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Abstract: The growing popularity of renewable energy and hydrogen-powered vehicles (HVs) will
facilitate the coordinated optimization of energy and transportation systems for economic and
environmental benefits. However, little research attention has been paid to dynamic hydrogen pricing
and its impact on the optimal performance of energy and transportation systems. To reduce the
dependency on centralized controllers and protect information privacy, a time-decoupling layered
optimization strategy is put forward to realize the low-carbon and economic operation of energy
and transportation systems under dynamic hydrogen pricing. First, a dynamic hydrogen pricing
mechanism was formulated on the basis of the share of renewable power in the energy supply and
introduced into the optimization of distributed energy stations (DESs), which will promote hydrogen
production using renewable power and minimize the DES construction and operation cost. On the
basis of the dynamic hydrogen price optimized by DESs and the traffic conditions on roads, the raised
user-centric routing optimization method can select a minimum cost route for HVs to purchase fuels
from a DES with low-cost and/or low-carbon hydrogen. Finally, the effectiveness of the proposed
optimization strategy was verified by simulations.

Keywords: layered optimization; renewable energy; hydrogen-powered vehicle; dynamic hydrogen
pricing; routing optimization

1. Introduction

The energy and environmental crisis will promote the development of green trans-
portation [1–3]. As low-carbon energy, green hydrogen can be used for decarbonization in
long-distance transportation, especially in heavy trucks [4,5]. Therefore, the production of
green hydrogen by water electrolysis using renewable energy, including photovoltaics and
wind power, has been intensively studied [6,7].

Generally, green hydrogen production is relevant to the system planning and operation
of energy stations based on renewable energy. Through reasonable capacity configuration and
economical operation, energy stations can minimize construction and operating costs [8–10].
Among these, the reasonable formulation of hydrogen prices could increase the profit of
energy stations and promote the production of hydrogen by electrolysis using renewable
power, but they are scarcely investigated at present. In addition, pricing signals can be used
to guide HVs to a DES with low-cost and/or low-carbon hydrogen aiming to satisfy the
predefined quality of services, such as cost minimization and emission reduction [11–14].

At present, the routing optimization of electric vehicles can provide a reference for
HVs [15,16]. Considering energy efficiency and charging price, an optimization model for
EV fleet routing and charging was proposed in [17] to build a high-efficiency dynamic

Energies 2022, 15, 5382. https://doi.org/10.3390/en15155382 https://www.mdpi.com/journal/energies

https://doi.org/10.3390/en15155382
https://doi.org/10.3390/en15155382
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0003-3779-9525
https://orcid.org/0000-0002-2750-946X
https://orcid.org/0000-0002-1147-1647
https://orcid.org/0000-0001-6567-0265
https://doi.org/10.3390/en15155382
https://www.mdpi.com/journal/energies
https://www.mdpi.com/article/10.3390/en15155382?type=check_update&version=2


Energies 2022, 15, 5382 2 of 18

transit system. Concerning battery electric range, a two-stage method to compute time-
optimal routes for electric vehicles was proposed in [18], in which an adapted Moore–
Bellman–Ford algorithm was used to solve the multi-objective shortest path problem. The
charging price and trip time between different stations were considered in [19], and the
joint problem of minimizing the average trip time and charging cost was formulated as
a dual-objective convex optimization problem to realize routing optimization. The above
study on routing optimization of electric vehicles (similar to HVs) can be divided into two
categories: the user-centric routing optimization for a single vehicle and the system-centric
routing optimization for multiple vehicles [20,21]. From the perspective of system-centric
optimization, there are two issues. One is the dependence on a centralized controller and
the information privacy of different users. On the other hand, a challenging problem is
how to make multiple users follow the guidance of centralized controllers. This is more
challenging because it involves the uncertain selfish behavior of users.

Considering the interaction between transportation and power networks, Zhang
et al. [22] determined the site, size, and hourly operation of hydrogen refueling stations
on the basis of simplified traffic flow models on a highway network. To reduce emissions
in power and transportation systems, a coordinated planning strategy was presented
in [23] to achieve the location planning of hydrogen refueling stations and optimize the
penetration ratio of internal combustion vehicles, electric vehicles, and fuel cell vehicles.
In [24], the aggregation of fast charging stations and electric vehicles was modeled as
a leader–follower game and formulated as a bi-level optimization problem to increase
benefits and provide regulation reserves for power systems. To reduce operation costs,
a bilevel iteration optimization method was proposed in [25] to solve the coordinated
optimization of hydrogen energy schedule and EV charging location selection. However,
the existing joint optimization between power and transportation systems has not involved
the dynamic hydrogen pricing mechanism used for DES optimization and the routing
optimization of HVs [26–28].

To reduce the dependence on a centralized controller and protect information privacy,
a time-decoupling layered optimization strategy under dynamic hydrogen pricing is pre-
sented to coordinate the optimization of DESs and HVs [29,30]. The main contributions are
summarized as follows:

(1) Layered optimization of energy and transportation systems: confronted with the
increasing penetration of renewable energy and HVs, a time-decoupling layered
optimization strategy is proposed to realize the low-carbon economic operation of
energy and transportation systems.

(2) DES planning and operation optimization based on dynamic hydrogen pricing. A
novel dynamic hydrogen pricing mechanism is proposed and incorporated into
the optimization of DES planning and operation, which will promote hydrogen
production using renewable power and minimize the DES operation cost.

(3) User-centric routing optimization of HVs. On the basis of the dynamic hydrogen price
optimized by the DES and the traffic condition on roads, the proposed user-centric
routing optimization method can select a minimum cost route (MCR) for HVs to
purchase fuels from a DES with low-cost and/or low-carbon hydrogen.

The rest is organized as follows. Section 2 introduces the proposed optimization
strategy of energy and transportation systems. In Sections 3 and 4, the optimization of DES
planning and operation based on dynamic hydrogen pricing and the user-centric routing
optimization of HVs are described, respectively. Following that, the simulation results
presented in Section 5 demonstrate the effectiveness of the proposed optimization strategy.
Finally, Section 6 concludes this paper.
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2. Time-Decoupling Layered Optimization Strategy

According to the different time scales of optimization objectives, the original opti-
mization problem of energy and transportation systems can be decoupled into the two
sub-problems shown in Figure 1, which are the optimization of DES planning and oper-
ation with a long time scale (year/day-level) and the user-centric routing optimization
of HVs in real-time. In order to unify the time scale of DES planning and operation, the
annual construction cost can be converted into the daily construction cost by the capital
recovery factor. In addition to being influenced by the hourly changing hydrogen trading
information, the user-centric routing optimization is also affected by the real-time traffic
information (at the second level or minute level).

The uncertainty of renewable energy and load demands (including HVs) influences
the safe and reliable operation of the system, which should be taken into account in the op-
timization strategy. To avoid the conservative solution obtained by robust optimization and
the dependence on probability distributions of other methods, such as chance-constrained
programming, uncertainties are processed through a data-driven stochastic model based
on the scenarios in this paper, which can be built according to the clustering of historical
data by the k-means algorithm [23,31].

Following that, the optimization of DES planning and operation under dynamic
hydrogen pricing aims to minimize the total cost and promote hydrogen production using
renewable power. On the basis of the dynamic hydrogen price optimized by DES and the
traffic condition on roads, the HV as a user can select the MCR to purchase fuels from a
DES with low-cost and/or low-carbon hydrogen.
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3. Energy Layer: Optimization of DES Planning and Operation
3.1. System Structure of DES

In addition to meeting a small quantity of electric/thermal/cooling load demands,
the DES proposed in this paper mainly provides fuels for HVs, which can be viewed as a
regionally integrated energy system, as shown in Figure 2. In this condition, the network
constraints related to long-distance transmission can be ignored according to the model of
a single energy hub [32,33].
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3.2. Optimization Model

1. Objective Function

The objective function of the optimization of DES planning and operation in the
energy layer was formulated to minimize the total cost f , including construction cost fcon,
operation and maintenance cost fope, environmental cost fenv, and transaction cost ftra, as
shown in (1):

min f = fcon + fope + fenv+ ftra (1)

• The construction cost fcon is represented by (2)–(4):

fcon = Rk ∑
k∈Ωk

βcon
k Ck, k ∈ Ωk

Ωk = {EB, EC, Ele, ES, TS, HS}
(2)

Ck = ∑
k∈Ωk

Nk

∑
i=1

Ii
kCi

k (3)

Rk =
r(1 + r)yk

(1 + r)yk − 1
(4)

where Ωk is the set of candidate device k; βcon
k is the unit construction cost of candidate device

k, (RMB/kWh); Ck is the installation capacity of candidate device k; Rk is the capital recovery
factor of candidate device k; Ci

k is installation capacity class i of candidate device k; Ii
k is the

0/1 state variable of installation capacity class i for candidate device k, in which 0 indicates
that the class i capacity of candidate device k is not selected, and 1 indicates that the class
i capacity is selected; Nk is the total number of the installation capacity class for candidate
device k; r is the annual interest rate; and yk is the service life of candidate device k.

• The operation and maintenance cost fope is shown in (5):

fope = ∑
t=1

∑
k∈Ωk

β
ope
k Pk(t) (5)

where t is the index of scheduling time; β
ope
k is the unit operation cost of candidate device k,

(RMB/kW); and Pk(t) is the output power of candidate device k at time t.

• The environmental cost fenv can be calculated by (6):

To reduce the influence on the environment, the carbon emission cost of purchasing
electricity from the utility grid should be considered.

fenv = ∑
t=1

γαPeb(t) (6)

where γ is the carbon tax, (RMB/103 kg); α is the carbon emission intensity of purchasing
electricity, (kg/kWh); and Peb(t) is the purchased electricity from the utility grid at time t.
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• The transaction cost ftra is described in (7):

The transaction cost includes the electricity purchase cost feb, the electricity sale
revenue fes, and the hydrogen sale profit fh.

ftra = feb − fes − fh
= ∑

t=1
[βb(t)Peb(t)− βs(t)Pes(t)− βh(t)PHL(t)] (7)

where βb(t), βs(t), and βh(t) are the electricity purchase price, electricity sale price, and
hydrogen sale price, respectively; Pes(t) is sale electricity power at time t; and PHL(t) is sale
hydrogen power, which is equal to the hydrogen demand of HVs in the traffic layer.

It should be noted that the dynamic hydrogen pricing mechanism was designed to
correlate with the proportion of renewable power in the energy supply, as shown in (8)–(10).
In addition, the hydrogen price is limited by the hydrogen price margin in the market,
which cannot increase arbitrarily to pursue higher profits, as shown in (28) [8].

βh(t) = βmin
h + βh,adj(t) (8)

βh,adj(t) =ah(
PEle,in(t)

PRe(t)
)

2

+ bh(
PEle,in(t)

PRe(t)
) + ch (9)

PRe(t) = PWT(t) + PPV(t) (10)

where βmin
h is the minimum hydrogen sale price, (RMB/kWh); βh,adj(t) is the slack variable

of the hydrogen sale price at time t, (RMB/kWh); ah, bh, and ch are the coefficients of
the slack variable function for the hydrogen sale price; PEle,in(t) is the input power of Els
at time t; PRe(t) is the total power of renewable energy at time t; PPV(t)/PWT(t) is the
generation power of PV/WT at time t. The slack variable shown in (9) is set to be varied
with the proportion of renewable energy in the energy supply in order to promote hydrogen
production using renewable energy.

2. Equipment Constraints

• Electric boiler (EB):

PEB(t) = ηEBPEB,in(t) (11)

µmin
EB CEB ≤ PEB(t) ≤ µmax

EB CEB (12)

where PEB,in(t) is the input power of EB at time t; ηEB is the conversion efficiency of EB;
and µmin

EB and µmax
EB are the minimum and maximum power factors of EB, respectively.

• Electric cooling (EC):

PEC(t) = λECPEC,in(t) (13)

µmin
EC CEC ≤ PEC(t) ≤ µmax

EC CEC (14)

where PEC,in(t) is the input power of EC at time t; λEC is the performance coefficient of EC;
µmin

EC and µmax
EC are the minimum and maximum power factors of EC, respectively.

• Electrolysis (Ele):

PEle(t) = λEle(t)PEle,in(t) (15)

λEle(t) = aEle(
PEle,in(t)

Prat
Ele

)
2

+ bEle(
PEle,in(t)

Prat
Ele

) + cEle (16)
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µmin
Ele CEle ≤ PEle(t) ≤ µmax

Ele CEle (17)

where PEle,in(t) is the input power of Ele at time t; λEle(t) is the conversion efficiency of Ele
at time t; aEle, bEle, and cEle are the coefficients of the conversion efficiency function for Ele;
Prat

Ele is the rated power of Ele; and µmin
Ele and µmax

Ele are the minimum and maximum power
factors of Ele, respectively.

• Storage equipment (including electrical (EES)/thermal (TES)/hydrogen (HES) energy
storage corresponding to d = 4, 5, and 6):

µmin
k,capCk ≤ Ck(t) ≤ µmax

k,capCk, k ∈ Ωk

Ωk = {EB, EC, Ele, ES, TS, HS}
(18)

Ck(t) = (1− ζk)Ck(t− 1) + ηk,cPk,c(t)− Pk,d(t)/ηk,d (19)

µmin
k,c Ck ≤ Pk,c(t) ≤ µmax

k,c Ck (20)

µmin
k,d Ck ≤ Pk,d(t) ≤ µmax

k,d Ck (21)

Pk,d(t)Pk,c(t) = 0 (22)

Ck(1) = Ck(T) (23)

where Ck(t) is the capacity of storage device k at time t; µmin
k,cap and µmax

k,cap are the minimum
and maximum capacity factors of storage device k, respectively; ζk is the self-loss coefficient
of storage device k; ηk,c and ηk,d are the charging and discharging efficiencies of storage
device k, respectively; Pk,c(t) and Pk,d(t) are the charging and discharging powers of storage
device k at time t, respectively; µmin

k,c and µmax
k,c are the minimum and maximum charging

power factors of storage device k, respectively; and µmin
k,d and µmax

k,d are the minimum and
maximum discharging power factors of storage device k, respectively.

3. System Constraints of DES

• Equipment selection:

In order to select the installation capacity class i for candidate device k, the constraint
shown in (24) should be satisfied.

Ni
∑

i=1
Ii
k = 1, k ∈ Ωk

Ωk = {EB, EC, Ele, ES, TS, HS}
(24)

Note that renewable energy generation equipment of WT and PV is regarded as
indispensable equipment for DESs.

• Transaction power with the utility grid:

0 ≤ Peb(t) ≤ Pmax
eb (25)

0 ≤ Pes(t) ≤ Pmax
es (26)

Peb(t)Pes(t) = 0 (27)

where Pmax
eb and Pmax

es are the maximum purchase and sale of electricity, respectively.
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• Hydrogen sale price:

0 ≤ βh(t) ≤ βmax
h (28)

• Power balance (including electricity, heat, cooling, and hydrogen balance):

Peb(t)− Pes(t) + PWT(t) + PPV(t) + PES,d(t)
= PEB,in(t) + PEC,in(t) + PEle,in(t) + PEL(t) + PES,c(t)

(29)

PEB(t) + PTS,d(t) = PTL(t) + PTS,c(t) (30)

PEC(t) = PCL(t) (31)

PEle(t) + PHS,d(t) = PHL(t) + PHS,c(t) (32)

where PEL(t), PTL(t), and PCL(t) are the electrical load, thermal load, and cooling load at
time t, respectively.

4. Traffic Layer: User-Centric Path Optimization of HVs

After the optimization of DES planning and operation, according to the shared infor-
mation of hydrogen transactions and traffic conditions on roads, the HV, as a user, can
select the MCR to purchase fuels by the raised user-centric routing optimization method
based on graph theory.

4.1. Graph Model of Traffic Roads

Since renewable energy and HVs are decentralized, the DESs, which are the same as
hydrogen fuel stations, are usually located at road junctions, and there are road connections
between multiple DESs, as shown in Figure 3. The model of traffic roads is described as
the graph G = {V, E} with weight and direction. Specifically, the road junction consti-
tutes the node set V = {1, 2, · · ·, a, b, · · ·}, and the road segment constitutes the edge set
E = {(1, 2), · · ·, (a, b), · · ·}. Furthermore, the edge weight f(a,b) indicates the transportation
cost of HVs on road (a, b), and the edge direction indicates the traffic direction of roads. As a
note, some road junctions may be the origin/destination of HVs and the location of DESs. If
the road junction is the location of DES d, the node weights βd and Fd represent the hydrogen
sale price and volume of DES d. Once the transaction information of the DES changes, it is
broadcasted to the HVs.
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4.2. Routing Optimization

In graph model G of traffic roads, the total number of nodes is expressed as NG. At
time t after DES optimization, the DES becomes a seller d (d ∈ NG) of hydrogen to HVs.
They send their transaction information (hydrogen sale price βd = βh(t) and hydrogen
sale volume Fd = PHL(t)∆t) to the HVs, and then the HV, as a user, makes a response to the
selected DES according to the results of routing optimization.

1. Selection of MCR

The objective of user-centric routing optimization is the selection of the MCR for HV
on the basis of the shared information of hydrogen transaction and traffic conditions, which
is expressed to minimize the hydrogen refueling cost fR:i→d of HVs to purchase fuels from
origin i to destination d, including the transportation cost ∑

(a,b)∈R
w(a,b) f(a,b) incurred during

the route R : i→ d and the transaction cost ∑
d∈R

wd fi−d between HV i and DES d, as shown

in (33):
min fR:i→d = ∑

(a,b)∈R
w(a,b) f(a,b) + ∑

d∈R
wd fi−d (33)

f(a,b) = β0(L(a,b)/v(a,b)) (34)

v(a,b) = vfre
(a,b)(1− ρ(a,b)/ρ

jam
(a,b)) (35)

fi−d = βdFi (36)

where w(a,b) and wd are non-negative weight coefficients, which influence the optimal selection
of road (a, b) and DES d. A large w(a,b) indicates that road (a, b) is more prone to traffic
congestion and vice versa. A large wd indicates that DES d is more prone to refueling
congestion and vice versa. β0 is the transportation cost per unit time; L(a,b) is the distance of
road (a, b); v(a,b) is the velocity of HV i on road (a, b); vfre

(a,b) is the zero flow velocity on road

(a, b), ρ(a,b) is the traffic density on road (a, b), ρ
jam
(a,b) is the jamming density on road (a, b),

approximately 143 veh/h [26]; and Fi indicates the hydrogen purchase volume of HV i.

2. Transaction Constraints

Equations (37) and (38) indicate that the hydrogen purchase volume of HV Fi should
not exceed the hydrogen sale volume of DES Fd, and the remaining hydrogen of DES needs
to be updated.

Fi ≤ Fd (37)

Fd = Fd − Fi (38)

3. Traffic Constraints

For HV i, the selected DES d should satisfy the requirement of minimum remaining
mileage SLmin

i , and the remaining mileage SLi of HV i needs to be updated according to
the distance of route LR:i→d.

SLmin
i ≤ SLi (39)

SLi = SLi − LR:i→d (40)

The traffic density on road (a, b) should not exceed the jamming density, which
represents the road capacity.

ρ(a,b) ≤ ρ
jam
(a,b) (41)

The velocity of HVs on road (a, b) should not exceed the zero-flow velocity.

v(a,b) ≤ vfre
(a,b) (42)



Energies 2022, 15, 5382 9 of 18

The time spent on the MCR for HV i is limited by the update time of the dynamic
hydrogen price:

∑
(a,b)∈R

L(a,b)/v(a,b) ≤ RTi (43)

where RTi represents the remaining time from HV i current routing optimization to the
next hour.

5. Simulation Results and Analysis

Corresponding to the time-decoupling layered optimization strategy shown in
Figure 1, the decoupled optimization problems of the energy and transportation system
under dynamic hydrogen pricing were solved in two stages on a computer with an Intel
Core i7 3.60 GHz CPU and 16 GB of RAM. As a subproblem, the routing optimization of
the HVs was solved by the proposed user-centric routing optimization method based on
shortest path algorithms, as shown in Figure 4.
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5.1. Energy Layer: Optimization of DES Planning and Operation

As a representative of the DES shown in Figure 2, DES 0, with the following parameters,
was designed and taken as a simulation case to analyze.

1. Basic Data

According to the historical data at the annual level, the district is classified into
s heating season (120 cumulative days), s cooling season (100 cumulative days), and s
transition season (145 cumulative days) considering the seasonal variation and typical
diurnal variation. Figure 5 provides the renewable energy power and load demands on
a typical day in the above three seasons for DES 0 in the district [34]. In addition, the
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time-of-use electricity price is shown in Figure 6 [35], and the basic parameters of candidate
conversion/storage equipment are shown in Tables 1 and 2 [36].
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Table 1. Parameters of candidate conversion equipment in DES 0.

Conversion
Equipment Class Capacity (kW) Unit Construction

Cost (RMB/kW)
Unit Operation
Cost (RMB/kW)

Conversion
Coefficient Life (Year)

Electric cooling EC1 100 800 0.008 3 20
EC2 500 800 0.008 3 20

Electrolysis
Ele1 1000 12,000 0.16 / 10
Ele2 2000 12,000 0.16 / 10
Ele3 3000 12,000 0.16 / 10

Electric boiler
EB1 500 1000 0.02 3 10
EB2 1000 1000 0.02 3 10
EB3 1500 1000 0.02 3 10

Table 2. Parameters of candidate storage equipment in DES 0.

Storage Equipment Class Capacity (kW) Unit Construction
Cost (RMB/kW)

Unit Operation
Cost (RMB/kW) Self-Loss Coefficient Charging/Discharging

Efficiency

Electricity ES1 1000 1700 0.0018 0.001 0.95
ES2 2000 1700 0.0018 0.001 0.95

Heat
TS1 300 190 0.0016 0.01 0.85
TS2 1000 190 0.0016 0.01 0.85

Hydrogen HS1 500 1800 0.01 0.01 0.85
HS2 1000 1800 0.01 0.01 0.85

2. Optimal Results

System Planning: In general, a too-large capacity configuration causes resource waste,
while a small-capacity configuration reduces the system’s safety and reliability. According
to the data on renewable energy generation and load demands on a typical day in each
of the three seasons, the equipment selection and capacity configuration were solved
reasonably, as shown in Figure 7. Consequently, the goal of minimizing system construction
and operation cost was achieved successfully, which will increase the system’s operation
flexibility and economy.
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Figure 7. Equipment selection and capacity configuration of DES 0.

• Operation Optimization in DES 0:

As an example, the optimal operation on a typical day in the transition season was
selected to analyze in detail. Figure 8 shows the optimization results of energy conversion
and storage equipment. It can be inferred from the figures that the power balance of
electricity, heat, cooling, and hydrogen in the DES was achieved. From the quantitative
perspective, because DES 0 mainly provides fuels for HVs, the load demands of electricity,
heat, and cooling were relatively small.
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• Dynamic Hydrogen Pricing:

As shown in Figure 9 and Table 3, the dynamic hydrogen pricing of DES 0 was
achieved and mainly varied with the proportion of renewable power.
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From 1:00 to 6:00 and 18:00 to 24:00 (Figure 9), the PV power was basically zero, and
the total power of renewable energy was small. In order to satisfy the hydrogen load
demands, DES 0 purchased electricity from the utility grid with a relatively low electricity
sale price to produce hydrogen by water electrolysis. Therefore, the hydrogen sale price
during those time slots was relatively high. From 10:00 to 16:00, with an increase in the
PV power, the total power of renewable energy became larger. Most of the electricity
consumed by electrolysis for hydrogen production was supplied by renewable energy, so
the hydrogen sale price during this period was relatively low. Furthermore, the surplus
electricity generated by renewable energy was sold to the utility grid at a relatively high
electricity sale price for a certain profit, as shown in Figure 6.

The simulation results proved that the dynamic hydrogen pricing was mainly related
to the proportion of renewable power in the energy supply. When the proportion of renew-
able power in the energy supply increased, the hydrogen sale price decreased. Conversely,
when the proportion of renewable power in the energy supply decreased, the hydrogen
sale price increased, as shown in Figure 9.

• Comparison with Fixed Hydrogen Price:

According to the cost details of the two scenarios shown in Table 4, a better optimiza-
tion performance of the proposed strategy on DES total cost and carbon emissions was
obtained. Specifically, the total cost in scenario 2 was negative, and the absolute value was
larger, which means it had more system benefits. The environmental cost in scenario 2 was
lower, which means it had fewer carbon emissions.

Table 4. Cost details of different scenarios.

Cost (RMB)
Case Scenario 1 Scenario 2

Construction cos t fcon 15,642 15,642
Operation and maintenance cos t fope 5925 5912

Environmental cos t fenv 501 496
Electricity purchase cos t feb 18,708 18,158
Electricity sale revenue fes −9192 −8448

Hydrogen sale profit fh −50,508 −56,166

Total −18,925 −24,406
Scenario 1: fixed hydrogen price; scenario 2: proposed dynamic hydrogen price; negative costs represent benefits.

5.2. Traffic Layer: User-Centric Routing Optimization of HVs

1. Basic Data

On the basis of the optimal results of the energy layer, the hydrogen sale price and
volume of DES 0 at 5:00 and 24:00 on a typical day in the transition season can be obtained
from Table 3 and is listed in Table 5 (converted to the corresponding mass units). In
addition, the transaction information on other DESs and HVs is provided in Table 5 in order
to analyze the routing optimization of HVs. Furthermore, Table 6 provides the parameters
of the traffic roads shown in Figure 3, which are simplified from the actual road [23].

2. Optimal Results

The optimal results of user-centric routing optimization for HVs are shown in Table 7,
including the selected DES, the MCR, and hydrogen refueling costs. Specifically, the optimal
route and the DES were selected by jointly considering the transportation cost (TPC) and
transaction cost (TAC). The transportation cost is related to the traffic conditions (including
the direction, distance, zero flow velocity, and maximum vehicle flow) on the roads. The
transaction cost is mainly influenced by the hydrogen sale price and volume.
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Table 5. Hydrogen transaction information of HVs and DESs.

Time Price (RMB/kg) Volume (kg)

5:00

HV 33 / 6.5

DES 0 30.3034 85
DES 2 29.9277 80

DES 14 30.3034 85
DES 18 30.3018 75

24:00

HV 26 / 5

DES 0 28.6984 64
DES 1 27.6075 63

DES 11 25.8060 60

Table 6. Parameters of traffic roads (0–36 nodes).

Line Distance (km) Zero Flow Velocity (km/h) Line Distance (km) Zero Flow Velocity (km/h)

(0,1) 7.9 70 (16,17) 1.0 50
(0,11) 7.7 70 (16,36) 3.9 50
(0,12) 4.1 70 (17,18) 3.1 50
(1,2) 12.3 70 (17,19) 7.6 50

(1,13) 3.3 70 (18,19) 4.9 50
(2,3) 4.3 70 (19,20) 0.8 50

(2,15) 2.3 70 (20,21) 1.9 50
(3,4) 1.1 70 (20,36) 3.6 50

(3,16) 2.5 70 (21,22) 2.2 50
(4,5) 4.9 70 (21,31) 3.3 40

(4,17) 2.8 70 (21,34) 1.7 40
(5,6) 8.6 70 (22,23) 4.7 50

(5,18) 4.8 70 (22,31) 1.4 40
(6,7) 5.9 70 (23,24) 2.0 50

(6,18) 4.7 70 (23,28) 1.5 50
(7,8) 4.1 70 (24,25) 2.1 50

(7,19) 5.8 70 (24,28) 2.0 50
(8,9) 7.7 70 (25,27) 2.5 50

(8,22) 5.8 70 (26,27) 1.4 50
(9,10) 5.4 70 (26,29) 3.8 50
(9,23) 4.9 70 (27,28) 2.8 50
(10,11) 1.6 70 (27,30) 3.9 50
(10,24) 2.8 70 (28,31) 3.9 50
(11,25) 2.8 70 (29,30) 2.5 40
(12,13) 4.5 50 (29,32) 2.8 40
(12,25) 4.4 50 (30,31) 2.1 40
(12,26) 1.9 50 (30,33) 3.0 40
(13,14) 1.5 50 (31,34) 1.5 40
(13,29) 1.7 50 (32,33) 2.2 40
(14,15) 7.8 50 (32,35) 2.1 40
(14,32) 2.4 50 (33,34) 1.7 40
(15,16) 4.3 50 (34,36) 2.4 40
(15,35) 1.5 50 (35,36) 4.0 50
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• Influence of the Road Direction:

The vehicle flows of all roads shown in Figure 3 are zero at 5:00, assuming that all
roads are two-way in scenario 1, whereas in scenario 2, all roads are two-way except for
road (32,14).

As shown in Table 5, to satisfy the fuel demands of HV 33 at 5:00, the candidate
energy stations were DES 0, 2, 14, and 18. During this period, the transaction costs of the
candidate DESs were relatively close, so the selection of MCR mainly depended on the
transportation cost.

According to the total cost including transportation cost and transaction cost shown
in Table 7, the MCR of HV 33 was 33→32→14 in scenario 1, and the energy station selected
to purchase fuels was DES 14. In scenario 2, because road (32,14) was impassable, the MCR
of HV 33 changed to 33→32→35→15→2 instead of 33→32→14 in scenario 1. It can be
concluded that the direction of roads not only affects the selection of MCR but may also
influence the selection of candidate DESs.

Table 7. Optimal results of HV routing optimization.

Scenario HV i DES d Minimum-Cost Route TPC (RMB) TAC (RMB) Total Cost (RMB)

5:00

1 33

0 33→30→27→26→12→0 41.64 196.97 238.61
2 33→32→35→15→2 25.55 194.53 220.08

14 33→32→14 15.45 196.97 212.42
18 33→34→21→20→19→18 35.55 196.96 232.51

2 33

0 33→30→27→26→12→0 41.64 196.97 238.61
2 33→32→35→15→2 25.55 194.53 220.08

14 33→32→29→13→14 28.35 196.97 225.32
18 33→34→21→20→19→18 35.55 196.96 232.51

24:00

1 26
0 26→12→0 14.49 143.49 157.98
1 26→29→13→1 23.57 138.04 161.61
11 26→27→25→11 17.70 129.03 146.73

2 26
0 26→12→0 14.49 143.49 157.98
1 26→29→13→1 23.57 138.04 161.61
11 26→27→25→24→10→11 27.43 129.03 156.46

3 26
0 26→12→0 14.49 143.42 157.91
1 26→29→13→1 23.57 143.42 166.99
11 26→27→25→11 17.70 143.42 161.12

• Influence of the Vehicle Flow on Roads:

If all roads shown in Figure 3 are two-way at 24:00, it is supposed that the vehicle
flows of all roads are zero in scenario 1, whereas in scenario 2, the vehicle flows of all roads
are zero except for road (25,11), which has 250 vehicles (meaning high traffic density).

As shown in Table 5, to satisfy the fuel demands of HV 26 at 24:00, the candidate
energy stations were DES 0, 1, and 11. During this period, the hydrogen sale prices of
candidate DESs were different, so the selection of the optimal path and DES depended on
the total cost, including the transportation cost and transaction cost.

According to the total cost shown in Table 7, the MCR of HV 26 in scenario 1 was
26→27→25→11, and the energy station selected to purchase fuels was DES 11, which had
a lower hydrogen sale price. In scenario 2, the vehicle flows on road (25,11) changed from
zero to 250 vehicles, so the transportation cost on the road (25,11) increased accordingly,
causing the MCR of HV 29 to change to 26→27→25→24→10→11. It can be seen from the
results that the pre-existing vehicle flow (meaning traffic density) on roads may affect the
selection of the MCR and even the candidate DES for HVs.
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• Influence of the Dynamic Hydrogen Price (compared with the fixed hydrogen price):

If all roads shown in Figure 3 are two-way at 24:00, it is supposed that the vehicle
flows of all roads are zero in scenarios 1 and 3, whereas in scenario 3, the hydrogen prices
of DES 0, 1, and 11 are uniformly set to the fixed 28.6842 RMB/kg. The fixed hydrogen
price in scenario 3 is set to the mean value of the given price range to avoid one-sidedness
in comparison with scenario 1.

According to the joint consideration of transportation cost and transaction cost in
scenario 1, HV 26, as a user, selects MCR: 26→27→25→11 to purchase fuels from DES
11 with a lower hydrogen sale price. In scenario 3, the selection of MCR: 26→12→0 for
HV 26 is only determined by the transportation cost. Under this condition, the price
signal cannot be used to guide the HV to purchase fuels from a DES with low-cost and/or
low-carbon hydrogen.

On the basis of the joint consideration of transportation costs and transaction costs
(related to the shared information of traffic conditions and hydrogen transactions), the HV,
as a user, can select the MCR to purchase fuels. In addition, the traffic congestion on the
road can be considered by increasing the weight coefficient of transportation costs, and the
refueling congestion in DESs can be taken into account by adjusting the weight coefficient
of the transaction costs.

6. Conclusions

The growing popularity of renewable energy and hydrogen-powered vehicles (HVs)
will facilitate the coordinated optimization of energy and transportation systems for eco-
nomic and environmental benefits. To reduce the dependence on centralized controllers
and protect the information privacy of DESs and HVs, a time-decoupling layered opti-
mization strategy under dynamic hydrogen pricing is proposed. By incorporating the
presented dynamic hydrogen pricing mechanism into the optimization of DES planning
and operation, the system cost minimization and emission reduction were achieved. On
the basis of the dynamic hydrogen price optimized by DESs and traffic conditions on roads,
the HV, as a user, successfully selected the MCR to purchase fuels from a DES with low-cost
and/or low-carbon hydrogen by applying the proposed routing optimization method.
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Abbreviations

DES Distributed energy station
HV Hydrogen-powered vehicle
EV Electric vehicle
MCR Minimum-cost route
WT Wind turbine
PV Photovoltaics
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EB Electric boiler
EC Electric cooling
Ele Electrolysis
ES Electrical storage
TS Thermal storage
HS Hydrogen storage
EL Electrical load
TL Thermal load
CL/HL Cooling/hydrogen load
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