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Abstract— Existing studies on freight electrification largely rely on centralized architectures or simplified uncertainty models, leaving a gap
in decentralized energy–mobility coordination under volatile electricity prices and privacy constraints. This study develops a decentralized
optimization framework for coordinated operation of a heavy-duty electric truck aggregator and an eco-industrial park under concurrent
market and fleet uncertainty. A hybrid distributionally robust–stochastic programming structure is adopted, where locational marginal
price uncertainty is modeled through an uncertainty-budget robust layer, while fleet arrival, departure, and state-of-charge variability are
represented via scenarios. The problem is decomposed using an alternating direction method of multipliers-based distributed algorithm
to preserve autonomy and limit information exchange to tie-line power flows. Numerical results confirm stable convergence within
approximately 130 iterations. When the price uncertainty budget spans the full 24-hour horizon, aggregator net profit decreases by 41% and
eco-industrial park operating cost increases by 9% relative to deterministic pricing, without feasibility loss. The results demonstrate that
integrating robust price hedging with stochastic fleet modeling enables economically consistent decentralized coordination under adverse
market conditions.
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NOMENCLATURE

Abbreviations
ADMM Alternating Direction Method of Multipliers
AGG Aggregator
CHP Combined Heat and Power
DRO Distributionally Robust Optimization
EIP Eco-Industrial Park
HDET Heavy-Duty Electric Truck
LMP Locational Marginal Price
RO Robust Optimization
SOC State of Charge
SP Stochastic Programming
Indices
M Set of HDET classes
S Set of stochastic scenarios
T Set of scheduling time intervals
a Index of wholesale electricity price uncertainty realization
b Index denoting the eco-industrial park entity
k Iteration counter in the ADMM algorithm
l Index of electrical load segments within the EIP
m Index of HDET class or group
s Scenario index in stochastic programming
t Discrete scheduling time interval (h)
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ts Time index for EIP operation (h)
tsm Joint time–scenario index
Parameters
α ADMM penalty parameter
∆max

a Maximum allowable LMP deviation (EUR/MWh)
ηch Charging efficiency
ηdch Discharging efficiency
ηb Boiler thermal efficiency
ηCHP
e Electrical efficiency of the CHP unit

ηCHP
h Thermal efficiency of the CHP unit

Γ Uncertainty budget for robust price modeling
πwm,0
t Nominal wholesale electricity price (EUR/MWh)

ρs Probability of scenario s
ATm Arrival time of HDET class m (h)
DTm Departure time of HDET class m (h)
Emax

EIP Maximum energy level of the EIP storage system (kWh)
Emin

EIP Minimum energy level of the EIP storage system (kWh)
EHDET,max

m Maximum battery energy of HDET class m (kWh)
EHDET,min

m Minimum allowable battery energy of HDET class
m (kWh)

Lmax
z Capacity limit of the interconnecting tie-line (MW)

NHDET
m Number of vehicles in HDET class m

P ch,max
EIP Maximum charging power of EIP storage (MW)

P dch,max
EIP Maximum discharging power of EIP storage (MW)

PHDET,ch,max
m Maximum charging power of HDET class m

(kW)
Variables
γat Price deviation decision variable (EUR/MWh)
λtsm ADMM dual variable for exchanged electricity
ϕEIP,ch
ts Binary indicator for EIP storage charging

ϕEIP,dch
ts Binary indicator for EIP storage discharging

ξat Dual variable in the robust price formulation
EHDET,m

tsm Battery energy level of HDET class m (kWh)
gbts Natural gas input to the boiler (MW)
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gCHP
ts Natural gas input to the CHP unit (MW)
hb
ts Thermal output of the boiler (MW)

hCHP
ts Thermal output of the CHP unit (MW)

pAGG,wm
tsm Power exchanged between the HDET aggregator and

the wholesale market (MW)
pAGG→EIP
tsm Electricity sold by the HDET aggregator to the EIP

(MW)
pEIP→AGG
tsm Electricity sold by the EIP to the HDET aggregator

(MW)
pHDET,m,ch
tsm Charging power supplied to HDET class m (kW)

pHDET,m,dch
tsm Discharging power from HDET class m (kW)

pCHP
ts Electrical output of the CHP unit (MW)

pEIP,ch
ts Charging power of EIP storage (MW)

pEIP,dch
ts Discharging power of EIP storage (MW)

pEIP,wm
ts Power exchanged between the EIP and the wholesale

market (MW)
uHDET,m,ch
tsm Binary indicator for HDET charging state

uHDET,m,dch
tsm Binary indicator for HDET discharging state

1. INTRODUCTION

The electrification of freight transport is increasingly recognized
as a critical pathway toward reducing emissions in energy-intensive
industrial supply chains. Heavy-duty electric trucks are now being
deployed at scale, particularly around logistics hubs and EIPs,
where high energy demand, predictable traffic patterns, and access
to grid infrastructure converge. At the same time, EIPs are evolving
into complex multi-energy systems that integrate electricity, heat,
gas, storage, and on-site generation, while actively participating
in competitive wholesale electricity markets . These parallel
developments create strong incentives for closer coordination
between freight mobility and industrial energy systems, especially
where electricity arbitrage and flexible demand can provide
economic value [1].

A considerable amount of literature has examined freight
electrification and its interaction with power system operation.
Nevertheless, most studies remain centered on centralized
coordination or simplified uncertainty treatments, offering
limited insight into decentralized, market-facing energy–mobility
coordination under volatile prices. As a result, arbitrage-oriented
frameworks that preserve autonomy and data confidentiality
remain underdeveloped. Infrastructure-oriented studies form an
early foundation in this field. Ref. [2] analyzed the transition of
heavy-duty fleets to electric operation through joint optimization
of vehicles and charging infrastructure, although its conclusions
depend strongly on assumed policy and deployment trajectories.
Alonso-Villa et al. [3] addressed corridor-level fast-charging
deployment under grid constraints, revealing sensitivity to localized
demand and network conditions. Speth et al. [4] incorporated
traffic flows and queuing limits into charger siting, yet excluded
endogenous electricity price responses. Dimatulac et al. [5]
quantified long-haul charging demand profiles and infrastructure
needs, while abstracting from market participation and coordination
mechanisms. Johansson et al. [6] formulated energy-aware routing
for a single heavy-duty electric vehicle, but its limited scope
restricts applicability to aggregator-based operation.

Operational control and flexibility valuation represent a second
stream. Mahyari and Freeman [7] employed a sequential decision
framework to balance fleet charging cost and service quality,
relying on calibrated dynamics that may not generalize. Anderson
et al. [8] embedded flexible charging and vehicle-to-grid operation
into power system planning, but simplified fleet heterogeneity.
Golab et al. [9] quantified the system value of commercial fleet
flexibility under renewable variability, while leaving contractual
and privacy constraints largely implicit. Syla et al. [10] compared
smart charging and bidirectional operation under grid limits,
without modeling decentralized negotiation among independent
stakeholders.

A third group of studies focuses on electricity market
participation and risk management. Wang et al. [11] examined
risk-aware aggregator operation in ancillary service markets, yet
remained detached from bilateral coordination with industrial
systems. Pradana et al. [12] explored arbitrage-driven aggregator
scheduling under price spreads, assuming sufficiently accurate
market forecasts. Robbiano et al. [13] developed an uncertainty-
aware energy management framework for aggregators, but
abstracted from detailed industrial coupling. Audet et al. [14]
introduced a distributionally robust bidding strategy to hedge price
risk, operating primarily as a financial construct. Siqin et al. [15]
extended robust bidding through a two-stage formulation under
moment uncertainty, without accommodating mobility-specific
constraints. Li et al. [16] proposed coordinated distributionally
robust bidding across multiple markets, assuming a stable internal
membership structure. Shen et al. [17] incorporated energy sharing
and carbon transfer into uncertain bidding for integrated energy
systems, while overlooking data confidentiality across independent
entities. Lei et al. [18] presented a data-driven robust bidding
strategy for shared storage, treating mobility demand as exogenous.
Fatemi et al. [19] addressed privacy-preserving coordination via a
bi-level structure, but focused on stationary storage assets rather
than freight mobility.

Decentralized and privacy-preserving optimization has also
received attention. Nafkha Tayari et al. [20] combined ADMM
coordination with cryptographic protection, enabling confidentiality
at the expense of computational overhead. Quteishat et al.
[21] developed distributed stochastic energy management for
coordinated microgrids, but employed uncertainty structures
unsuited to logistics-driven fleets. Wang et al. [22] incorporated
emission considerations into decentralized scheduling, while
focusing on building-centric systems. Ref. [23] proposed a
two-layer ADMM-based scheduling framework for low-carbon
operation, simplifying market price dynamics. Fazlhashemi et
al. [24] addressed decentralized risk-averse microgrid operation,
without incorporating mobility aggregators as strategic agents.
Zhang et al. [25] coordinated networked microgrids across
multiple time scales, assuming stable participation sets. Kumar et
al. [26] formulated decentralized control for infrastructure-coupled
microgrids, yet omitted explicit arbitrage objectives. Ahmadi et al.
[27] introduced user-centric decentralized energy management for
communities, without bilateral industrial–mobility interaction. San
Martín et al. [28] designed decentralized peer-to-peer trading with
congestion awareness, while neglecting wholesale price arbitrage.

EIP energy systems form a final stream. Golshanfard et al. [29]
addressed robust energy planning and operation in eco-industrial
settings, treating transport electrification as an external load. Ref.
[30] developed a robust low-carbon transition model for coupled
eco-energy systems, without distributed implementation across
privacy-constrained stakeholders. Fan et al. [31] co-optimized
logistics scheduling and charging within industrial parks, but
excluded explicit price hedging and robust market exposure.
As a result, freight mobility remains weakly represented as an
autonomous, market-facing actor in EIPs.

To summarize the literature review, Table 1 provides a
taxonomy-based comparison of research studies and the present
work across eight innovation-oriented dimensions derived from
this paper.

Despite these contributions, important structural gaps remain.
Existing ADMM-based decentralized energy management studies
primarily focus on coordinated operation of microgrid clusters or
community-level energy hubs under cooperative settings. In most
cases, price signals are treated as deterministic or externally given,
and the decision-makers do not act as autonomous market-facing
agents engaged in bilateral electricity arbitrage As a result,
the strategic interaction between independently owned industrial
systems and mobility aggregators under volatile wholesale prices
remains insufficiently addressed. Similarly, the distributionally
robust and robust bidding literature largely emphasizes financial
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risk hedging in wholesale or ancillary service markets. These
formulations typically abstract from detailed physical modeling
of mobility systems and do not incorporate stochastic fleet
dynamics such as arrival, departure, and state-of-charge variability.
Consequently, robust price protection and high-fidelity mobility
uncertainty are rarely integrated within a unified operational
framework. This gap motivates the development of the proposed
framework.

To address the identified gap, this study is guided by the
following research questions:

1) Can decentralized bilateral electricity coordination between
an HDET aggregator and an eco-industrial park remain
economically viable under simultaneous wholesale price
volatility and stochastic fleet behavior?

2) Does a hybrid robust–stochastic uncertainty structure provide
structurally consistent protection against adverse price
realizations while preserving high-fidelity mobility modeling?

3) Can an ADMM-based decomposition scheme ensure
convergence and privacy preservation when autonomous
market participants engage in strategic arbitrage?

This study develops a decentralized optimization framework
for coordinating an HDET-AGG and an EIP under concurrent
market and operational uncertainty. In contrast to prior works
that rely on centralized control architectures, simplified uncertainty
representations, or extensive information exchange, the proposed
approach enables autonomous market participation, preserves data
privacy, and explicitly addresses price risk within a bilateral
electricity trading structure.

At the system level, two independently owned entities
interact through bilateral electricity exchange while simultaneously
participating in wholesale markets. A hybrid distributionally
robust and stochastic programming structure is adopted to
structurally distinguish wholesale price uncertainty from fleet-
related operational uncertainty. Electricity price volatility is treated
through an uncertainty-budget-based robust optimization layer,
whereas uncertainty in truck arrival times, departure times,
and initial states of charge is captured using scenario-based
stochastic modeling. The resulting formulation is decomposed
via an ADMM-based coordination scheme, enabling decentralized
bilateral arbitrage with minimal information exchange restricted to
interconnection power flows.

The main contributions of this research are outlined as follows:
1) A decentralized bilateral coordination framework is proposed

for the joint operation of an HDET-AGG and an EIP, in which
both entities act as autonomous market-facing participants
while engaging in strategic electricity exchange.

2) An uncertainty-budget formulation is introduced to regulate
exposure to LMP deviations, allowing both the HDET-AGG
and the EIP to buy from and sell to the wholesale electricity
market under adverse price realizations. The framework
integrates a hybrid robust–stochastic programming structure
that simultaneously captures worst-case wholesale price
deviations and stochastic fleet behavior, thereby extending
existing ADMM-based energy management and robust
bidding models to a coupled industrial–mobility coordination
context.

The remainder of the paper is organized as follows. Section 2
describes the coordinated interaction between the HDET aggregator
and the EIP. Section 3 presents the optimization framework. Section
4 explains the computational solution approach. Section 5 discusses
the numerical results, followed by concluding remarks in Section
6.

2. COORDINATED NETWORK OF HDET AGGREGATOR
AND EIP

Fig. 1 shows a decentralized coordination between the HDET-
AGG and an EIP within a single wholesale electricity market

characterized by two zonal prices, LMP A and LMP-EIP. The
HDET-AGG participates in the market at its zonal LMP, supplies
electricity to HDET operators under a predefined tariff, and
exchanges electricity with the EIP through a bilateral contract.

The EIP operates as a cost-minimizing energy consumer,
procuring electricity from the wholesale market, purchasing natural
gas, and trading electricity with the HDET-AGG. Thermal demand
is supplied by a natural-gas-fired combined heat and power unit
and an auxiliary boiler, while electrical demand is met through
wholesale purchases, on-site CHP generation, discharge of the
EIP storage system (EIPSS), and electricity obtained from the
HDET-AGG.

Electricity exchanged between the entities is treated
symmetrically as demand and generation, resulting in time-
varying net electrical loads. Wholesale electricity may be directly
consumed or stored in the EIPSS. Information exchange is
restricted to traded electricity quantities to preserve privacy, and
each entity independently optimizes its objective.

Energy exchanges are limited to electricity, as the HDET
infrastructure does not interface with other carriers. Coordination
is achieved using the alternating direction method of multipliers.

The HDET-AGG faces uncertainty in vehicle arrival, departure,
and initial state of charge, while both entities are exposed to
uncertain wholesale electricity prices. To avoid the computational
burden of purely stochastic formulations, a hybrid distributionally
robust–stochastic programming framework is adopted, modeling
LMP uncertainty via robust optimization and HDET-related
uncertainty through scenarios. Demand uncertainty is neglected
due to its negligible variability relative to LMP fluctuations.
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3. KNOWLEDGE-BASED OPTIMIZATION FRAMEWORK

Wholesale electricity price uncertainty and fleet-related
operational uncertainty are treated separately in this framework
because they arise from fundamentally different structural
mechanisms. Locational marginal prices are determined outside
the control of both the HDET-AGG and the EIP. They reflect
market clearing outcomes and network conditions, and from the
viewpoint of each entity they act as exogenous signals that may
shift unfavorably regardless of internal scheduling decisions. Under
such conditions, robust optimization offers a defensible hedging
mechanism: it protects operational decisions against worst-case
price deviations within a bounded uncertainty set, without imposing
a specific probability distribution on short-term market fluctuations.

Fleet uncertainty has a different character. Arrival times,
departure times, and initial states of charge are shaped by logistics
and usage patterns that can be described through historical data
and representative scenarios. These variations are operational
rather than strategic; they do not emerge as adversarial market
actions. A scenario-based stochastic formulation therefore retains
the behavioral structure of mobility dynamics and aligns naturally
with charging constraints and departure requirements.
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Table 1. Taxonomy of selected research studies based on key innovation dimensions in decentralized energy–mobility coordination.

Ref. Decentralized
coordination

Bilateral
electricity
exchange

Hybrid RO–SP
uncertainty

LMP
uncertainty
budgeting

Stochastic fleet
modeling

ADMM-based
decomposition

Privacy
preserving
exchange

Arbitrage oriented
scheduling

[2] × × × × × × × ×
[3] × ✓ × × × × × ×
[4] ✓ ✓ ✓ ✓ × × × ✓
[7] ✓ × ✓ ✓ ✓ × ✓ ✓
[9] ✓ ✓ ✓ ✓ × ✓ ✓ ✓

[11] × ✓ × ✓ × ✓ ✓ ✓
[31] × ✓ × × × × × ×

Present work ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

3.1. Decision model of the HDET aggregator
The HDET-AGG formulates its scheduling problem to minimize

net operating expenditures, equivalently maximizing economic
return, through coordinated participation in the wholesale electricity
market, bilateral trading with the EIP, and retail electricity supply
to HDETs. This objective is defined in Eq. (1). In each operating
hour, the HDET-AGG may either sell electricity to or purchase
electricity from the EIP at a pre-agreed contract price, while
additional revenue is obtained from charging HDETs under a fixed
tariff.

minϕtmon−a

S∑
s=1

ρs
M∑

m=1

NHDET
HDET,µ,m{

T∑
t=1

πcon
t (pEIP−HDET−AGG

tsm −

pHDET−AGG−EIP
tsm )− πsps−HDET

tsm +

maxϕtmon−a

T∑
t=1

πw−a
t (pAG,b−g

tsm − pAG,s−g
tsm )}

(1)

Wholesale electricity price volatility is handled via a robust
optimization structure that enforces worst-case LMP realization
through the third term of Eq. (1). The HDET battery state of
charge evolves according to Eq. (2), with feasible limits imposed
by Eq. (3) and departure requirements enforced by Eq. (4).

Group exits the charging facility with a fully charged battery at
its designated departure time.

EHDET
tsm =

EHDET
t−1,sm + ηHDET

ch pch,HDET
tsm −

p
dch,HDET
tsm

ηHDET
dch

(2)

EminHDET,m ≤ EHDET,m
tsm ≤ EmaxHDET,m (3)

ps−HDET
tsm = EmaxHDET,m ∀t = DT (4)

Charging energy supplied to the depot is sourced from
electricity purchased from the wholesale market and from the EIP,
as formalized in Eq. (5). Stored energy can be discharged and
allocated to HDET users, exported to the wholesale market, or
transferred to the EIP, as described in Eq. (6). The initial energy
level of the charging facility is determined by the initial state of
charge of each arriving HDET group.

pch,HDET
tsm = pAG,b−g

tsm + pEIP−HDET−AGG
tsm (5)

pdch,HDET
tsm = ps−HDET

tsm +

pAG,s−g
tsm + pHDET−AGG−EIP

tsm

(6)

Operational limits on charging and discharging rates are defined
in Eqs. (7) and (8), respectively. A single HDET cannot be charged
and discharged within the same time interval [32]. Electricity
exchange between the HDET-AGG and the EIP takes place through
a dedicated tie-line. The capacity limits of this interconnection are
enforced in Eqs. (9) and (10), while Eqs. (11)-(13) ensures that
buying and selling actions do not occur simultaneously.

EHDET
tsm = EHDET

ini,sm ∀t = AT (7)

pminch,much,HDET
tsm ≤ pch,HDET

tsm ≤ pmaxch,much,HDET
tsm

∀t ∈ [AT −DT ]
(8)

pmindch,mudch,HDET
tsm ≤ pdch,HDET

tsm ≤ pmaxdch,mudch,HDET
tsm

∀t ∈ [AT −DT ]
(9)

uch,HDET
tsm + udch,HDET

tsm ≤ 1 ∀t ∈ [AT −DT ] (10)

pHDET−AGG−EIP
tsm ≤ LzHDET−AGG−EIP

tsm (11)

pEIP−HDET−AGG
tsm ≤ LmaxzEIP−HDET−AGG

tsm (12)

zHDET−AGG−EIP
tsm + zEIP−HDET−AGG

tsm ≤ 1 (13)

3.2. Operational representation of the EIP
The EIP is modeled as a cost-minimizing high-demand

energy consumer that procures electricity at the applicable
LMP, purchases natural gas, and engages in bilateral electricity
trading with the HDET-AGG. Its objective, defined in Eq.
(14), incorporates wholesale price uncertainty through a robust
optimization mechanism that captures adverse LMP realizations.

min
S∑

s=1

ρs{
T∑

t=1

πgas
t gts+

maxϕwsm−b

T∑
t=1

πwm−b
t (pEIP,b−g

ts − pEIP,s−g
ts )}

(14)

The internal electrical and thermal energy balances of the EIP
are defined in Eqs. (15) and (16). Natural gas inflow supplies both
the combined heat and power unit and the auxiliary boiler, as
stated in Eq. (17). Heat generation through the boiler is modeled
in Eq. (18), while the coupled production of electricity and heat
via the CHP unit is described in Eqs. (19) and (20) [33].
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pwm,l
ts + pCHP

ts + pdch,EIP
t +

M∑
m=1

NHDET,µ,mpHDET−AGG−EIP
tsm = EDt+

M∑
m=1

NHDET,µ,mpEIP−HDET−AGG
tsm + pEIP,s−g

ts

(15)

hb
ts + hCHP

ts = HDt (16)

gts = gCHP
ts + gbts (17)

hb
ts = ηbgbts (18)

pCHP
ts = ηCHP

e gCHP
ts (19)

hCHP
ts = ηCHP

h gCHP
ts (20)

Energy storage dynamics within the EIP are captured through
the EIP storage system balance in Eq. (21). Limits on the state
of charge, charging power, and discharging power are imposed
through Eqs. (22), (23), and (24). Mutual exclusivity between
charging and discharging modes is enforced by Eq. (25). Electricity
purchased from the wholesale market may either be stored in the
EIPSS or delivered directly to the load, as specified in Eq. (26).

EEIP
ts = EEIP

t−1,s + ηEIP
ch pST

ts −

pdch,EIP
ts /ηEIP

dch

(21)

EminEIP ≤ EEIP
ts ≤ EmaxEIP (22)

pST
ts ≤ pmaxch,EIP ach,EIP

ts (23)

pdch,EIP
ts ≤ pmaxdch,EIP adch,EIP

ts (24)

ach,EIP
ts + adch,EIP

ts ≤ 1 (25)

pEIP,b−g
ts = pST

ts + pwm,l
ts (26)

Electricity exchanged with the HDET-AGG is constrained by
the tie-line capacity limits in Eqs. (27) and (28). Simultaneous
electricity purchase and sale between the two entities is prevented
by Eq. (29).

pHDET−AGG−EIP
tsm ≤

Lmax,HDET−AGG−EIP
tsm vHDET−AGG−EIP

tsm

(27)

pEIP−HDET−AGG
tsm ≤

Lmax,EIP−HDET−AGG
tsm vEIP−HDET−AGG

tsm

(28)

vHDET−AGG−EIP
tsm + vEIP−HDET−AGG

tsm ≤ 1 (29)

The CHP unit is further characterized by its feasible operation
region, which captures the inherent coupling between electrical
and thermal outputs. This region defines a closed set of admissible
operating points. The mathematical constraints defining this region
are provided in Eqs. (30)-(34).

pCHP
ts − PA − PA − PB

QA −QB

(
hCHP
ts −QA

)
≤ 0 (30)

pCHP
ts − PB−

PB−PC

QB−QC

(
hCHP
ts −QB

)
≥ −(1− vCHP

ts )M
(31)

pCHP
ts − PC−

PC−PD

QC−QD

(
hCHP
ts −QC

)
≥ −(1− vCHP

ts )M
(32)

0 ≤ hCHP
ts ≤ HBvCHP

ts (33)

0 ≤ pCHP
ts ≤ PAvCHP

ts (34)

3.3. Robust modeling of wholesale electricity price uncer-
tainty
Wholesale electricity price uncertainty for both entities is

modeled through a robust optimization framework. The HDET-
AGG and the EIP interact with the wholesale market under LMP
A and LMP-EIP, respectively, with price deviations driven toward
adverse realizations. Eq. (35) maximizes LMP deviations from
expected values, which are incorporated into effective market
prices through Eq. (36).

maxϕπwm0a
t

T∑
t=1

πwm0a
t

(
pAG,b−g
tsm − pAG,s−g

tsm

)
,

∀t = 1, . . . , T

(35)

πwm0a
t = π̄wm0a

t + ϕa
t , ϕa

t ∈ ℜ, ∀t = 1, . . . , T. (36)

The deviation variable is permitted to take either positive or
negative values, and the aggregate magnitude of uncertainty is
restricted through the uncertainty budget constraints in Eqs. (37)
and (38). The presence of absolute value terms in Eqs. (37) and
(38) introduces nonlinearity into the formulation. The linearization
technique described in the Appendix B is applied to address this
issue.

|ϕa
t | ≤ ∆maxAG π̄wm0a

t , φa
t ≤ 0,

φa
t ≥ 0, ∀t = 1, . . . , T

(37)

T∑
t=1

|ϕa
t | ≤ Γa, σa

t ≥ 0, σa
t ∈ ℜ, ∀t = 1, . . . , T

Γa = Np∆maxAG

T∑
t=1

π̄wm0a
t

T
.

(38)

Subsequently, application of the duality theorem yields an
equivalent minimization form of the objective function in Eq. (39).
The associated dual constraints are presented in Eqs. (40)-(43).

min
T∑

t=1

 π̄wm0a
t ξat +∆maxAG π̄wm0a

t φ̄a
t−

∆maxAG π̄wm0a
t

a
t + Γa ω̄a

 (39)
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ξat ≥
S∑

s=1

ρs

M∑
m=1

NHDET,µ,m

(
pAG,b−g
tsm − pAG,s−g

tsm

)
(40)

−ξat + φ̄a
t +a

t +σa
t = 0 (41)

−σa
t + ω̄a ≥ 0 (42)

σa
t + ω̄a ≥ 0 (43)

A corresponding minimization formulation and constraint set
are derived for the EIP, identified as entity B, and are reported in
Eqs. (44)-(48).

min

T∑
t=1

 π̄wm0b
t ξbt +∆maxEH π̄wm0b

t φ̄b
t−

∆maxEH π̄wm0b
t

b
t + Γb ω̄b

 (44)

ξbt ≥
S∑

s=1

ρs
(
pEIP,b−g
ts − pEIP,s−g

ts

)
(45)

−ξbt + φ̄b
t +

b
t +σb

t = 0 (46)

−σb
t + ω̄b ≥ 0 (47)

σb
t + ω̄b ≥ 0. (48)

4. COMPUTATIONAL RESOLUTION APPROACH

4.1. ADMM-driven coordination mechanism
The alternating direction method of multipliers is used to

coordinate a small number of decentralized decision-makers under
limited information sharing. Following the canonical ADMM
formulation in [34], the coupled objectives are linked by an
equality constraint in Eq. (49). The augmented Lagrangian is
defined in Eq. (50), with independent primal updates in Eqs. (51)
and (52), and a dual update in Eq. (53).

min f(x) + g(z) ∀x ∈ X, z ∈ Z s.t.Ax+Bz = c (49)

min Lα(x, z, y) =

f(x) + g(z) + y⊤(Ax+Bz − c)+

α
2
∥Ax+Bz − c∥2, ∀x ∈ X, z ∈ Z

(50)

xk+1 = argmin
x

Lα

(
x, zk, yk

)
(51)

zk+1 = argmin
z

Lα

(
xk+1, z, yk

)
(52)

yk+1 =

yk + α
(
Axk+1 +Bzk+1 − c

)
, ∀x ∈ X, z ∈ Z

(53)

4.2. Distributed operating structure of the EIP and HDET
aggregator

Centralized coordination assumes a single authority, which is
impractical when the EIP and HDET charging infrastructure
are owned by separate stakeholders. In practice, privacy
and communication constraints limit information exchange to
boundary quantities only [35], necessitating decentralized solution
approaches. ADMM addresses this requirement by decomposing
separable large-scale optimization problems into cooperative local
sub-problems.

In the proposed framework, the EIP and the HDET-AGG
independently optimize their internal decisions, sharing only the
electricity exchanged through the tie-line in Fig. 1. ADMM
iteratively adjusts these exchanged quantities to reconcile bilateral
trade inconsistencies while preserving operational autonomy. The
resulting local sub-problems are defined below.

A) HDET aggregator sub-problem within the ADMM
scheme

The HDET-AGG engages with the wholesale electricity market
at LMP A, conducts bilateral electricity transactions with the
EIP, and supplies power to HDET users. Its local optimization
minimizes total operating cost while explicitly incorporating the
exchanged electricity with the EIP. Within the ADMM framework,
the HDET-AGG objective is reformulated accordingly. The term
representing wholesale market transactions is replaced by the
equivalent dual expression obtained in Eq. (39), yielding the
modified objective in Eq. (54). The resulting problem is solved
subject to constraints Eqs. (2)-(13) and Eqs. (40)-(43).

min
S∑

s=1

ρS

{
M∑

m=1

NHDET,µ,m

[
T∑

t=1

πcon
t

(
pEIP−HDET−AGG
tsm −

pHDET−AGG−EIP
tsm

)
− πs−HDET ps−HDET

tsm +

T∑
t=1

(
π̄wm0a
t ξat +∆maxAG π̄wm0a

t φ̄a
t −∆maxAG π̄wm0a

t φ̄a
t + Γaω̄a

)
+

M∑
m=1

[
γ1,k+1
tsm

(
pHDET−AGG−EIP
tsm − p̄HDET−AGG−EIP

tsm

)
+

γ2,k+1
tsm

(
pEIP−HDET−AGG
tsm − p̄EIP−HDET−AGG

tsm

)
+

α
2

∥∥pHDET−AGG−EIP
tsm − p̄HDET−AGG−EIP

tsm

∥∥2
+

α
2

∥∥pEIP−HDET−AGG
tsm − p̄EIP−HDET−AGG

tsm

∥∥2
]}

(54)

B) EIP sub-problem within the ADMM scheme

For the EIP, the augmented Lagrangian component is appended
to the original objective function defined in Eq. (14). As with
the HDET-AGG, the wholesale market trading cost is substituted
by its dual counterpart derived in Eq. (44). This leads to the
revised EIP objective expressed in Eq. (55). The EIP sub-problem
is solved under the constraints specified in Eqs. (15)-(34) and Eqs.
(45)-(48).
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min
S∑

s=1

ρs{
T∑

t=1

πgas
t gts+

T∑
t=1

(π̄wm0b
t ξbt +∆maxEIP π̄wm0b

t φ̄b
t −∆maxEIP π̄wm0b

t φb

t
+ Γbω̄b)

+
M∑

m=1

[γ1,k+1
tsm

(
pHDET−AGG−EIP
tsm − p̄HDET−AGG−EIP

tsm

)
+

γ2,k+1
tsm

(
pEIP−HDET−AGG
tsm − p̄EIP−HDET−AGG

tsm

)
+

α
2

∥∥pHDET−AGG−EIP
tsm − p̄HDET−AGG−EIP

tsm

∥∥2
+

α
2

∥∥pEIP−HDET−AGG
tsm − p̄EIP−HDET−AGG

tsm

∥∥2
]}

(55)

C) Iterative decentralized coordination procedure
Given the two local optimization problems, the ADMM-based

coordination proceeds through a fixed sequence of steps. First,
the exchanged electricity variables associated with the EIP, the
iteration index, and the dual variable are initialized to zero.
Next, the HDET-AGG sub-problem in Eq. (54) is solved. The
EIP sub-problem in Eq. (55) is then addressed. Following these
updates, the dual variable, corresponding to the Lagrange multiplier
of the exchanged electricity constraint, is updated using Eq. (56).
Convergence is subsequently assessed using the criteria defined in
Eqs. (57) and (58). Satisfaction of these conditions terminates the
process; otherwise, the algorithm returns to the second step and
continues iterating.

The overall sequence of the decentralized coordination is
illustrated in Fig. 2, where the robust optimization layer and the
ADMM-based iterative process are shown as distinct components.

∣∣∣∣∣∣
γ1,k+1
tsm = γ1,k

tsm + α
(
pHDET−AGG−EIP
tsm − p̄HDET−AGG−EIP

tsm

)
γ2,k+1
tsm = γ2,k

tsm + α
(
pEIP−HDET−AGG
tsm − p̄EIP−HDET−AGG

tsm

)
(56)

DiffHDET−AGG−EIP =

S∑
s=1

ρs
M∑

m=1

NHDET,µ,m

T∑
t=1

∣∣pHDET−AGG−EIP
tsm (k)− pHDET−AGG−EIP

tsm (k + 1)
∣∣

(57)

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

DiffEIP−HDET−AGG =

S∑
s=1

ρs
M∑

m=1

NHDET,µ,m

T∑
t=1

∣∣pEIP−HDET−AGG
tsm (k)−

pEIP−HDET−AGG
tsm (k + 1)

∣∣
Diff (k) =

max
(
|DiffHDET−AGG−EIP |, |DiffEIP−HDET−AGG|

)
≤ ε
(58)

5. RESULTS AND DISCUSSION

Numerical simulations are conducted using the structure depicted
in Fig. 1 to assess the proposed framework. The decentralized
scheduling of the HDET-AGG and the EIP is formulated through
a hybrid DRO–SP approach over a 24 h operating horizon. Input
data are drawn from well-established sources to ensure realistic
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Fig 2. Iterative decentralized coordination framework based on ADMM and robust optimization. 

 Fig. 2. Iterative decentralized coordination framework based on ADMM
and robust optimization.

operating conditions. Fleet behavior, particularly connection and
disconnection timing at the charging facility together with the
initial battery state of HDETs, exerts a strong influence on
scheduling outcomes. For this reason, uncertainty associated with
HDET behavior is explicitly represented through a stochastic
programming layer.

The reduced scenario set adopted from [36] is summarized in
Table 2. Scenarios are generated using a Gaussian-based sampling
method. The earliest connection is assumed at time step 5 of
the daily horizon, while the latest disconnection occurs at time
step 22. For simplicity, each HDET is considered to remain
connected to the charging infrastructure throughout its stay. The
main technical characteristics of the five representative HDET
categories examined in this study are reported in Table 3 [36].
The total fleet size is fixed at 2000 HDET. Nevertheless, the
number of connected HDETs varies over time and depends on
scenario-specific arrival and departure patterns [37]. As these
patterns differ across scenarios, the connected fleet size evolves
dynamically during the day.

The electricity tariff offered to HDET operators is assumed
constant at 30.10 EUR/MWh [37]. Wholesale market price signals
illustrated in Fig. 3-(a) are taken from [38] and treated as expected
values within the robust optimization framework. During the early
and late portions of the daily horizon, corresponding to time
steps 1–7 and 19–24, the locational marginal price at the HDET
aggregator node (LMP-HDET) exceeds the locational marginal
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price at the EIP node (LMP-EIP). Accordingly, the bilateral
electricity trading price between the two entities is set equal to the
average of LMP-HDET and LMP-EIP.

Electricity and thermal demand profiles of the EIP are shown
in Fig. 3-(b). Given that gas price fluctuations within a single-day
horizon are negligible, the gas price is assumed constant at 18.92
EUR/MWh [39]. The boiler capacity is selected to match the peak
thermal demand, while the feasible operation region parameters
of the CHP unit are adopted from [40]. Additional characteristics
of the case study are provided in Appendix A. The resulting
mixed-integer quadratic conic programming formulation is solved
using the CBC solver implemented in Python.
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Scenario 

ID 
Scenario description 

Initial battery 

state of HDETs 

Arrival time 

(AT) (hour) 

Departure time 

(DT) (hour) 

S8 Afternoon arrival, heterogeneous charge 0.34 14 22 

S9 Evening arrival with high reserve 0.71 16 23 

S10 Night arrival, constrained parking duration 0.29 18 24 

 

Table 3. Operational and battery characteristics of representative HDET classes 

Attribute 
HDET class 

1 

HDET class 

2 

HDET class 

3 

HDET class 

4 

HDET class 

5 

Nominal charging–discharging power limit 

(kW) 
18.0 kW 16.8 kW 21.0 kW 12.0 kW 13.2 kW 

Maximum usable battery capacity (kWh) 108 kWh 96 kWh 44 kWh 42 kWh 27 kWh 

Share of trucks in the aggregated fleet 0.22 0.18 0.16 0.26 0.18 

 

 
(a) Hourly wholesale electricity prices for HDET-AGG and EIP. 

 
(b) Electricity and thermal demand of the eco-industrial park. 

Fig. 3. Market prices and EIP demand profiles. 

 

This section presents an additional numerical examination of the hybrid DRO–SP framework, 

with emphasis on the interaction between robust pricing signals and decentralized operational 

decisions. Fig. 4(a) contrasts the nominal and worst-case locational marginal prices. At the node 

Fig. 3. Market prices and EIP demand profiles.
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associated with the HDET aggregator, denoted as LMP-HDET, the robust price profile remains 

flat during the initial and terminal portions of the daily horizon, specifically across slots 1–6 and 

22–24. This outcome is a direct consequence of fleet availability constraints. No HDETs are 

connected to the charging infrastructure before slot 5, and no departures are scheduled beyond slot 

22. 

The temporal discretization of the model introduces a subtle but relevant effect. Although trucks 

connect to the system immediately upon arrival, their charging power is reflected only in the 

following hourly interval. As a result, vehicles arriving during slot 5 contribute to charging 

decisions from slot 6 onward. Outside the boundary intervals, LMP-HDET exhibits an upward 

shift under the robust setting, with the sole exception occurring at slot 18. As indicated in Fig. 4(b), 

this slot corresponds to the only period in which the aggregator exports electricity to the wholesale 

market. In all remaining slots, the aggregator acts as a net importer. The robust formulation 

therefore amplifies prices during purchase periods and depresses them during sales, capturing the 

adverse realization of market uncertainty. 

 

 
(a). Expected and robust LMPs at HDET-AGG and EIP nodes. 

 
(b). Electricity trading of the HDET aggregator with the wholesale market. 

Fig. 4. Robust price signals and market transactions. 

 

The robust price trajectory at the EIP node, labeled LMP-EIP, follows a different pattern. As 

shown in Fig. 4(a), LMP-EIP generally increases toward unfavorable values because the EIP 

Fig. 4. Robust price signals and market transactions.

This section presents an additional numerical examination of
the hybrid DRO–SP framework, with emphasis on the interaction
between robust pricing signals and decentralized operational

decisions. Fig. 4-(a) contrasts the nominal and worst-case
locational marginal prices. At the node associated with the
HDET aggregator, denoted as LMP-HDET, the robust price profile
remains flat during the initial and terminal portions of the daily
horizon, specifically across slots 1–6 and 22–24. This outcome is
a direct consequence of fleet availability constraints. No HDETs
are connected to the charging infrastructure before slot 5, and no
departures are scheduled beyond slot 22.

The temporal discretization of the model introduces a subtle but
relevant effect. Although trucks connect to the system immediately
upon arrival, their charging power is reflected only in the following
hourly interval. As a result, vehicles arriving during slot 5
contribute to charging decisions from slot 6 onward. Outside the
boundary intervals, LMP-HDET exhibits an upward shift under
the robust setting, with the sole exception occurring at slot 18. As
indicated in Fig. 4-(b), this slot corresponds to the only period in
which the aggregator exports electricity to the wholesale market.
In all remaining slots, the aggregator acts as a net importer.
The robust formulation therefore amplifies prices during purchase
periods and depresses them during sales, capturing the adverse
realization of market uncertainty.

The robust price trajectory at the EIP node, labeled LMP-EIP,
follows a different pattern. As shown in Fig. 4-(a), LMP-EIP
generally increases toward unfavorable values because the EIP
predominantly procures electricity from the wholesale market and
rarely exports power, consistent with the exchange pattern reported
in Fig. 5-(a). This behavior is further clarified by Fig. 5-(b), which
shows that during slots 8–15 the EIP requires external electricity
to satisfy its internal load. Conversely, electricity is exported to
the HDET-AGG during slots 6, 7, 18, 20, and 22, when the
aggregator’s offered price exceeds the prevailing wholesale level.

The departure constraint imposed by Eq. (4) obliges the
HDET-AGG to deliver fully charged batteries at the time of vehicle
exit. This requirement is validated in Fig. 5-(c), where energy
delivery to HDET owners is concentrated in the departure window
spanning slots 17–22.

The aggregate charging and discharging behavior of the truck
batteries is depicted in Fig. 6-(a). Most discharging aligns with
vehicle departures, while additional discharge occurs during slots
8–16 when electricity is transferred to the EIP. Charging events
coincide with periods in which power is imported either from the
EIP or directly from the wholesale market.

Operation of the EIP storage system is illustrated in Fig. 6-(b).
The storage unit absorbs electricity during low-price intervals of
LMP-EIP and releases energy during high-price periods, indicating
economically driven arbitrage.

Table 4 examines the response of the proposed framework to
different sizes of the LMP uncertainty budget, expressed as the
number of hourly periods exposed to price deviations over the
daily horizon. When uncertainty is absent, the system operates
under fully deterministic prices. As the share of uncertain hours
expands to cover the entire day, clear economic shifts emerge.
The aggregator’s profit decreases by approximately 41% across the
examined range, while the total operating cost of the EIP increases
by about 9%.

This opposite movement reflects the conservative adjustment
of effective electricity prices as more hours are protected against
unfavorable realizations. With a larger uncertainty budget, the
optimization anticipates higher purchase prices and lower selling
prices during a greater portion of the day. As a result, the
aggregator experiences a progressive erosion of margins, whereas
the EIP faces higher procurement expenses due to increased
reliance on costly wholesale electricity.

Despite these changes, the model remains feasible for all
uncertainty levels considered. This indicates structural robustness
under increasingly adverse price assumptions. The reason is
straightforward. The formulation is designed to hedge against the
worst admissible price outcomes. If the system can operate when
prices are maximally unfavorable, it will necessarily remain viable
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Table 2. Scenario-based characterization of HDET arrival, departure, and initial battery conditions.

Scenario ID Scenario description Initial battery state of HDETs Arrival time (AT) (h) Departure time (DT) (h)

S1 Early-morning depot entry with low initial charge 0.25 5 21
S2 Early arrival with moderate initial charge 0.38 6 20
S3 Morning arrival with partially charged fleet 0.47 7 19
S4 Standard working-day arrival pattern 0.52 8 18
S5 Late-morning arrival with high initial charge 0.65 9 18
S6 Midday arrival with moderate reserve 0.41 11 19
S7 Afternoon arrival with low reserve state 0.22 13 22
S8 Afternoon arrival with heterogeneous charge levels 0.34 14 22
S9 Evening arrival with high reserve 0.71 16 23
S10 Night arrival with constrained parking duration 0.29 18 24

Table 3. Operational and battery characteristics of representative HDET classes.

Attribute HDET class 1 HDET class 2 HDET class 3 HDET class 4 HDET class 5

Nominal charging–discharging power limit (kW) 18.0 16.8 21.0 12.0 13.2
Maximum usable battery capacity (kWh) 108 96 44 42 27

Share of trucks in the aggregated fleet 0.22 0.18 0.16 0.26 0.18
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predominantly procures electricity from the wholesale market and rarely exports power, consistent 

with the exchange pattern reported in Fig. 5(a). This behavior is further clarified by Fig. 5(b), 

which shows that during slots 8–15 the EIP requires external electricity to satisfy its internal load. 

Conversely, electricity is exported to the HDET-AGG during slots 6, 7, 18, 20, and 22, when the 

aggregator’s offered price exceeds the prevailing wholesale level. 

The departure constraint imposed by Eq. (4) obliges the HDET-AGG to deliver fully charged 

batteries at the time of vehicle exit. This requirement is validated in Fig. 5(c), where energy 

delivery to HDET owners is concentrated in the departure window spanning slots 17–22. 

 

 

(a). EIP–wholesale market trading. 

 
(b). Electricity exchange between entities. 

 
(c). Electricity supplied to HDETs. 

Fig. 5. Electricity exchange profiles.

under any less severe realization. From an economic perspective,
this mirrors rational market behavior, where buyers plan for high
prices and sellers prepare for low ones.

Overall, the sensitivity analysis demonstrates that enlarging the
LMP uncertainty budget leads to predictable percentage shifts in
costs and profits, without compromising solvability. The results
confirm that the proposed approach can accommodate substantial
price uncertainty while maintaining consistent operational decisions.

To enhance reproducibility and clarify parameter selection,
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Fig. 5. Electricity exchange profiles. 

 

The aggregate charging and discharging behavior of the truck batteries is depicted in Fig. 6(a). 

Most discharging aligns with vehicle departures, while additional discharge occurs during slots 8–

16 when electricity is transferred to the EIP. Charging events coincide with periods in which power 

is imported either from the EIP or directly from the wholesale market. 

Operation of the EIP storage system is illustrated in Fig. 6(b). The storage unit absorbs electricity 

during low-price intervals of LMP-EIP and releases energy during high-price periods, indicating 

economically driven arbitrage.  

 

 
(a). Aggregated HDET battery operation. 

  
(b). EIP storage charging and discharging. 

Fig. 6. Batteries charging and discharging profiles. 

 

 

Table 5 examines the response of the proposed framework to different sizes of the LMP 

uncertainty budget, expressed as the number of hourly periods exposed to price deviations over 

the daily horizon. When uncertainty is absent, the system operates under fully deterministic prices. 

As the share of uncertain hours expands to cover the entire day, clear economic shifts emerge. The 

Fig. 6. Batteries charging and discharging profiles.

Table 4. Sensitivity of system economics to LMP uncertainty budget.

Metric \ Uncertainty budget level 0 6 12 18 24

Aggregator net profit (EUR) 13,125 10,441 7,886 7,785 7,729
EIP total operating cost (EUR) 97,753 101,701 103,983 106,640 106,912

additional sensitivity analysis is conducted on three key parameters:
the LMP uncertainty budget (Γ), the ADMM penalty parameter
(α), and the convergence tolerance (ε). The baseline configuration
follows (Γ = 12 h, α = 1, ε = 0.001). Table 5 reports the resulting
economic and convergence indicators.

Table 5 confirms that economic results are primarily sensitive to
the uncertainty budget Γ, while ADMM parameters mainly affect
convergence behavior. Reducing Γ from 12 to 6 hours increases
aggregator profit from 7,886 EUR to 10,441 EUR and lowers
EIP cost from 103,983 EUR to 101,701 EUR, reflecting reduced
conservatism. Increasing Γ to 18 hours decreases profit to 7,785
EUR and raises EIP cost to 106,640 EUR, consistent with stronger
worst-case price protection.

Variations in the ADMM penalty parameter α do not alter
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Table 5. Sensitivity of economic outcomes and convergence to key parameters.

Case Γ (h) α ε Aggregator net profit (EUR) EIP operating cost (EUR) Iterations to convergence

Base 12 1.0 0.001 7,886 103,983 128
A1 6 1.0 0.001 10,441 101,701 124
A2 18 1.0 0.001 7,785 106,640 132
B1 12 0.5 0.001 7,886 103,983 176
B2 12 2.0 0.001 7,886 103,983 109
C1 12 1.0 0.0005 7,886 103,983 141
C2 12 1.0 0.0001 7,886 103,983 188

Table 6. Scalability assessment under expanded fleet size, extended horizon, and multiple aggregators.

Case Fleet size (HDETs) Horizon (h) Number of aggregators Scenarios (S) ADMM iterations Total solve time (s)

Base 2000 24 1 10 130 180
F1 4000 24 1 10 134 355
F2 6000 24 1 10 138 525
H1 2000 48 1 10 142 365
H2 2000 72 1 10 153 560
A1 2000 (1000+1000) 24 2 10 156 265
A2 2000 (700+650+650) 24 3 10 171 345
AH1 4000 (2000+2000) 48 2 10 188 780

economic outcomes, as expected from the decomposition structure;
however, convergence speed improves when α increases from 0.5
to 2.0. Similarly, tighter convergence tolerances increase iteration
counts without affecting optimal values, indicating numerical
stability of the decentralized scheme.

Overall, the framework exhibits economic sensitivity to
uncertainty-budget calibration, while remaining robust and
reproducible with respect to algorithmic parameters.

Table 6 evaluates scalability with respect to fleet size, scheduling
horizon, and number of aggregators. Increasing fleet size from
2000 to 4000 and 6000 vehicles increases total solve time from
180 s to 355 s and 525 s, respectively, while ADMM iterations
rise modestly from 130 to 134 and 138. This indicates that
computational growth is primarily driven by expansion of local
decision variables, whereas coordination complexity remains stable.

Extending the horizon from 24 h to 48 h and 72 h increases
solve time to 365 s and 560 s, with iteration counts of 142 and
153. The increase is proportional to the number of time-indexed
variables, yet convergence behavior remains stable. Introducing
multiple aggregators increases coordination requirements. With two
aggregators, iterations increase to 156 and solve time to 265 s.
With three aggregators, iterations reach 171 and solve time 345
s. In the combined large-scale case (4000 vehicles, 48 h, two
aggregators), iterations reach 188 and solve time 780s.

These results show near-linear growth in computational time
with fleet size and horizon length, while iteration counts increase
moderately with additional aggregators. The ADMM structure
preserves convergence stability without centralized reformulation,
supporting scalability to larger industrial–mobility systems.

REMARK 1
From a practical standpoint, the observed profit reduction

for the aggregator and cost increase for the eco-industrial park
under higher uncertainty budgets should be interpreted as risk
management outcomes rather than structural disadvantages. In
real-world electricity markets characterized by volatile wholesale
prices, decision-makers rarely pursue purely profit-maximizing
schedules without accounting for downside exposure. The results
indicate that incorporating a bounded uncertainty budget enables
both actors to internalize price risk in a controlled manner.
For industrial operators and mobility service providers, this
suggests that coordinated scheduling with embedded hedging
mechanisms can support financially stable operation even when

market conditions deteriorate. The framework therefore provides
a structured decision-support tool for balancing expected returns
against exposure to extreme price events.

REMARK 2
At the policy and market design level, the findings highlight the

importance of preserving incentive compatibility in decentralized
coordination schemes. Since both the aggregator and the eco-
industrial park maintain positive economic outcomes across tested
uncertainty levels, participation remains individually rational.
This property is critical for real-world adoption, where entities
operate under independent ownership and cannot be compelled to
cooperate. The results suggest that regulators and market operators
aiming to facilitate energy–mobility integration should prioritize
mechanisms that allow bilateral contracting with embedded risk
hedging, rather than imposing centralized optimization structures.
Transparent risk allocation and voluntary participation are essential
conditions for scalable deployment in competitive electricity
markets.

6. CONCLUSION
This work addressed the coordination problem between a

HDET aggregator and an EIP under simultaneous operational
decentralization and electricity price uncertainty. The central
challenge lay in enabling economically efficient interaction
between independently owned entities while accounting for volatile
locational marginal prices and stochastic fleet behavior, without
violating privacy or scalability constraints. To resolve this, the study
developed a decentralized coordination framework that integrates a
hybrid distributionally robust and stochastic optimization structure
with an ADMM-based solution mechanism, allowing each entity
to optimize locally while remaining resilient to adverse market
conditions.

The numerical results demonstrate that the proposed framework
achieves consistent and economically meaningful outcomes across
all examined scenarios. Under the hybrid DRO–SP formulation,
coordinated scheduling successfully aligned charging, discharging,
storage operation, and bilateral electricity exchange with wholesale
price signals. Compared to deterministic pricing assumptions,
robust price modeling induced conservative but stable decisions,
shifting charging and storage actions toward periods with lower
exposure to unfavorable price realizations. Sensitivity analysis
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revealed that expanding the electricity price uncertainty budget
over the full daily horizon reduced the aggregator’s net profit by
approximately 41%, while increasing the EIP’s operating cost by
about 9%. These changes occurred smoothly, without feasibility
loss, confirming that the optimization structure remains well-posed
even under worst-case price deviations.

The results are fully consistent with the study’s objectives
of decentralized coordination, data privacy preservation, and
robustness to market uncertainty. The ADMM-based scheme
converged reliably, with residuals and economic indicators
stabilizing after a finite number of iterations, confirming the
feasibility of the distributed solution. The coupling between robust
price signals and physical constraints, including fleet departure
requirements and storage limits, produced realistic operating
patterns across the electricity and gas subsystems. These outcomes
are directly relevant to the operation of electrified freight facilities
within industrial energy systems, where decision-making must
remain resilient to adverse price conditions.

From a methodological standpoint, the study advances
decentralized energy management by combining robust price
modeling with stochastic fleet behavior, beyond conventional
centralized or single-uncertainty formulations. The analysis is
limited to a single-day horizon and fixed gas prices.

The present analysis is subject to several structural limitations.
First, the scheduling horizon is restricted to a single day, which
does not capture inter-day storage carryover effects or longer-term
adaptive bidding behavior. Second, natural gas prices are assumed
fixed, thereby excluding potential fuel price volatility and its
interaction with electricity market dynamics. Third, the formulation
abstracts from detailed transmission and distribution network
constraints, including line congestion and voltage limitations, and
instead focuses on energy balance and bilateral exchange at
the interconnection point. As a result, spatial network impacts
and congestion-induced price feedbacks are not represented.
These modeling choices simplify tractability and highlight the
coordination mechanism, yet they constrain the generalization
of results to multi-period, fuel-volatile, and network-constrained
environments.

Future work will extend the framework to multi-day scheduling,
dynamic fuel price uncertainty, and coordination among multiple
aggregators and interconnected industrial parks.
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APPENDIX A: LINEAR REFORMULATION OF THE
ABSOLUTE-VALUE TERM

The optimization problem associated with deviations in
locational marginal prices exhibits nonlinearity due to the
inclusion of an absolute-value term. To restore linear tractability
without altering the underlying mathematical structure, this term is
reformulated through an exact linear transformation. The approach
relies on introducing auxiliary variables that split the deviation
into its nonnegative components, together with a set of linear
constraints that enforce equivalence with the original formulation.
In this way, the nonlinear behavior is fully captured while
preserving compatibility with linear and mixed-integer solvers.
The reformulated relations governing the price deviation are
summarized in Eqs. (A.1)-(A.5).

πworst,a
t = π̄exp,a

t + ϕπ−a
t (A.1)

ϕπ−a
t ≤ ∆maxAG π̄exp,a

t (A.2)

ϕπ−a
t ≥ −∆maxAG π̄exp,a

t (A.3)

ϕπ−a
t − ϕ+,π−a

t + ϕ−,π−a
t = 0 (A.4)

T∑
t=1

(
ϕ+,π−a
t + ϕ−,π−a

t

)
≤ Γp (A.5)
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Table B.1. Key technical and algorithmic settings of the case study.

Parameter Description Assigned Value Unit

HDET charging efficiency 0.92 –
HDET discharging efficiency 0.91 –

EIP storage charging efficiency 0.90 –
EIP storage discharging efficiency 0.89 –

Boiler thermal efficiency 0.86 –
CHP electrical efficiency 0.42 –
CHP thermal efficiency 0.47 –
Price uncertainty budget 12 –

ADMM convergence tolerance 0.001 –
Interconnection line capacity 55 MW

EIP storage maximum charging power 32 MWh
EIP storage maximum discharging power 32 MWh

APPENDIX B: INPUT PARAMETERS (TABLE B.1)
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