectives and dynamics.

Stack durability Battery thermal control Eco-driving
Hydrogen use + Cooling energy + Driving energy +
stack degradation temperature constraints arrival-time requirement

Control: stack power Control: cooling power Control: link travel times
State: battery energy State: battery temperature Scope: current trip to destination

The required link quantities change with the control objective.
Park et al., Applied Energy (2025); Jang et al., ACC 2027 (submitted).

19



Link information depends on the control task

Energy management Battery thermal control

N FFfxiet > BFTOA > B

Energy: propulsion / braking Energy - Power? integral
Time: total / propulsion "4 T Time: total
. —> HEH! < .
L=l '

Stack durability Eco-driving

Speed variance

Energy: net demand
<« Signals

Time: total

End (t = ty)

ITS / V21 + vehicle data & models — link predictions

Park et al., Applied Energy (2025); Jang et al., ACC 2027 (submitted). 20



Driving information and preview horizon

PEMS: predictive EMS

Causal EMS O Pastand current inputs
Short-horizon PEMS O—O
<>
H
Trip-specific PEMS O O
Full horizon of the current trip Remaining part of the current trip Expected
future cost
Network-aware PEMS O OES--mmmmme— -
D Time
—— e B e e e e = = = =
>
Past Now Current trip end
P Beyond the
to tc N

current trip
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Successive trips in a traffic network

Trip-specific PEMS optimizes each trip up to its destination.

Network domain Time domain
,D3 — Trip-specific PEMS
D, Next trip — = Network-aware PEMS
M SOC D, D, D,
Current trip
Later trips
L ¢
—— D,
Now Time)
Current trip Next trip Later trips

The SOC at each destination affects the fuel cost of later trips.
22



Energy management beyond the current trip

Trip-specific PEMS

Current trip only

In
min/ my (u(t)) dt
u()  Jt,

X(tN) = Xref

Fixed SOC at the current trip end

Shared vehicle and battery constraints

X =f(X,u,Pgem), X <x(t) <X, u<u(t)<u,

Network-aware PEMS

Current trip and subsequent operation

min | [ (u0) de+ Vex()
C t

Expected fuel cost
beyond the current trip

V uses network forecasts and future-trip destinations

x(te) = Xc Xx: SOC u: fuel-cell power

23



Future routes and the expected fuel cost

Each trip has a known destination, while its future route may vary.

Routes in the traffic network

D,
@ o o
D, Next trip
1 | = -
I I
' : ! 1 !
Current trip | ' p, p q, | 0
S I
1 I
! D, . |
~—— q;
| Later trips
Now P

Route probabilities from predicted link travel times

Expected fuel cost

Next trip

Z Pr Jnext,r
;

+
Later trips

Z Js Jlater,s t--
’ v

Beyond the current trip
V(x(tn))

Route probabilities weight future fuel costs, evaluated from the current trip-end SOC.

24



Link-domain formulation beyond the current trip

Time domain

Decision: control-input sequence
ty N
min [ / e (u(®) dit + Vix(t)
u(- t.
X = f(XI u, Pdem):
x<x(f) <X, u<u(t)<uy,

x(to) = Xe.

Driving trajectory over the current trip

Principle of
optimality

+ PMP

+ Within-link
assumptions

Link domain

Decision: one costate per road link

N1

min [21: Ji(\i, 9)) + V(xN1)]
I:

Xi = Xji_1+g(\;, 6)),

X<xi<X, A< N<)

XO = Xc.

Energy and time for each road link

The future-cost term remains in the link-domain representation.

25



Validation in the Monaco traffic network

SUMO supplies traffic for the Monaco network.

MIGHTY FCEV model

| —

Mass 4,495 kg - Fuel cell 90 kW
Motor 140 kW - Battery 21.0 kWh

Driving scenario: 5 trips
Update and re-planning: 300 s

Known destinations for future trips and perfect link-parameter predictions

Common final SOC is imposed for all comparison methods.

26



What the four comparison methods optimize

Optimization scope

o Link boundary | Trip boundary

N
v

Offline DP

Trip-specific DP |

Trip-specific link PEMS

Proposed

Later trips

Currenttrip  Next trip

Information and SOC
condition

Full future known
One optimization

Current trip only
Fixed trip-end SOC

Link-based current trip
Fixed trip-end SOC

Route probabilities
Expected future cost
Adaptive trip-end SOC

27



Network-aware EMS: SOC allocation and fuel use

SOC across successive trips Excess fuel use vs. offline DP

N7 7 T M

L Offline DP | 0.00%

Ofhat . LAN “‘ﬁ

M § _ R R )/ :

lé ___DP Trip-specific link PEMS _ +3.28%
AEE l S— Trip-specific DP | |

----------- Link-based P-EMS
e KOFLER
Proposed

Proposed I +0.31%

0 0.5 1 1.5 2
Time (s) < 10* 0% 1% 2% 3% 4%

Intermediate SOC targets reflect later operation. Matched final SOC; exact link parameters

Proposed EMS: 0.31% more fuel than offline DP in the five-trip simulation.
28



Key takeaways

Energy decisions need a longer view.

Causal adaptation, trip-specific preview, and operation beyond the current trip.

Road links make long-horizon control tractable.

Predict link quantities. Account for future trips through expected fuel cost.

Simulation supports the feasibility of network-aware EMS.

The next step is reliable link information and integrated vehicle validation.

Toward network intelligence through industry—academic collaboration.

29



Network intelligence: the current trip

Every current-trip link informs the ego Link-level edge

computing

Receive Estimate
via RSU and store

%
" @® @ @

Time Energy Speed
variance

Each chip: link-level edge computing
30



Network intelligence: beyond the current trip

Link forecasts support current and future trips

Future link-use likelihood s mmm higher

Shared link forecasts

© ® w

Time Energy Speed
variance

+

Personal route probabilities

v

Network-aware control

EMS / BTMS / Eco-driving

31
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