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Abstract—Integrated Energy Service Stations (IESSs) have
become the mainstream solution for electric heavy-duty truck
(EHDT) operations, enabling rapid battery swapping and large-
scale fleet electrification. However, the rising high-power swap-
ping demand poses new challenges to distribution network
security and coordinated logistics planning. To address these
issues, this paper proposes a coupled traffic–power optimization
framework that embeds distribution-network constraints and dy-
namic electricity prices into a vehicle routing problem with time
windows (VRPTW). The model jointly optimizes routing, battery
swapping, and grid interaction to balance logistics efficiency
and grid reliability. Case studies on a 100-node road network
coupled with an IEEE 118-bus distribution system show that
the proposed method reduces total operating cost by 24.8%,
increases task fulfillment by 12.3%, and shortens total service
time by 8.6% compared with the benchmark, while the time-
cost component decreases by 18.6%. These results show that
integrated traffic–power scheduling improves fleet efficiency and
grid stability.

Index Terms—Integrated Energy Service Station (IESS), Elec-
tric heavy-duty truck (EHDT), VRPTW, Battery swapping
scheduling, Distribution network security

NOMENCLATURE

Abbreviations:
EHDT Electric Heavy-Duty Truck
IESS Integrated Energy Service Station
VRPTW Vehicle Routing Problem with Time Windows
Sets:
K Set of vehicles
C Set of customers
S Set of swapping stations
D Set of depots
L Set of nodes, L = C ∪ S ∪D
V Set of virtual routes/trips (index v)
T Set of time slots
B Set of distribution-network buses
t Time index
Decision variables:
xv,i,j,k,t Vehicle k uses arc i→j (trip v) at t.
yn,k,t Vehicle k serves node n at t.
ss,k,t Vehicle k swaps at station s at t.
SOCn,k,t SOC of vehicle k at node n and time t.
SOCdep

i,k,t Departure SOC from node i at t.
Wn,k,t Load of vehicle k at node n and time t.

Parameters:
dij Distance between nodes i and j.
tij Travel time between nodes i and j.
Qk Battery capacity of vehicle k.
ν0 Base energy consumption rate.
νw Weight-dependent energy coefficient.
M Big-M constant.
cb,t, cs,t Electricity buying/selling price at time t.
Pij,t Active power flow on line (i, j).
Qij,t Reactive power flow on line (i, j).
Smax
ij Thermal capacity of line (i, j).

Vi,t Voltage magnitude at bus i.
V min/V max Voltage lower and upper bounds.

I. INTRODUCTION

Transportation electrification is expanding from port and
mining operations to urban and inter-city heavy-duty logistics.
As EHDT fleets grow, charging and swapping facilities are
being rapidly deployed along transport corridors and logistics
hubs. This expansion raises two challenges: on the transport
side, fast charging causes high time and economic costs due to
long dwell and queuing; on the power side, large-scale high-
power connections strain distribution-network security (volt-
age, thermal, and transformer limits). To address these issues,
Integrated Energy Service Stations (IESSs) have emerged as
grid-interactive swapping hubs that integrate local renewables,
provide faster service through on-site battery inventory, and
act as flexible grid resources for peak shaving and ancillary
services.

Recent research has increasingly focused on integrating
routing, task scheduling, and energy decisions into unified
models for HDT fleets. [1] proposed a scalable joint rout-
ing–charging (JRC) scheduling framework using surrogate
Lagrangian relaxation. [2] and [3] addressed heterogeneous
charging technologies and uncertain energy consumption via
branch–price–and–cut and robust optimization, respectively.
Distributed and data-driven coordination models were studied
in [4], [5], [6], highlighting scalability in large and dynamic
fleet systems. Further, [7] incorporated platooning and driver
assignment into highway network routing, while [8], [9] ex-
plored solar pavement-enabled power networks and quantum-
enhanced scheduling methods. [10] and [11] extended the
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problem to consider driver behavioral differences and life-
cycle emissions, enriching the scope of multi-objective fleet
optimization.

Parallel efforts have advanced the planning, operation, and
grid integration of high-capacity battery swapping hubs. [12],
[13] developed integrated models to compare fast charging and
battery swapping and to jointly optimize siting, sizing, and
operation of highway swapping stations. Real-time schedul-
ing and flexibility for grid support were addressed in [14],
[15], emphasizing microgrid coupling and hybrid control. [16]
further explored photovoltaic-enabled highways and the role
of mobile energy storage in charging–swapping coordination.
Additionally, [17], [18] proposed bi-objective and metaheuris-
tic strategies to enhance routing and assignment under shared
infrastructure constraints. The integration of multi-task, multi-
trip vehicle scheduling in industrial settings was also explored
by [19], demonstrating the relevance of these models beyond
conventional logistics.

However, three gaps remain for inter-city EHDT operations
with IESSs. (1) The task-driven nature of EHDT routing and
cargo scheduling (pickup/delivery quantities and time win-
dows) remains unintegrated with station queuing and spare-
pack turnover, so the endogenous impact on fleet cost and
time efficiency is not captured within a unified loop. (2)
Under large-scale IESS interconnections, the coupling be-
tween distribution-network security limits (voltage, thermal,
and transformer constraints) and station power–time decisions
is rarely modeled; distribution-level OPF seldom provides
time-varying feasible envelopes and marginal prices for secure,
value-revealing scheduling. (3) The coordinated use of local
renewables and inventory batteries as flexible grid resources is
largely absent; a unified framework is needed to leverage them
for peak shaving, congestion relief, and frequency regulation
under uncertainty.

Figure 1 illustrates the overall technical roadmap of the
proposed work, highlighting the interaction between traffic and
distribution layers within the IESS framework. The rest of this
paper is organized as follows. Section II presents the modeling
framework, Section III describes the optimization method,
Section IV provides case studies, and Section V concludes
the paper.

II. COUPLED TRAFFIC–POWER SYSTEM FRAMEWORK

We consider a task-driven EHDT operation that starts from
a depot, serves customer tasks within time windows, and
returns to the depot. Vehicle routing and task timing on the
transportation side determine time-varying swapping demands
at IESSs. Each IESS is connected to a distribution-network
bus and behaves as a high-power, bidirectional, grid-interactive
node. Routing and task scheduling induce time–space swap-
ping power at IESS buses, while network security constraints
and marginal price signals feed back to routing and swapping
decisions.
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Fig. 1. Technical roadmap of the coupled traffic–power framework.
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Fig. 2. Dual-network schematic. Routing determines swapping demand at
IESS nodes; the grid provides feasible limits and price signals.

A. Objective function

The unified multi-objective optimization problem is defined
as

minZ =
∑
t∈T

(
wLCL,t + wECE,t + wGCG,t

)
, (1)

where wL, wE , and wG are the relative weights of logistics,
energy service, and grid interaction costs, respectively, with
wL + wE + wG = 1.

B. Cost decomposition

1) Logistics cost CL,t:

CL,t =
∑
v∈V

∑
i,j∈L

∑
k∈K

cd dij xv,i,j,k,t

+ cw ∆t+
∑
v∈V

∑
n∈C

∑
k∈K

cp max
(
0, av,n,k − Tn

)
,

(2)
where cd is the unit travel cost, dij is the distance between
nodes i and j, xv,i,j,k,t is the routing decision, cw is the driver
wage rate, ∆t is the service interval, cp is the tardiness penalty
coefficient, av,n,k is the service time of vehicle v at node n,
and Tn is the deadline.
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2) Energy service cost CE,t:

CE,t =
∑
s∈S

cb,t P
+
s,t −

∑
s∈S

cs,t P
−
s,t

+
∑
s∈S

∑
k∈K

Cdeg,skt,
(3)

where cb,t and cs,t are electricity purchase and selling prices
at time t, P+

s,t is grid power purchased, P−
s,t is grid power

injected, and Cdeg,skt is the degradation cost for a swap of
vehicle k at station s in slot t.

3) Grid interaction cost CG,t:

CG,t = c∗d max
(∑

s∈S

P+
s,t, 0

)
+ cv

∑
j∈B

[
max(0, V min − Vj,t) + max(0, Vj,t − V max)

]
.

(4)
where c∗d is the demand charge coefficient,

∑
s P

+
s,t is the

net power imported, cv is the voltage penalty coefficient, Vj,t

is the bus voltage magnitude, and [Vmin, Vmax] are the lower
and upper voltage limits.

The objective in (1) combines (2)–(4) into a unified cri-
terion. The feasible region includes (i) traffic-layer rout-
ing/task/SOC dynamics and (ii) IESS–grid energy balance and
security constraints (Section III).

III. INTEGRATED VRPTW–IESS FORMULATION

Building on the coupled traffic–power system framework
in Section II, this section develops the integrated formulation
of VRPTW and IESS operation. The model captures both the
task-driven logistics constraints and the grid-aware station con-
straints, providing the feasible region for the multi-objective
optimization.

A. VRPTW-based logistics formulation

Vehicles start from depots, serve customer tasks within
time windows, and return to depots. The following constraints
govern initial conditions, state propagation, node operations,
and return.

1) Initial conditions:

Adk = Ddk = 0, (d ∈ D, k ∈ K),

SOCdk = SOC0
k , (d ∈ D, k ∈ K),

Wdk = W 0, (d ∈ D, k ∈ K),

(5)

where Adk, Ddk are arrival and departure times at depot d,
SOC0

k the initial SOC of vehicle k, and W 0 the empty weight.
2) State propagation:

ev,i,j,k,t = (ν0 + νwWi,k,t) dij , (6)

Aj,k,t ≥ Di,k,t + tij −M (1− xv,i,j,k,t),

SOCj,k,t ≤ SOCdep
i,k,t − ev,i,j,k,t +M (1− xv,i,j,k,t),

SOCj,k,t ≥ SOCdep
i,k,t − ev,i,j,k,t −M (1− xv,i,j,k,t),

Wj,k,t ≤ Wi,k,t − wj yn,k,t +M (1− xv,i,j,k,t),

Wj,k,t ≥ Wi,k,t − wj yn,k,t −M (1− xv,i,j,k,t),

(7)

where ev,i,j,k,t is the load-dependent energy consumption of
virtual trip v for vehicle k moving from i to j at time t, tij
is the travel time, and M is a sufficiently large constant.∑

v∈V

∑
i∈L

∑
j∈L

xv,i,j,k,t ≤ 1, ∀k ∈ K, t ∈ T, (8)

which ensures that each vehicle k can traverse at most one arc
in any time slot t.

3) Node operations and time windows:

Dn,k,t ≥ An,k,t + T svc
n −M (1− yn,k,t),

Ds,k,t ≥ As,k,t + T swp
s ss,k,t −M (1− ys,k,t),

ss,k,t ≤ ys,k,t,

δn,k,t ≥ An,k,t − Tn, δn,k,t ≥ 0,

ηn,k,t ≥ SOC − SOCn,k,t, ηn,k,t ≥ 0,

(9)

where T svc
n is customer service time, T swp

s swap duration,
δn,k,t tardiness slack, and ηn,k,t SOC slack.∑

k∈K

∑
v∈V

∑
i∈L

∑
t∈T

xv,i,n,k,t ≤ 1, ∀n ∈ C, (10)

∑
v∈V

∑
i∈L

∑
t∈T

xv,i,n,k,t = yn,k,t, ∀n ∈ C, k ∈ K, (11)

which ensure that each customer is served at most once and
link routing with service decisions.

4) Swapping and return:

SOCdep
i,k,t = SOCi,k,t +

∑
s∈S

ss,k,t (Qk − SOCi,k,t), (12)

pswap
s,t =

Epack

∆t

∑
k∈K

ss,k,t, ∀s ∈ S, t ∈ T, (13)

τk ≥ Di,k,t + tid −M (1− xv,i,d,k,t),

∀d ∈ D, i ∈ L, k ∈ K, t ∈ T,
(14)

where SOCdep
i,k,t is departure SOC, ss,k,t is the swapping

decision at station s, Qk is the battery capacity, Epack is the
pack energy, and τk is the return time of vehicle k.

B. IESS and power-system formulation

Each IESS is mapped to a distribution-network bus, where
its demand from VRPTW operations interacts with local
BESS, PV generation, and grid constraints. The following
equations specify station energy balance and network security.

1) Station energy balance and BESS dynamics:

pg,st + ppvst + pdisst = pswap
s,t + pEV

st + pchst + pauxst , (15)

Es,t = Es,t−1 +
(
ηch pchs,t −

1

ηdis
pdiss,t

)
∆t, (16)

where pg,st is grid purchase, ppvst PV generation, pchst , p
dis
st

BESS charge/discharge power, Es,t BESS energy, pEV
st other

EV demand, and pauxst auxiliary load.
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TABLE I
MAIN SIMULATION PARAMETERS

Param. Setting Param. Setting
Depots 2 Truck battery pack 282 kWh
Swap stations 10 Spare packs / station 8 packs
Customers 50 Swap duration 15 min
Trucks 10 EHDTs

2) Bus mapping and nodal power balance:

P load
b,t = P base

b,t +
∑

s:m(s)=b

pg,st, (17)

P gen
i,t − P load

i,t +
∑
k∈Ωi

Pik,t = 0, (18)

where m(s) = b maps station s to bus b, P base
b,t is base load,

P gen
i,t generation at bus i, P load

i,t total load, and Ωi the neighbor
set of bus i.

3) Voltage and thermal constraints:

Vj,t = Vi,t − 2(rijPij,t + xijQij,t), (19)

V min ≤ Vi,t ≤ V max, P 2
ij,t +Q2

ij,t ≤ (Smax
ij )2, (20)

where (rij , xij) are line parameters, Vi,t bus voltage, and Smax
ij

line rating.
By combining these VRPTW and IESS–grid constraints, the

integrated formulation bridges logistics operations and power-
system security, ensuring feasibility of the unified optimization
problem.

IV. CASE STUDY

The case study is conducted on the coupled test system
summarized in Table I, consisting of a 100-node road network
connected to the IEEE 118-bus distribution system. Each IESS
is mapped to a distribution-network bus. Off-vehicle spare
battery packs serve as controllable energy buffers for swapping
operations. Electricity prices and baseline loads are treated as
exogenous inputs to the optimization layer. All simulations are
implemented in Python 3.10 and solved using GUROBI, with a
termination criterion of global optimality or a 10−3 MIP gap.

A. Logistics Optimization Analysis

Figure 3 shows the optimized routing of the EHDT fleet
on the transportation network. The coupled traffic–power op-
timization achieves 8.6% shorter total service time and 12.3%
higher task fulfillment than the benchmark. Concretely, the
duration-based total service time decreases by 8.6%, whereas
the time-cost component (Table II) decreases by 18.6%. Routes
are hub-oriented around high-centrality IESS nodes, enabling
swaps with minimal detours and forming stable, low-overlap
corridors. These results demonstrate improved delivery effi-
ciency and coordinated fleet organization.

Figure 4 depicts a representative vehicle’s SOC, payload,
and unit-energy profile. The SOC remains stable within
bounds, and the vehicle completes its loop on schedule,
confirming that the integrated model effectively synchronizes
routing and energy management.

Fig. 3. Optimized vehicle routing solution on the test road network. The figure
shows depots, customer nodes, swapping stations, and the computed routes of
each vehicle. Vehicles depart from depots, serve assigned customers, utilize
IESS nodes for battery swapping when required, and return to their depots.

Fig. 4. Representative EHDT delivery cycle showing SOC, payload, and unit
energy evolution.

B. Economic Operation Analysis

Table II presents the cost breakdown of the proposed and
benchmark models. The total operating cost decreases from
8.27×103 to 6.22×103 (–24.8%), driven by more compact
routing and reduced waiting at IESS nodes. Swap cost falls
from 1.51×103 to 0.72×103, and grid purchases drop from
1.94×103 to 0.85×103, showing effective alignment with low-
price periods. Despite a slight decline in grid selling revenue,
overall expenditure remains lower. These results indicate that
traffic–power co-optimization alleviates temporal and spatial
inefficiencies in fleet operation. Unlike the benchmark, where
four vehicles violated the minimum SOC limit, all vehicles
in the proposed model maintained feasible SOC, confirming
enhanced energy planning and operational security.

C. Grid Security Analysis

Table III compares the grid-side performance of the base
and proposed models. The base case shows a mean voltage
offset of 0.0190 p.u. and a maximum deviation of 0.111 p.u.,
exceeding the secure range (0.95–1.05 p.u.) and resulting in
seven voltage violations. These fluctuations stem from unco-
ordinated charging and frequent swapping that create repeated
voltage perturbations. Under the proposed coupled optimiza-

979-8-3315-8138-1



Fig. 5. Daily Operation and Energy Flow Dynamics of the IESSs

TABLE II
COMPARISON OF LOGISTICS AND ENERGY-RELATED COSTS BETWEEN

MODELS

Model Vehicle
base

Time
cost

Swap
cost

Grid
buy Total

Proposed 1800 4773.85 720.00 847.20 6221.39
Benchmark 1800 5862.45 1505.36 1941.09 8270.69

tion, the mean voltage offset rises slightly to 0.0309 p.u., but
the maximum deviation decreases to 0.047 p.u., and no voltage
violations occur. The load satisfaction rate improves markedly
from 68.99% to 97.33%, indicating smoother nodal voltage
profiles and better grid–station coordination.

V. CONCLUSION

We proposed a coupled traffic–power optimization frame-
work for EHDT–IESS operations. By embedding distribution-
network constraints and time-varying electricity prices into
a VRPTW model, the framework co-optimizes routing, bat-
tery swapping, and grid interaction to achieve both logistics
efficiency and grid security. On a 100-node road network
coupled with the IEEE 118-bus system, the method reduces
total operating cost by 24.8%, increases task fulfillment by
12.3%, and eliminates voltage violations. These results in-
dicate that synchronized traffic–power scheduling improves
voltage stability, reduces power-exchange fluctuations, and
enhances overall grid reliability. Future work will incorporate
stochastic traffic demand and price uncertainties via multi-
period chance-constrained and distributionally robust formula-
tions, and validate scalability and reproducibility on real road–
distribution network data.
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