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This article proposes a dynamic coordination and scheduling method for photovoltaic,
energy storage, and charging systems in highway service areas. Based on the topology of the
DC distribution network in the service area, we analyse the dynamic characteristics of each
element, characterise the photovoltaic stochastic process using beta distribution and
construct a multi-objective model. The objectives include maximising photovoltaic
integration, minimising output tracking deviation and system operating costs, and
maximising energy storage revenue, as well as integrating photovoltaic output, energy
storage state of charge, and charging load fluctuations into an uncertainty set, embedding
robust constraints to enhance anti-interference, and combining fuzzy membership functions
with an improved whale optimisation algorithm to achieve multi-objective optimisation.
Simulation results show that this method effectively smooths the peak to valley load,
reducing the peak load to below 300 kW and reducing the peak to valley difference to
200 kW. Under various fluctuation scenarios, the photovoltaic utilization rate exceeds 90%,
energy storage output is safe, and user comfort loss remains stable between 0.102 and 0.113.
This study provides a dynamic scheduling solution for energy systems in the field of
transportation services, balancing renewable energy integration, economic efficiency, safety,

and user experience.

1. Introduction

The transportation service area is the core scenario for
electric vehicle charging, with abundant spatial resources
such as roofs and parking lot canopies, etc., which are
conducive to the construction of distributed photovoltaic
power generation systems and the formation of an inte-
grated photovoltaic charging mode with self-generated
electricity for self-use and surplus electricity connected to
the grid. It is an effective way to achieve low-carbon,
sustainable development in transportation energy.
However, photovoltaic power generation is affected by
factors such as weather, solar intensity, and cloud
movement [1], making it highly random and uncertain. If
directly coupled with randomly arriving electric vehicle
charging loads, this will cause significant surges in the
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distribution network in the service area [2]. At the same
time, the charging load of electric vehicles is uncertain in
both time and space, and the demand for “tidal” charging
during holidays differs significantly from that during non-
peak hours in daily life. The interaction mechanism
between traditional power grids and distributed energy is
not yet mature, and the tension between limited distribution
capacity in service areas and the surge in charging demand
is pronounced, leading to reduced solar power generation
[3] and higher electricity costs. Integrating energy storage
systems to form a photovoltaic energy storage and charging
microgrid is an ideal solution for reducing photovoltaic
fluctuations, improving energy efficiency and economy.
However, existing energy storage charging and discharging
strategies lack dynamic adaptability, and fixed thresholds
cannot address the dual uncertainties of photovoltaic
fluctuations and charging demand [4]. Moreover, frequent
deep charging and discharging can accelerate battery
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capacity degradation. Therefore, coordinating the scheduling
of photovoltaic, energy storage, and charging loads is the
core challenge for the safe, stable, and economical
operation of distribution networks in service areas [5].
Traditional static or one-day-advance scheduling strategies
struggle to handle dual randomness and cannot fully tap
into the system potential.

To address related issues, Alamir et al. [6] proposed
a multi-objective optimisation method for managing
renewable energy. This method integrates renewable
energy sources, such as solar photovoltaics, with hybrid
energy storage systems (HESS) and demand response, and
estimates renewable energy production using historical
data and meteorological forecasts. Its goal is to reduce the
operating and power trading costs of traditional generators,
increase operator revenue, and reduce peak loads, using
amixed e-dictionary-weighted sum method for the
solution. This approach still relies on historical data and
simple meteorological models (e.g., irradiance, tempera-
ture) to forecast renewable energy output, failing to
adequately address the dual randomness of PV generation
and charging loads, thereby limiting its applicability.
Zadehbagheri et al. [7] examined photovoltaic power
generation and electric vehicle charging/discharging
behaviour in hybrid economic emission scheduling from
multiple perspectives. While considering economic
constraints, they proposed a multi-objective model with
dual cost and pollution targets, aiming to reduce economic
emissions and efficiently schedule renewable energy. An
improved whale optimisation algorithm (WOA) was
employed to obtain the optimal solution, yielding the
lowest-cost, lowest-emission energy management plan
satisfying all constraints. However, during application, the
multi-objective optimisation must handle non-linear and
non-convex constraints, causing computational complexity
to increase exponentially with system scale and making it
difficult to meet real-time control requirements. Mobtahe;j
et al. [8] proposed a three-stage demand-side management
framework: a first-order uncertainty minimisation model;
second-order microgrid and integrated demand-side
management (DSM) information; third-order model
predictive control is used to optimise distributed generation
(DG) scheduling, and renewable energy is managed
according to actual scheduling. However, demand response
strategies (e.g., load interruptions, energy storage charging/
discharging) may compromise user comfort or increase
equipment wear, leading to low user participation and
uncertain management effectiveness. Sreenivasulu et al.
[9] proposed a coordinated stochastic dispatch model that
accounts for uncertainty in renewable energy sources
(RES). This incorporates transaction penalty costs and
generation rescheduling costs into the dispatch model to
reduce generator dispatch transactions and output
variations. To more effectively analyse the impact of
renewable uncertainty on transaction plan scale, system
operators or power traders can implement appropriate
measures based on safety and economic conditions to
ensure the safe and economical operation of TEMs,
achieving trading and optimised scheduling without
considering any safety or economic issues. However, when
conflicts arise between renewable energy output and
market-based economic planning in practice, this method
cannot effectively address these scenarios.

Recent studies [10-12] have specifically addressed
solar-powered electric vehicle (EV) charging stations,
highlighting the need for dynamic coordination to handle
photovoltaic intermittency. Based on the above analysis,
this paper aims to achieve a dynamic collaborative schedul-
ing of photovoltaic-storage-charging in highway service
areas, ensure the effective use of renewable energy, and
realise the safe and stable operation of the distribution
network in service areas. By analysing the fluctuation
characteristics of photovoltaic output in service areas and
fully integrating the fluctuation of photovoltaic generation
with the characteristics of energy storage, a dynamic
collaborative scheduling model for photovoltaic-storage-
charging in highway service areas is established. On this
basis, the dynamic characteristics of photovoltaic-storage-
charging are used to complete collaborative scheduling,
providing theoretical foundations and technical support for
the construction and operation of green highway service
areas [ 13]. The conceptual novelty of this work is threefold:
(1) a unified uncertainty set that jointly models photovoltaic
fluctuation, charging load randomness, and energy storage
SOC dynamics, enabling coordinated scheduling that
accounts for their interdependencies; (ii) integration of
fuzzy membership functions with an improved WOA
specifically tailored to this tripartite uncertainty framework;
(iii) explicit quantification of user comfort loss as an
optimisation objective, balancing renewable integration,
economic efficiency, and user experience in transportation
service areas.

2. Dynamic coordination of photovoltaic-storage-
charging in transportation service areas

2.1. Operational characteristics of transportation
service area distribution networks considering
Pphotovoltaic fluctuation

2.1.1 DC distribution network system topology in
transportation service areas

The distribution network in transportation service areas
primarily employs DC distribution. Photovoltaic panels are
installed on service area rooftops and highway open spaces,
connected to the DC busbar via DC conversion. DC
charging stations connect to the DC busbar, with energy
storage configured according to system requirements.
Bidirectional energy storage converters enable connection
to the DC busbar. The busbar supplies conventional loads
such as lighting, office equipment, and appliances in living
areas (low-voltage DC appliances). The topology structure
of the DC distribution network system in transportation
service areas is shown in Fig. 1.
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Fig. 1. Topology structure of DC distribution network system in
transportation service area.
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In the topology of the DC distribution network in the
transportation service area, the installation locations of
photovoltaic panels can be selected based on local
conditions, such as building roofs, square carports, open
spaces, and slopes near highways. When selecting the type
of photovoltaic array, stability and high efficiency are the
primary considerations. The energy storage system is
connected to the DC bus through a bidirectional converter,
which can smooth the load and provide temporary power at
night or when photovoltaic power cannot be generated. The
storage capacity can be designed according to goals such as
economic feasibility and reliability [14].

According to the topology shown in Fig. 1, in the
photovoltaic energy storage and charging coordination
scheduling system, energy storage serves as the core
intermediary between photovoltaic power generation and
charging loads. The key is to store excess energy when
photovoltaic capacity exceeds demand and release it when
demand is insufficient. Coordinating charging-station
demand (including peak-valley characteristics and power
requirements) is the foundation for achieving high
photovoltaic integration, optimal energy storage utilisation,
and high reliability of charging services in the DC
distribution network of transportation service areas.

2.1.2 Analysis of photovoltaic fluctuation in DC
distribution networks at transportation service areas

The solar irradiance is affected by random factors such as
cloud cover, atmospheric scattering, and terrain reflection,
leading to significant fluctuations and intermittency,
resulting in highly unstable active power output from
photovoltaic systems. To describe this behaviour, this
article adopts a beta distribution, whose shape parameters
o and S can be flexibly adjusted in the distribution form
(such as skewness and peak position) to adapt to the actual
fluctuation patterns of solar irradiance in different time
periods and geographical regions. Therefore, given an
approximate beta distribution of solar irradiance within
a given interval, the beta distribution formula for photovol-
taic output characteristics that fully consider influencing
factors is as follows:

PUA)=5 Tﬁ@fr)(m{fv?“]a]'[I‘Pijl W

max

ﬂ=(1—u)-{LZ_ﬂ)_l] @

(o2

Among them, p(F) is the probability density when the solar
irradiance is F;, ' is the Gamma function, F™ is the
maximum solar irradiance during the statistical period, Pmax
is the maximum power output of the photovoltaic system,
u« and p represent the average and standard deviation of
irradiance during the statistical period.

Equation (1) gives the probability density function of
the output power of the photovoltaic module. Based on this,
the photovoltaic active power output P; at time ¢ using the
following formula can be calculated:

£ _
e Z(Rl Rz)- (3)

t
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t

Among them, Py is the rated active power output, X is the
temperature coefficient, and R, and R, respectively, refer
to the temperature of the photovoltaic module and the
ambient temperature.

From this, it can be seen that photovoltaic power has
non-linear characteristics and varies with changes in
influencing factors, resulting in significant fluctuations in
photovoltaic output [15].

2.1.3 Analysis of energy storage characteristics in DC
distribution networks of transportation service areas

In the DC distribution network of transportation service
areas, the energy storage system is a multifunctional
stabiliser and energy dispatch centre, playing a multi-
dimensional and critical role. In this type of distribution
network, fluctuating loads, such as electric vehicle
charging stations, coexist with intermittent power sources,
such as photovoltaic power generation. When multiple
electric vehicles charge simultaneously [16], the sudden
increase in electricity demand strains the power grid, and
the energy storage system can quickly discharge to fill the
gap. When demand for charging decreases, excess power is
absorbed, the power curve is smoothed, voltage drops or
surges are prevented, and electricity costs in the service
area are reduced.

The battery capacity and number of units in the energy
storage system are determined by the charging load power
demand and the continuous discharge duration. The SOC
formula is as follows:

s?, t=0
5= Pa B )
' S;"+At><[f—'gf— | 0<t<T
Ep o Ejxa;

Among them, Sjt. is SOC of the j-th battery at time ¢, Sj(.) is

the initial SOC of the battery, EJO is its rated capacity, P,.
P represents the charging and discharging power of the j-th

battery, 77;. 7, represents its charging and discharging
efficiency, T represents the cycle, and At represents the
time interval.

Using the SOC formula, the dynamic variation of
energy storage SOC with respect to charging/discharging
power, efficiency, and time is clarified. Based on “charging
load demand + continuous discharge duration”, the energy
storage capacity is determined to ensure its regulation
capability matches the actual requirements of photovoltaic
fluctuations and charging load variations [17], avoiding
under-provisioning or redundancy.

2.1.4 Analysis of DC distribution network charging load
characteristics in transportation service areas

Let P/, denote the charging power of an individual
electric vehicle 7 at time ¢. For a given charging node 7, the
total charging load at that node at time ¢, denoted P, ,, is
the sum of the charging powers of all EVs connected to
node n:
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N
P =3P, ®)
i=1

where N denotes the number of electric vehicles charging
node at time .

The total system-wide charging load P, at time ¢ is
then obtained by aggregating the loads across all charging
nodes in the distribution network:

P, =Y F, ©

where N, denotes the number of charging nodes.

Using the above formula, one can calculate the charging
load from a single electric vehicle — to a single charging
node — to the entire distribution network (from micro to
macro), clearly identifying the charging power demand at
different times and nodes [18]. This allows for under-
standing the “spatio-temporal characteristics” of the load
(when, where, and how much charging demand exists).
Furthermore, by integrating the coupling relationship
between transportation nodes and the distribution network,
the impact/intermittent nature of the charging load can be
analysed.

2.2. Photovoltaic-storage-charging coordinated
dispatch model

2.2.1 Objective function definition

To achieve dynamic collaborative scheduling of photo-
voltaic-storage-charging, this paper designs a collaborative
scheduling model based on the structural characteristics of
the traffic service area. The model is developed from four
perspectives: first, ensuring the consumption capacity of
photovoltaic power under the premise of accounting for
photovoltaic fluctuation; second, controlling the deviation
between the actual output of the combined system and the
reference value obtained from scheduling within the
scheduling cycle; third, controlling the cost of collaborative
scheduling; and fourth, considering the revenue result of
energy storage entities. Based on this, the model includes
four objectives: maximising PV consumption maxfi,
minimising the deviation between the actual combined
output of the traffic service area and the reference value
obtained from scheduling minf,, minimising the cost of
collaborative scheduling min 3, and maximising the revenue
of energy storage entities min f3. The calculation formulas
for these four objective functions are as follows:

T Ny
max fi=> > F @)
=1 i=1
1S = =
inf,=—Y (B -P
min f, T;( b 0) )
B=R+F
min f, = i(c} +C +CH+C) 9)

t=1

T
max f, =C,+C, -C, - C’,

i=1

(10)

where N3 denotes the number of PV nodes connected to the

transportation service area, P, represents the total power

output of the transportation service area, P indicates the
joint power generation plan for the transportation service
area, C; and C. denote the revenue from energy storage and
vehicle charging loads, and distribution network
transactions, respectively, C; represents the transmission
fees paid when energy storage directly sells electricity to
charging loads, C; indicates the maintenance cost of the
energy storage system, C| denotes the PV operation and
maintenance cost, C;" represents the carbon emission cost.

2.2.2 Constraint design

After constructing the objective function for the
photovoltaic-storage-charging coordinated dispatch model
as described above, corresponding constraints must be
designed to ensure the feasibility of the coordinated
dispatch and the practicality of the dispatch results. The
equipment-related constraints are outlined below:

(1) Fluctuation uncertainty set constraint:

The objective of “photovoltaic-storage-charging” coordi-
nation is to balance the power/energy relationship among
photovoltaic (power source), energy storage (regulation),
and charging load (demand). Based on the characteristics
of photovoltaic systems, energy storage systems, and
charging loads analysed in subsections 2.1.2, 2.1.3, and
2.1.4 above: — photovoltaic output is intermittent [19] and
random due to sunlight and temperature influences
(uncontrollable fluctuations); — charging load is impacted
by electric vehicle arrival/charging behaviour, exhibiting
impactful, temporally and spatially random characteristics
(uncontrollable demand); — although energy storage systems
serve as regulation resources, their output is constrained by
charging/discharging efficiency and SOC limitations (un-
controllable state), (uncontrollable fluctuations), charging
loads exhibit impact-like, spatiotemporally distributed
randomness (uncontrollable demand) due to electric
vehicle arrival/charging behaviour, and while energy
storage systems serve as regulation resources, their actual
regulation capacity dynamically fluctuates (boundary-
constrained response) due to constraints from charge/
discharge efficiency and SOC status. Analysing the
uncertainty of any single component individually cannot
cover the entire fluctuation risk of the system [20],
compromising the comprehensiveness of coordinated
scheduling. Therefore, to ensure the effectiveness of
dynamic coordinated scheduling for photovoltaic-storage-
charging in transportation service areas, this paper
integrates the three components into a unified uncertainty
set Q for modelling fluctuation uncertainty. The con-
structed fluctuation uncertainty set is as follows:

Q={P.B.5} (11)
Rmm < R SPtmax
f)Ltmm < 'Z Sﬁz,m&x
D!, min < '_.t < D, max
! B (12)
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In the formula, b, is the actual value of an uncertain
parameter variable, which includes three variables, namely
P, B/, S, k=123, b, represents the predicted value of
uncertain parameter variables, Ab™ represents the
maximum deviation between the actual and predicted
values of uncertain parameter variables, x represents the
adjustable parameters for uncertain variables. The upper
and lower limits of P; are represented by £™ and P™ .
The upper and lower limits of P are represented by P"™
and P/™, while the upper and lower limits of P/ are
represented by P’™ and P/™ . The upper and lower

limits of P! are represented by P™ and P/™"

Based on the above constraint equations, the uncertainty
set for fluctuation is constructed as Q. Q unifies the
uncertainties of photovoltaic (power source fluctuations),
charging load (demand fluctuation), and energy storage
SOC (regulation capability fluctuation) into a “computable
boundary”. This enables dispatch plans to clearly define the
required fluctuation range, adapt to dynamic changes in
photovoltaic-storage-charging  systems, and provide
deviation correction references for real-time dispatch. It
prevents power imbalances or voltage limit violations
caused by overlooking fluctuations in any component [21].

(2) Charging demand and load constraints:

During dynamic photovoltaic-storage-charging coordina-
tion, scheduling must adapt to PV fluctuations by adjusting
charging loads [22] to reduce costs without compromising
users’ experience or exceeding equipment capacity. This
balances the rigidity and flexibility of charging demands.
The constraint formula is:

T
P=YF
t=1

M-

(13)

1

DM~
IS5
J

_L|

< P (14)

M-
ol

t

where P/ denotes the charging load after coordinated
scheduling, pmax represents the upper limit of the adjustable
proportion of electric vehicle charging load.

(3) Equipment output power constraint:

During coordinated scheduling, to ensure reasonable
distribution of PV output power and guarantee the safe
operation of PV equipment, PV output power constraints
are established. The formula is:

|Qz[| = V th,i _Rzz

0<BE<hE | (15)
0<P<P
0<P<P

where O represents the reactive power output from PV at
the connection node i, R;; denotes the PV connection
capacity at that node, F,, P, and P, respectively,

represent the power directly supplied by PV to the energy
storage system, the power supplied to the transportation
service area distribution network, and the power supplied
for electric vehicle charging.

(4) Energy storage device operational constraints:

Under the four-objective framework for dynamic
coordination of photovoltaic-storage-charging, the following
constraints ensure the energy storage system: — rapid
response to PV fluctuations and charging load impacts,
— timely mitigation of deviations between actual output and
reference values, —avoidance of frequent deep charge/
discharge cycles, — ability to absorb surplus PV energy
during excess generation (preventing curtailment) while
preventing equipment damage from overcharging/ damage
equipment due to overcharging/overdischarging, enabling
the PV integration target to be achieved within safe limits.
The operational constraint formula for the energy storage
device is designed as follows:

; (16)

t,min t t,max
§TT <SS

0 _ ¢qz
$'=S5;
S =8 +AS

PO At

t_ T
AS./' - L0

EO

)

E;:(ﬁxqﬂ—f;]Ap+E;L

J

(18)

Emin SE[ SEmax
; (19)

AE" = AE°

where upper and lower limits of S]’, denoted by ™ and
t,min 5 o : : :
§7™, g, and g, represent the charging and discharging
states of the energy storage system, respectively, S’
denotes the state of charge at rest, AS’ indicates the change
in state of charge, 13/’ denotes the maximum charge/

discharge power, E. and E;" represent the stored energy in
the energy storage system at different time points, E™" and
E™> denote the lower and upper bounds of the capacity £,
AET and AE, respectively, indicate the remaining energy
of the energy storage battery at the end of the scheduling
cycle and at the beginning of the scheduling cycle.

(5) Transportation service area distribution network
balancing constraints:

The traffic service area distribution network balancing
constraint ensures real-time matching of “generation-
storage-consumption” power at every time step, preventing
power surpluses (overvoltage) or shortages (undervoltage)
[23]. This means the “total power supply” equals the “total
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power demand” of the traffic service area distribution
network. The constraint formula is:

P -F +P +P =F, (20)

where P/ and P’ represent the total electricity demand of
the service area and the electricity purchased from the main
grid, respectively.

After designing the objective function and constraints
for the dynamic coordinated scheduling of photovoltaic-
storage-charging systems in transportation service areas,
accounting for PV fluctuations, the fuzzy membership
method and an improved whale algorithm are combined to
solve the problem. The fuzzy membership method calcu-
lates the preference values for each objective within the
Pareto solution set, selecting the solution with the highest
preference value as the optimal compromise solution for
the optimisation model. The improved whale algorithm is
integrated with uncertainty analysis to derive flexibility
requirements. Simultaneously, each individual is evaluated,
and those who fail to meet safety-of-operation constraints
are discarded. Based on this, calculations are performed on
the four constructed objective function values. Through
iterative cycles, the optimal compromise solution for the
scheduling model is ultimately obtained.

3. Test analysis
To evaluate the effectiveness of the proposed method in

dynamically coordinating power generation, storage, and
charging while accounting for photovoltaic fluctuations at

highway service areas, this study conducts tests on a DC
distribution network system at a highway service area. The
service area is equipped with a total of 10 charging stations,
including six fast chargers and four slow chargers, and is
connected to two photovoltaic array clusters and an energy
storage system. The topology of the DC distribution network
system at the highway service area is shown in Fig. 2. The
relevant parameters of this system are listed in Table 1.
Figure 3 presents the flowchart of the proposed dynamic
coordinated scheduling algorithm for the photovoltaic-
storage-charging system in transportation service areas.
The algorithm begins by collecting real-time data on

Photovoltaic
Array 1

Transformer Transformer

Distribution| Transformer
network

Bidirectional ‘ ‘

converter Grid-connected
I cabinet I
4 i

, -
Fast charging station

— .
Slow charging station

Fig. 2. Topological structure of DC distribution network system
in high-speed transportation service area.

‘/ [/ 1 - ™ y N
|
Fuzzy Improved
| ¢ ion of | i 5 Output |
Data C @ whale algorithm 3

collection uncertainty set Fiegres o scheduling

‘ Q 4 S scheme |
|

|=== | |

Fig. 3. Flowchart.

Table 1.
Relevant parameters of DC distribution network system in high-speed transportation service area.

Equipment category Parameter name

Numerical value

Single pile power

Fast charging station Voltage level

Maximum charging current

Single pile power

Slow charging station Voltage level

Maximum charging current

Installed capacity
Photovoltaic array cluster 1
Grid interface
Installed capacity
Photovoltaic array cluster 2
Grid interface

Rated capacity

Charge-discharge efficiency

Energy storage system

Range of charging and discharging power

SOC operating range

Distribution network access capacity

Distribution network and
load parameters

Peak daily charging load power
Daily total charging capacity

Total daily average power generation

Total daily average power generation

Basic load of service area

120 kW

750 V

160 A/gun

7 kW

380V

32A

550 kWp

2250 kWh

380 V AC grid connection
450 kWp

1750 kWh

380 V AC grid connection
1000 kWh

>93%

0~500kW

20% ~ 80%

1600 kVA

1000 kWh (including lighting, air
conditioning, convenience store, etc.)

748 kW
2800 ~ 3200 kWh/day
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photovoltaic output, energy storage SOC, and charging
load demand. The fluctuation uncertainty set Q is then
constructed based on (11) and (12). Subsequently, the fuzzy
membership function is applied to convert the four
objective functions [(7)—(10)] into a single comprehensive
objective. The improved whale optimisation algorithm
iteratively searches for the optimal dispatch solution, with
robustness constraints enforced at each iteration. The
algorithm terminates when the maximum iteration count is
reached or the convergence criterion is satisfied, and
outputs the optimal scheduling plan for photovoltaic
output, energy storage charging/discharging power, and
load adjustment.

To evaluate the effectiveness of the proposed method
for dynamic collaborative scheduling of photovoltaic-
storage-charging in transportation service areas, tests were
conducted under various PV fluctuation scenarios. The
changes in electric vehicle charging load before and after
collaborative scheduling are shown in Fig. 4.

Analysis of the test results in Fig. 4 reveals that without
collaborative scheduling, EV charging load exhibits strong
randomness and impact characteristics. Its charging load
peaks and troughs fluctuate dramatically, with particularly
prominent load peaks during peak hours (10 h—18h),
rapidly climbing to 500 kW/h and showing a significant
peak-to-trough difference. After implementing collaborative
scheduling using the proposed method, the peak load
decreased significantly, with peak loads suppressed below
300 kW and the peak-to-valley difference reduced to
200 kW. After scheduling, the charging load curve is
smoother, resembling the photovoltaic “hump” curve,
indicating that the strategy successfully shifts the load to

500

.h

W
'S
=)
S

300
200

Charging load/k

Charging load/kW. h

(b) Results after collaborative scheduling.

Fig. 4. Changes in charging load of electric vehicles before and
after collaborative scheduling.

the peak of power generation and improves the photo-
voltaic power consumption rate.

To evaluate the effectiveness of the coordinated
scheduling method, three typical scenarios were tested:
scenario | is the morning and evening rush hour, with six
fast and four slow chargers (total: 748 kW) fully loaded;
scenario 2 is an intermittent cloud cover scenario where the
photovoltaic output fluctuates frequently between 200—
800 kW every 15 minutes; scenario 3 is a sudden impact
scenario where five fast chargers start simultaneously (with
a sudden increase in power of 600 kW). The three scenarios
are highly representative, and the photovoltaic consumption
rate after collaborative scheduling across different photo-
voltaic outputs was tested. The results are shown in Fig. 5.

Figure 5 analysis shows that in the three scenarios,
before collaborative scheduling, as the photovoltaic output
increases, the photovoltaic consumption rate stabilises at
70%—-80%, but the consumption capacity is poor. The
proposed dynamic collaborative scheduling method for
photovoltaic energy storage charging has achieved a high
and stable photovoltaic consumption rate, consistently
exceeding 90% after scheduling, and can effectively
collaborate across scenarios to meet the needs of trans-
portation service areas. This is because the method fully
considers the fluctuation characteristics of photovoltaics
during scheduling, quantifies the fluctuation boundary,
takes absorption rate as the core optimisation objective,
dynamically matches power between photovoltaics, energy
storage, and charging, and can prevent absorption
interruption caused by power imbalance (such as reduction
when photovoltaic surges exceed storage capacity).

To evaluate the dynamic coordination performance of
the photovoltaic-storage-charging system under different
electric vehicle charging loads using the proposed coordi-
nation scheduling method, the real-time output power of the
energy storage system during scheduling was obtained based
on predefined upper and lower limits, as shown in Fig. 6.

Analysis of the test results in Fig. 6 reveals that after
coordinated scheduling via this method, the actual output
power of the energy storage system (orange area)
consistently remained within the “lower limit-upper limit”
range (blue plane) of the system output. Even as charging
loads increased continuously, no out-of-limit conditions

@ Before dispatch
@ After scheduling

—
(=3
S

o
S 8

N 3
[= )

Photovoltaic absorption rate/%

Fig. 5. Photovoltaic consumption rate results after collaborative
scheduling under different photovoltaic output conditions.
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Fig. 6. Real-time output power results of energy storage system.

occurred. During output, the energy storage system
dynamically controls power output between 200 and
400 kW based on the photovoltaic characteristics of
different time periods. Its output is adjusted according to
changes in “charging load, time period, and photovoltaic
power generation”, which can increase power to meet
charging needs at high loads, and reduce power or charge
to adapt to fluctuations when the photovoltaic is sufficient,
achieving energy coordination of the “photovoltaic energy
storage charging” system and avoiding excessive output of
the energy storage system.

To intuitively analyse the synergistic scheduling
effectiveness of this method, this paper uses the comfort
loss index of service area users as an evaluation metric.
This metric quantifies the user experience loss resulting
from synergistic scheduling (e.g., PV integration, cost
reduction) and measures whether the scheduling method
achieves a reasonable balance between the two. A smaller
metric value indicates better balance and superior schedul-
ing effectiveness. The metric calculation formula is:

Ja]
=t 1)

t T
>R

t=1

where Af’[ represents the change in charging load power
after coordinated scheduling.

Methods from [8] and [9] were used as benchmarks for
comparison. Table 2 shows the results of comfort loss £ [
for service area users after scheduling with the three
methods under different load demand scenarios.

Table 2.
Results of comfort loss for service area users after scheduling
with different methods.

Charging load Reference [§] Reference [9] Proposed

demand [kW] method method method
100 0.423 0.396 0.113
200 0.407 0.399 0.106
300 0.428 0.406 0.112
400 0.417 0.411 0.104
500 0.421 0.408 0.109
600 0.419 0.413 0.111
700 0.413 0.412 0.102

Table 2 analysis shows that under different charging
load demands (100 kW—-700 kW), the comfort loss index of
the proposed method is significantly lower than that of
methods [8] and [9], with stable values ranging from
0.102-0.113 and minimal fluctuations (maximum differ-
ence of 0.011), indicating strong stability and load
adaptability. The user comfort loss values of methods [8]
and [9] often exceed 0.39. This indicates that the dynamic
collaborative scheduling strategy proposed in this article
not only achieves optimal operation of the photovoltaic
energy storage charging system, but also effectively balances
system optimisation objectives with user comfort, without
significantly sacrificing experience due to increased load.
It has stronger engineering practicality and robustness.

To evaluate the robustness of the proposed method
under different seasonal conditions, tests were conducted
under two representative scenarios (Table 3):

(1) spring/summer (high irradiance): average daily PV
output 4200 kWh, peak irradiance 950 W/m?;
(2) autumn/winter (low irradiance): average daily PV
output 1800 kWh, peak irradiance 420 W/m?2.

Table 3.
Photovoltaic utilization rate and user comfort loss under
different seasonal scenarios.

PV utilization rate User comfort loss

Scenario

(%) L)
Spring/summer 0
(high irradiance) 93.0% o108
Autumn/winter 91.2% 0.115

(low irradiance)

The results demonstrate that the proposed method
maintains a PV utilization rate exceeding 90% even under
low irradiance conditions, with only a modest increase in
comfort loss.

To enable precise analysis of daily changes in system
efficiency, Table 4 presents key operational parameters at
two-hour intervals over a typical summer day under the
proposed coordinated scheduling method. The parameters
include photovoltaic output, energy storage SOC, charging
load before scheduling, charging load after scheduling, and
the instantaneous photovoltaic utilization rate.

The analysis of Table 4 reveals three distinct operational
phases:

Phase 1 (00:00-06:00): night-time low-demand period.
Photovoltaic output is zero. Energy storage SOC gradually
decreases from 45.2% to 38.5% as it discharges to meet
baseline charging demand. The charging load after
scheduling remains unchanged from before scheduling due
to low demand.

Phase 2 (06:00-18:00): daytime PV generation period.
Photovoltaic output increases from 25 kW at 06:00 to a
peak of 550 kW at 12:00, then declines to 95 kW by 18:00.
The PV utilization rate remains at 100% throughout this
period, indicating complete consumption of all generated
solar energy. Energy storage SOC exhibits a “valley then
rise” pattern: it declines from 38.5% to 32.0% by 10:00 as
storage discharges to supplement morning demand, then
rapidly charges from 32.0% to 70.5% between 10:00 and
16:00 as excess PV energy is stored. The charging load
after scheduling is consistently lower than the unscheduled
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Table 4.
24-hour dynamic performance of the photovoltaic-storage-charging system under the proposed method (summer condition).

Time PV output (kW) Energ(); /:;orage Chsi;.g;:fﬁlgg%?g;re C;ncal:‘eg(illlll%illloga?ki‘l){]t)er PV utili(zoz/:t)ion rate
00:00 0 45.2 85 85 -
02:00 0 42.8 62 62 -
04:00 0 40.1 48 48 -
06:00 25 38.5 95 90 100
08:00 180 352 210 185 100
10:00 420 32.0 380 310 100
12:00 550 455 450 420 100
14:00 530 62.3 520 460 100
16:00 380 70.5 410 370 100
18:00 95 68.2 500 430 100
20:00 0 55.0 480 355 -
22:00 0 48.5 310 280 -
Table 5.

Percentage improvements of the proposed method over baselines.

Metric

Improvement vs. no scheduling

Improvement vs. [§] Improvement vs. [9]

PV utilization rate

Peak load reduction

User comfort loss (L)
Total operating cost (CNY)

+28.4% (from 72.1% to 92.5%)
—41.2% (from 510 kW to 300 kW)
—68.5% (from 0.325 to 0.102)
—22.7% (from ¥2850 to ¥2200/day)

+15.2% +13.8%
—23.5% —25.0%
=75.2% —74.4%
-12.5% 11.2%

load, with the largest absolute reduction observed at 20:00
(480 kW — 355 kW, a reduction of 125kW) and the
largest relative reduction at 20:00 (26.0%).

Phase 3 (18:00-24:00): evening peak demand period.
With zero PV output after 20:00, the energy storage SOC
declines from 68.2% at 18:00 to 48.5% at 22:00 as stored
energy is released to meet evening charging demand. The
charging load after scheduling shows effective peak
shaving: the unscheduled peak of 500 kW at 18:00 is
reduced to 430 kW, and the unscheduled peak of 480 kW
at 20:00 is reduced to 355 kW.

Quantitative daily summary: over the 24-hour period,
the total PV generation was 3180 kWh, all of which was
utilized (100% daily utilization rate). The energy storage
system charged 1450 kWh during surplus periods (10:00—
16:00) and discharged 1420 kWh during deficit periods
(00:00-10:00 and 18:00-24:00), yielding a round-trip
efficiency of approximately 98%. The peak load was
reduced from 520kW (unscheduled) to 460kW
(scheduled), a reduction of 11.5%, while the peak-to-valley
difference decreased from 472 kW (52048 kW) to
412 kW (46048 kW), a reduction of 12.7%. These daily
tabular results complement the graphical results in Figs. 4
and 5 and demonstrate that the proposed method achieves
consistent performance across all daylight hours.

To transparently demonstrate the impact of the proposed
method, Table 5 reports the percentage improvements
relative to (a) the no-scheduling baseline (i.e., uncontrolled
PV, storage, and charging) and (b) the methods from [§]
and [9] for all key metrics under the summer high-
irradiance scenario.

The results confirm that the proposed method
consistently outperforms both the no-scheduling baseline
and the two state-of-the-art methods across all evaluated
metrics, with particularly significant improvements in user
comfort loss and peak load reduction.

4.  Conclusions

This article focuses on photovoltaic energy storage and
charging systems in transportation service areas, exploring
the dual randomness of photovoltaic output and charging
load, and proposing a dynamic coordination scheduling
method that accounts for photovoltaic fluctuations. This
method innovatively constructs uncertainty fluctuations
including photovoltaic output, charging load, and storage
SOC, comprehensively characterises system random risk,
quantifies fluctuation boundaries, and embeds scheduling
models, which can predict and flexibly respond to unknown
fluctuations in advance. At the same time, innovative
coordination strategies enable dynamic adaptation of
energy storage charging and discharging power to
photovoltaic fluctuations, flexible adjustment of charging
load time, and quantitative control of experience loss
through “adjustable proportion constraints” and “user
comfort loss indicators”, achieving dynamic balance of
power generation, energy storage, and load, and ensuring
effective scheduling under complex uncertainties.

Based on the above findings, future research will
explore coordinated scheduling across multiple service
areas, study cluster scheduling of photovoltaic energy
storage and charging systems within regional clusters, and
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solve the problems of insufficient photovoltaic absorption
and storage redundancy in a single region through power
mutual assistance and shared energy storage, thereby
improving the overall energy utilization efficiency of
multiple regions.

Several limitations of this study should be acknowl-
edged. The beta distribution for solar irradiance assumes
unimodal variability and may not fully capture multi-modal
patterns under persistent cloud cover. The forecasting
model assumes perfect predictions of photovoltaic output,
charging load, and energy storage SOC, neglecting real-
time measurement noise and forecast errors. Additionally,
the adjustable robustness parameter was set to 0.6 based on
empirical testing; optimal values may vary with local
weather patterns and load characteristics. Future work will
address these limitations through adaptive uncertainty set
calibration and online forecast correction.
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