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ABSTRACT

Due to promising potential for environmental sustainability, there has been a significant increase of electric
vehicles (EVs) and plug-in hybrid electric vehicles (PHEV) in the market. To support this increasing demand for
EVs and PHEVs, challenges related to capacity planning and investment costs of public charging infrastructure
must be addressed. Hence, in this paper, a capacity planning problem for charging stations is developed and
aims to balance current capital investment costs and future operational revenue. The charging station is assumed
to be equipped with solar photovoltaic panel (PV) and an energy storage system which could be electric battery
or recently invented hydro-pneumatic energy storage (GLIDES, Ground-Level Integrated Diverse Energy Storage)
system. A co-optimization model that minimizes investment and operation cost is established to determine optimal
solution while considering capacity planing and following operations. EV mobility is modeled as an Erlang-loss
system. Meanwhile, stochastic programming is adopted to capture uncertainties from solar radiation and charging
demand of EV fleet. To provide a more general and computationally efficient model, main configuration parameters
are sampled in design space and then fixed in solving the co-optimization model. Sampled parameters include: EV
charging slots number, PV area, capacity of energy storage system, and daily mean EV arrival number. Based on
the sampled parameter combinations and its responses, black-box mappings are then constructed using surrogate
models which could provide insights for charging station placement in different practical situations. The effec-
tiveness of proposed surrogate modeling approach is demonstrated in numerical experiments. The results indicate
better profit advantage of GLIDES over battery system with increased power capacity
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1. INTRODUCTION

With benefits from environmental protection and energy security support, the transition to EVs is well underway with
more than 1 million EVs on U.S. roads as of October 2018 [1]. In addition, customers are purchasing EVs in record numbers,
and electric companies are working with stakeholders to move the EV infrastructure market forward [1]. The Edison Electric
Institute and the Institute for Electric Innovation have developed a consensus forecast of EV sales projections from 2018 to
2030 and have estimated the associated charging infrastructure needs. It is projected that the number of EVs on the road will
reach 18.7 million in 2030 and 9.6 million charge ports will be required, also, the next 1 million EVs will be manufactured
in less than 3 years (i.e. by early 2021) [1].

To satisfy EVs charging demand, minimize initial investment and maximize profit in the long run for charging station,
the sizing and capacity planning problem has gained significant interest in research and industry. For example, a completely
green EV charging system is studied in [2] whose energy is generated exclusively by solar panels. To determine the optimal
resource size (e.g., the number of solar panels and the energy-storage capacity), a search-based algorithm is devised to
solve the formulated nonlinear integer programming problem more efficiently. A capacity determination model based on
the queuing theory is developed to determine the amount of chargers needed in EV fast charging station, which is able to
minimize the sum of waiting cost and charger cost [3]. A mixed-integer nonlinear optimization approach is present for
optimal placing and sizing of the fast charging stations [4]. The model includes development cost, EV energy loss, electric
grid loss as well as the location of electric substations and urban roads, and it is solved by genetic algorithm. It is stated that
EVs are seen to have some negative impacts on micro-grid performance [5]. Inappropriate siting of charging stations could
also have negative effects on city traffic network [6]. Optimization models are developed to obtain the optimal siting and
sizing of charging stations with objectives of voltage variations network loss cost, charging cost, etc [5] [6]. The interactions
between EV power demand and transportation networks is integrated [7]. Based on the assigned equilibrium traffic flow, a
queuing model is then applied to determine the capacity of the charging station (number of charging devices) considering
the constraints from both transportation and distribution networks. The possibility of charging battery EVs at workplace
using solar energy is investigated [8] [9] and the feasibility of integrating a local storage to the EVPV charger to make
it grid independent is evaluated. The results indicate that optimal storage size could reduce grid dependency by 25%. For
different EV customer classes, they are distinguished by charging preferences, needs, and technologies. EV charging network
equipped with different charging technologies is focused on [10] and two frameworks are proposed. One is appropriate for
large networks where pricing dynamics is leveraged to control EV customer request rates and provide charging service with
the best level of quality of service (QoS). The other one is more appropriate for smaller networks in which the objective is to
compute the minimum amount of resources required to provide certain levels of QoS to each class. It also needs to be noted
that, a new type of charging infrastructure is emerging based on the premise of battery swapping, and some latest studies
have been put forward to optimize battery recharge schedule [11] [12]. Despite some advantages on shortening charging
wait time, mitigating battery degradation, etc, some roadblocks still remain. For instance, standardization of EV Lithium Ion
battery packs has not happened globally, reliability of leased/rented battery packs is not guaranteed. Also, public’s adaption
on this new mode is not fully investigated since the EV owners won’t own the battery anymore, etc. Take Tesla for an
example, in its pilot experiment with battery swapping technology stations in early 2013, only four or five EV owners out of
200 invitations responded to the test. [13].

In the aforementioned literature, a lot of research has been conducted to determine the location and optimal resource
size in charging station. However, the very high capital cost [14] and degradation [15] [16] of battery storage pack has
limited its deployment size and lifetime, thus reduced integration of more renewables and potential payback for charging sta-
tion. With a recently invented and developed hydro-pneumatic energy storage technology (GLIDES) in Oak Ridge National
Laboratory, in this study, the capacity planning problem of charging station is focused with special interest on the sizing
of PV, storage power capacity (either battery storage or GLIDES system), and number of charging slots. The optimization
objective considered here is the economic benefit for the charging station, including long term investment, maintenance cost
and operation revenue. Our contribution could be summarized into three folds, 1) GLIDES is considered to be equipped in
charging station and modeled in the operation, 2) for different possible configurations sampled from the design space, cost
and profit of GLIDES are compared with the battery model, 3) several surrogate models are trained to predict best designs
given different daily mean EV arrivals. With this clean and environment-friendly energy storage technology of GLIDES, the
chemical and fire hazards are expected to be reduced effectively.

Based on the above objectives and considerations, the rest of the paper is organized as follows. In Section 2, first the
GLIDES system is introduced, then capacity planning model is established for charging station, and this model is used to
generate training data for reviewed surrogate models in Section 3. In Section 4, parameter setting and data generation are
explained, followed by response surface of surrogate models for the design space. Finally, in Section 5, conclusions are
drawn.
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2. CAPACITY PLANNING OF CHARGING STATION

In this section, a capacity planning model is proposed, where solar PV system and energy storage system (two options:
GLIDES and electric battery are used for comparison) are assumed to be equipped for charging station. Mobility of EV fleet
is modeled as an Erlang-loss system. Therefore, the design space for the charging station is four-dimensional, [number of
charging slots N, PV area SPV , energy storage capacity SES, daily mean EV arrival number A]. Each dimension has its own
presumed value range. Please note that, the hourly EV arrival rate λ and the hourly EV charging rate µ will be sampled after
the daily mean EV arrival number A is given.

The details on invented GLIDES storage are introduced next and then the capacity planning model is developed. For
each sample (design combination) from the design space, this capacity planning model will be invoked to obtain the response
(total system cost). This invoking process could be implemented in a parallel way.

2.1. GLIDES configuration

As descried in invention patent [17], a typical GLIDES system consists of a liquid storage reservoir, pre-pressurized
pressure vessel(s), a pump/motor, and a hydraulic turbine/generator, see Figure 1. In the charging process, the electricity
will drive the pump/motor to pump liquid from liquid storage reservoir to the pressure vessel(s) until certain pressure level
(less than allowable maximum level in the vessel), in this process, the condensable gas (e.g. air, carbon dioxide, etc.) will be
compressed and electricity is stored. To recover the stored energy, the now high-head water will be pushed by high pressure
gas through the hydraulic turbine (e.g. Pelton turbine) which spins an electrical generator to dispatch electricity. More details
on the GLIDES system and its thermal dynamics can be found in our previous studies [18] [19] [20].

As modular pump hydro storage, GLIDES system could be treated as the combination of Compressed Air Energy
Storage (CAES) and conventional Pump Hydro Storage (PHS). The main difference between GLIDES and conventional
PHS [21] is that it uses air pressure to create high water head instead of lifting the water body to a upper reservoir (usually
in mountain top). The main difference between GLIDES and CAES [22] is that it uses general highly efficient hydraulic
machinery (water pump/turbine) instead of gas compressor/turbine. This design has eliminated the geographical location
limitation of conventional PHS (needs natural reservoirs) and improved the efficiency of compressed air storage. Comparing
with electrochemical batteries, GLIDES system has neglectable degradation and maintenance effort, in addition, low grade
heat could also be integrated to heat the top gas to further boost discharging efficiency. Storage technologies with the similar
advantages could be found as Liquid Air Energy Storage in [23], Pumped Thermal Electricity Storage in [24]. In summary,
GLIDES system has several main advantages: 1) it can be installed at ground level or below, basically anywhere that can
structurally support the pressure vessels; 2) it has the ability to integrate a diverse range of low grade heat sources and use
the waste heat to boost efficiency in the discharging process; 3) it is scalable by packing more pressure vessels which makes
it possible to be allocated and utilized at the grid-scale or equipped for smart buildings for behind-meter applications (see
modular version in Figure 2).

( b )  D i s c h a r g i n g( a )  C h a r g i n g

Fig. 1: Basic layout and components of GLIDES system

(a) (b)

Fig. 2: Modular GLIDES prototype schematic during charging a) and discharging b)
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(a) first-generation (b) second-generation

Fig. 3: Prototypes of first (left figure, material: conventional steel) and second generation GLIDES (right figure, material:
carbon fiber)

The first-generation GLIDES prototype (see Figure 3(a)) is sized at a nominal 3 kWh, energy is recovered using a Pelton
turbine which can operate with two jets, delivering a peak 5.5 kW hydraulic power per jet. It is comprised of a 500-gallon
water storage tank, four 500-liter carbon steel pressure vessels with maximum allowable working pressure of 160 bar, an 11
kW, 42 liter/min positive displacement pump/motor assembly, a custom-made, 2-jet Pelton turbine, and a 5 kW single phase
120 VAC 60 Hz electrical generator (not shown in Figure). The system was designed to operate with air as the gas and water
as the liquid at pressures from minimum of 70 bar to maximum of 130 bar. Maximum pressure was limited to 130 bar in
order to comply with laboratory safety regulations where the testing took place. In accounting for pump/motor, turbine and
electric generator losses, the 91% indicated efficiency reduces to 66% round-trip efficiency for the first-generation GLIDES.
For second generation GLIDES, 84% round-trip efficiency could be achieved. Please note that the round-trip efficiency
greatly depends on different configuration and turbomachinery efficiencies [18] [19].

2.2. Mathematical Model
All the parameters and decision variables are listed in Table 1.

Table 1: Notation table for capacity planning model

Acronym
BG,SG Buying from, selling to power grid

PV,CS,EV Solar panel, charging slots, electric vehicles
GS,BS,ES GLIDES, battery, energy storage deployed (GS, BS)

PM,MO,T R,GT Pump, motor, turbine, generator in GS
Design Variables

SPV ,SES Designed PV area, Energy storage capacity
NCS,A Charging slot number, daily mean EV arrival number

Design Parameters
U,M,Lp,r Unit cost, Maint. cost, project lifetime, interest rate

NES Battery cell number for BS, or vessel number for GS
Operation Parameters

R̃,γ Stochastic electricity price, coef. of degradation cost
S̃ol,η Stochastic solar radiation level, efficiency
λ̃,µ Stochastic EV arriving rate, charging rate

PG,PG Min, max limit for power exchange
α,α Coef. of lower and upper storage limits (BS & GS)
β,β Coef. of dis-/charging power limits (BS & GS)
V ,V Min, max liquid volume in GS
F ,F Min, max liquid flow rate in GS

PS,PS Min, max air pressure in GS
Operation Variables

p,e Electricity power, energy level
xc,xd Binary status of charging, discharging of BS
xp,xg Binary status of pumping/generating of GS
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vc,vd charging, discharging flow rate of GS
v, ps liquid volume level, pressure level in GS

A. Objective Function
The objective COb j here is to minimize capacity planning cost and subsequent operational cost.

CInv =UPV ·SPV +UES ·SES +UCS ·SCS (1)
CMtn = MPV ·SPV +MES ·SES +MCS ·SCS (2)

Cs
Opr,t =

[
R̃s

BG,t · ps
BG,t − R̃s

SG,t · ps
SG,t

−Rs
EV,c,t · ps

EV,c,t + γES · (ps
ES,c,t + ps

ES,d,t)

]
(3)

COb j = ∑s,t ωs ·Cs
Opr,t −CInv · r·(1+r)Lp

(1+r)Lp−1
−CMtn (4)

CInv, CMtn denote the investment and maintenance costs, which are a function of three main design components of the
charging station: solar panel area, energy storage capacity, charging slots. Cs

Opr,t is the operation cost for each scenario s at
time t, including revenue from selling electricity to power grid and EV fleets, payment for electricity bought from the power
grid and EV fleets, and degradation cost from frequent charging/discharging of the energy storage system and EV fleets.
ωs is the scenario probability. Note that the investment cost CInv needs to be converted and allocated into the unit planning
period based on the interest rate (see Eq.(4)), say 1 year.

B. Power Balance
The power balance between generation and demand is modeled in Eq.(5)-(7).

ps
PV,t ≤ SPV · S̃ol

s
t ·ηPV (5)

PG≤ ps
GS,t + ps

GB,t ≤ PG (6)

ps
PV,t + ps

GB,t +NES · ps
ES,d,t + ps

EV,d,t = ps
GS,t +NES · ps

ES,c,t + ps
EV,c,t (7)

The PV power generation is modeled in Eq.(5) using an inequality constraint to allow the PV generation to be curtailed when
necessary. The power exchange between the charging station and power grid is restricted by Eq.(6) to limit the impact on
power grid. System-wide power generation and consumption is balanced in Eq.(7). NES can be used to represent either the
battery cell number or pressure vessel number depending on which energy storage technology is chosen.

C. EV Battery Dynamics
To model the mobility of EV fleet, M/M/n/n Queue (Erlang-loss system) is adopted [25] where EV arrivals are assumed

to follow a Poisson process and their charging times are exponentially distributed. Aggregated EV charging behavior is
modeled through Eq.(10)-Eq.(12).

Prs
bl,t = [(̃λs

t /µ)NCS/NCS!] · [∑NCS
n (̃λs

t /µ)n/n!]−1 (8)

Ms
t = (̃λs

t /µ) · [1−Prs
bl,t ] (9)

es
EV,t = es

EV,t−1 +(ps
EV,c,t ·ηEV − ps

EV,d,t/ηEV ) (10)

es
EV,t=T ≥ Es

EV,0 +DEV ·∑T
t {̃λs

t · [1−Prs
bl,t ]} (11)∣∣es

EV,t − es
EV,t−1

∣∣≤ (1−δ
s
EV,t) ·SEV ·M

s
t (12)

Accordingly, the probability that the charging station is full or blocked Prbl and the hourly mean number of charging cus-
tomers M are calculated in Eq.(8) and Eq.(9). λ̃, µ, NCS are EV arriving rate (how many EV arrivals averagely in one hour),
EV charging rate (how many EV are charged averagely in one hour for one charging slot), and total number of charging slots.
es

EV,t is stored energy level in EVs, DEV is average energy demand of EVs, SEV is average battery capacity of EVs. δs
EV,t is

utilization factor of EV battery.
D. Energy Storage Dynamics
For the energy storage system equipped in the charging station, two options are considered and compared. One is battery

storage system and the other one is GLIDES system. The two energy storage systems are modeled exclusively, however,
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both share the same design variable for capacity SES. For the GLIDES, the power capacity SES are then used in Eq.(13)-(15)
to calculate the size SV of the pressure vessel and max liquid volume V GS.

Est =
PS · (PS/PS)−

1
m −PS

m−1
(13)

SV =
SES · storagetime

ηRT E ·Est
(14)

PS/PS = [(SV −V GS)/(SV −V GS)]
m (15)

Eq.(13) is used to calculate the energy stored per unit of volume joules/m3 in the compression/expansion process. This
relationship will be used along with the desired power capacity SES, storage time and estimated round-trip-efficiency to
calculate the required pressure vessel size SV using Eq.(14). The maximum liquid volume in the pressure vessel is obtained
using Eq.(15). m is polytropic index.

(1) battery storage system (BS)

xcs
BS,t + xds

BS,t ≤ 1 (16)

SES ·αBS ≤ es
ES,t ≤ SES ·αBS (17)

es
ES,t = es

ES,t−1 +(ps
ES,c,t ·ηBS− ps

ES,d,t/ηBS) (18)

SES ·βBS
· xcs

BS,t ≤ ps
ES,c,t ≤ SES ·βBS · xcs

BS,t (19)

SES ·βBS
· xds

BS,t ≤ ps
ES,d,t ≤ SES ·βBS · xds

BS,t (20)

The charging/discharging behavior of the BS is modeled in Eq.(16)-Eq.(20). If BS is adopted to be deployed in charging
station, then the capacity planning model becomes [Eq.(1)-Eq.(12), Eq.(16)-Eq.(20)].

(2) GLIDES storage system (GS)

xps
GS,t + xgs

GS,t ≤ 1 (21)

V GS ·αGS ≤ vs
GS,t ≤V GS ·αGS (22)

vs
GS,t = vs

GS,t−1 +(vcs
GS,t − vds

GS,t) (23)

V GS ·βGS
· xps

GS,t ≤ vcs
GS,t ≤V GS ·βGS · xps

GS,t (24)

V GS ·βGS
· xgs

GS,t ≤ vds
GS,t ≤V GS ·βGS · xgs

GS,t (25)

pss
GS,t/PS0 = [V GS−V0]/[V GS− vs

GS,t ]
m (26)

ps
ES,c,t ·ηPM ·ηMO ≤ vcs

GS,t · pss
GS,t (27)

ps
ES,d,t/(ηT R ·ηGT )≤ vds

GS,t · pss
GS,t (28)

Instead of the BS, if the GLIDES system is chosen, then Eq.(21)-Eq.(28) will be included in the model, and the capacity
planning model becomes [Eq.(1)-Eq.(15), Eq.(21)-Eq.(28)].

In the charging/discharging process, the liquid volume v in the pressure vessel and the liquid speed vc, vd are restricted
by [V ,V ] and [F ,F ]. Eq.(26) comes from polytropic gas compression/expansion process between a minimum and maximum
pressure Pascal. This models the relationship between the gas pressure ps and liquid volume v in the vessel where PS0 and V0
are the initial pressure and liquid volume. Moreover, the power exponent m is the polytropic index, set to be 1.2 based on the
experimental data available from first lab-scale proof-of-concept GLIDES prototype in ORNL. In the charging/discharging
process, the electricity power could be calculated using the fluid power equations in Eq.(27)-Eq.(28).

3. SURROGATE MODEL FOR CO-OPTIMIZATION
A surrogate model (or meta-model/ response surface) involves model fitting or function approximation of the sampled

data from the design variables and responses based on the detailed analytical model [26]. Of particular interest, one regression
based and two interpolation based meta-models are considered. Since our responses will be simulated from the mathematical
model proposed in previous section,a noise-free fitting process is appropriate.

(a) Polynomial regression model (PR)
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Polynomial regression is derived as the general version of linear regression, which has been extensively applied in data
learning domains. As a parametric technique, some functional relationship (e.g. the polynomial order) will be presumed and
chosen for the design variables and the responses [27].

f̂ (x) = ∑
nb
i=1 wiψ

i (29)

where, f̂ is function approximation for variables vector x, ψ is the basis function, and nb is total number of basis functions,
For instance, with polynomial order 2, ψ ∈ {1,x1,x2,x1x2,x2

1,x
2
2}. wi is the unknown coefficient which directly reflect the

significance of different design variables, it is usually obtained by least squares method.
(b) Radial basis function model (RBF)
The RBF model gives predictions based on the weighted combination of the distances between the prediction site x

and the centres c(i) of the basis functions [28]. RBF is a single-layer neural network with radial coordinate neurons, and
demonstrates very good performance on highly nonlinear mapping relationships in a number of literature. It has the fixed
form in Eq.(30).

f̂ (x) = wT
ψψψ = ∑

nc
i=1 wiψ(||x− c(i)||) (30)

where, ci denotes the ith of the nc basis function centres and ψψψ is the nc-vector containing the values of the basis functions
ψ themselves. wi is the unknown interpolation coefficient which could be easily determined using interpolation conditions.
Several popular basis functions for RBF are fixed functions: cubic ψ(r) = r3, thin plate spline ψ(r) = r2 lnr, more freedom
with parametric function: Gaussian ψ(r) = e−r2/(2σ2), multiquadric ψ(r) = (r2 +σ2)1/2, etc, σ has to be tuned.

(c) Kriging model (Kriging)
Kriging (also know as Gaussian process regression) is an interpolation method [29], assuming that the deviations from

regression model F(x)βββ, even though the responses may in fact be deterministic, may resemble a sample path of a (suitably
chosen) stochastic process Z with zero mean and stationary covariance. The correlations are given by kriging basis function
Eq.(33) which depends on the absolute distance between the sample points |xi

j− xl
j| and the parameters p j and θ j.

f̂ (x) = F(x)βββ+Z(x) (31)

F(x) = [ f (x(1)), . . . , f (x(n))] (32)

Cov[Z(xi),Z(xl)] = σ
2
ψψψ (33)

ψ
(i) = exp(−∑

k
j=1 θ j|x

(i)
j − x j)|p j) (34)

where βββ is the weight vector, k is the index for design variables, i and l are indices of sample points n. Compared to the
Gaussian radial basis function with 1/σ2 in RBF (ψ(r) = e−r2/(2σ2)), the kriging basis function has a vector θθθ allowing the
width of the basis function to vary from variable to variable, which indicates the importance of this variable due to its large
influence. The exponent ppp allows the degree of each dimension of design variables x to vary (typically p j ∈ [1,2]). When θθθ is
constant and ppp = 2, kriging basis will be exactly the same as Gaussian radial basis function ψ(r) = e−r2/(2σ2). Kriging gives
best linear unbiased predication, but the computation of parameter θθθ and ppp in correlation function could be time consuming
using maximum likelihood estimation.

General steps of surrogate modeling process [30] follows the flowchart in Figure 4. In step 1, Latin Hypercube Sampling
is adopted for design space sampling; the proposed optimization model is used to generate the training data set in step 2; for
the chosen surrogate models in step 3, a cross-validation approach is used to evaluate the model performance in step 4; in
the last step, if the mean squared error is within the tolerance limit, then the process terminates, otherwise, new designs will
be added to previous samples (please note that the latin property has to be maintained).

Design Space 

Sampling

Training 

Data 

Generation

Surrogate 

Model 

Selection

Add New Designs

Infill Criteria

Model 

Training,  

Validation

LHS Simulation Meta-models Cross-Validation Error Based

Fig. 4: Overall surrogate modeling process
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4. NUMERICAL EXPERIMENTS
4.1. Scenario Generation and Parameters

For the listed four design variables in Table 1, they are sampled in a 4-dimensional space using space filling technic
(Latin Hypercube Sampling). Their value range is assumed as: SPV ∈ [200,1000] (m2), SES ∈ [100,800] (kW), NCS ∈ [5,25],
A ∈ [0,150]. Totally 2000 design combinations (design points) are sampled from the design space initially.

In proposed capacity planning model, a typical summer day (middle of July) and winter day (middle of January) are
chosen to simulate the operation, and the summed objective value of these two days are multiplied by 366/2 to estimate a
whole year’s operational objective. Three stochastic parameters are considered in the operation, electricity purchasing price
R̃BG (electricity selling price R̃SG is assumed to be the same), solar radiation S̃ol [31] [32], EV arriving rate λ̃ [33]. To
simulate the randomness, these three parameters are sampled uniformly with fluctuation range ±30% based on their base
level. Initially 100 scenarios are sampled. To reduce the computational burden and capture main stochastic information,
simultaneous backward method [34] is implemented to trim down the deteriorated scenarios. Initial 100 scenarios are
reduced to 5 final scenarios. The final scenarios are plotted for these three parameters, Figure 5(a), 5(b), 5(c). EV charging
price [35] is also given in Figure 5(d). Please note that, the generated hourly EV arriving rate will be adjusted randomly to
ensure total EV arrival number equals the specific designed daily mean EV arrival number A.
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Fig. 5: Plots for S̃ol, R̃BG, λ̃, REV,c

Table 2: Parameters for one battery cell in battery storage

[UBS,γBS]($/kW) MBS($/kW/yr) αBS,αBS β
BS
,βBS ηBS

[1533, 0.008] 20 0.05, 1 0.1, 0.25 0.95

Table 3: Parameters for one pressure vessel in GLIDES system

SV (m3) [PS,PS] (kpa) [V ,V ] (m3) V0,P0 ηPM , ηMO

92.331 [7000, 13000] [0, 37.211] 18.605, 9170.095 0.9, 0.9

ηT R,ηGT αGS,αGS β
GS
,βGS [UGS,γGS]($/kW) MGS($/kW/yr)

0.9, 0.9 0, 1 0.1, 0.25 [700, 0] 0

For the purpose of comparing battery storage and GLIDES system, we assume one battery cell and one pressure vessel
for GLIDES has same power capacity 20 kW and 4 hours discharging duration (fixed duration length for all samples).
Then the final cell number and vessel number can be determined once the designed power capacity is sampled. The other
parameters of battery and GLIDES are also listed in Table 2 and Table 3 equivalently. Unit cost of battery (medium duration
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0.5-2 hours) is adopted from market report [14], maintenance cost is adopted from reference [36]. And degradation cost
of battery could be estimated based on reference [16], γBS =

UBS
24·365·20 , assume the lifetime of battery is 20 years. Unit cost

UGS of GLIDES depends greatly on the material that pressure vessel is made of, e.g. high-pressure pipe segments, carbon
fiber, steel, etc. The cost details and reduction opportunities of GLIDES system could refer to [37] [38]. Maintenance cost
MGS for GLIDES is assumed to be zero here, but it needs to be noted that it will raise some non-neglectable cost if a more
complex-higher efficiency system is used. All components efficiency of GLIDES system are set to be 0.9, e.g, efficiencies of
pump, motor, turbine and generator. Other parameters are set as: PG,PG = [0,1000] (kW), EV charging rate µ = 1, project
lifetime Lp = 50 year (yr), interest rate r = 0.05, unit cost UCS = 3600$, UPV = 508$, maintenance cost MCS = 80$/yr,
MPV = 10$/m2/yr. PV efficiency ηPV = 0.75, average EV battery capacity SEV = 100kW, average EV demand DEV = 40kW,
utilization factor of EV battery δEV = 0.

4.2. One Day’s Operation of GLIDES
To better illustrate the operation of GLIDES system in charging station, one summer day is chosen to demonstrate

volume-pressure relationship in charging/discharging operation of GLIDES. The design sample (point) is given as SPV =
897m2, SES = 385kW, NCS = 14, A = 90. To weak the potential impact from previous day, the final level in the end hour of
each day is demanded to be the same as initial level V0 in Table 3. The liquid volume and gas pressure level in the pressure
vessel is shown in Figure 6.
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Fig. 6: Volume and pressure level in one pressure vessel of GLIDES

Following the electricity price pattern in Figure 5(b), generally, the liquid is pumped into storage vessel during non-peak
hours (about hour 1-3 and hour 17-20), and the gas is squeezed above with pressure increasing. In peak hour periods, the
pressure vessel discharges the liquid flow through hydraulic turbine which drives an electrical generator to generating power.
Please note that, this operation curve is not only resulted by electricity price alone but also the solar radiation level, total
charging demand from EVs, etc.

4.3. Response Surface of Surrogate Models
In this subsection, the surrogate models (PR, RBF, Kriging) are trained and constructed based on all the design samples.

The annual net profit (COb j in Eq.(4)) is aimed and chosen as the response or dependent variable in the training process, and
the four design variables, SPV , SES, NCS, A are the independent variables.

As mentioned, the operational revenue from summer and winter day are summed together and times 366/2 to estimate
one year’s operational revenue. For the comparison purpose, the converted annual investment cost, annual maintenance cost
and annual operational revenue are shown in Figure 7 for the first 100 design samples for both battery storage and GLIDES,
the power capacity of the first 100 samples covers from 100 kW to 790 kW. Note that the 100 samples on x-axis are in
ascending order based on energy storage capacity SES only, the other three design variables are not in any order. Under
current data settings, for each sampling configuration, GLIDES system has great advantage on investment and maintenance
cost in Figure 7(a) and Figure 7(b). When the power capacity is lower, for example the sample point 2 and sample 15 in
Figure 7(e), battery system could have a slightly better net profit depends on other design variables. After the sample 16 on
x-axis (around 200 kW), even though the operational revenue with GLIDES system is lower than the design with battery
system, net profit for the design with GLIDES system is still higher than the design with battery system and increasing. This
result indicates that, due to high round trip efficiency, the design with battery system has a better operational revenue while
net profit prefers GLIDES system when all investment are included, and the advantage of GLIDES increases along with
needed capacity in Figure 7(e). Please note that, revenue and net profit could be negative if the designed power capacity is
too large and mean daily EV arrival number through the year is not big enough to cover total cost.
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Fig. 7: Annual cost comparison for battery and GLIDES

Table 4: NRMSE metrics for trained surrogate models

– PR RBF Kriging Mix-KgPc Mix-RcPc

Battery 0.0343 0.0430 0.0068 0.0091 0.0349

GLIDES 0.0356 0.0436 0.0112 0.0142 0.0359

Based on all samples, totally five surrogate model are developed: PR with cubic, RBF model with cubic radial basis
function, Kriging model with Gaussian correlation function and second order regression polynomial model, also two mixed
model Mix-KgPc (ensambled Kriging and PR model) and Mix-RcPc (ensambled RBF and PR model). Each model is
validated using a cross-validation approach, 10-fold cross validation is applied with splitting 90% samples as training subset
and 10% as validation subset to prevent over-fitting. An accuracy measure, normalized root mean square error (NRMSE),
is used to evaluate the performance of each surrogate models, see Table 4. It is observed that interpolation Kriging model
works best for both battery storage and GLIDES system, and is chosen for prediction purpose.

When daily mean EV arrival number could be estimated in a certain area, sliced response cubes in the remaining 3D
design space (PV area, Storage capacity, Number of charging slots) could be generated. Take GLIDES system as an example,
Kriging model is adopted to predict annual net profit in the design space, see Figure 8(a)-8(b). When daily mean EV arrival
number is very small, for example, A = 5 in Figure 8(a), the best configuration is given at 724 m2 PV, 166 kW power capacity
for GLIDES and 20 charging slots, with predicted annual net profit $5.32× 104. It could result in negative incoming if initial
investment is too high. With increased EV arrivals, A = 55, the most potential profit area moves towards a larger storage
capacity, the best configuration is at [1000 m2, 222 kW, 24] with estimated annual net profit $2.54 × 105.

Although trained surrogate models are much more efficiency in depicting the solution space than conventional optimiza-
tion models, it needs to be aware of some common limitations in meta-model techniques. First of all, a uniform level of
model accuracy throughout the design space requires a uniform spread of sample points, the adopted sampling techniques
and sample numbers will greatly determine prediction accuracy. Secondly, the key limitation is so-called “curse of dimen-
sionality”, if the problem being dealt with has many dimensions, the number of points needed to give reasonably uniform
coverage rises exponentially.
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(a) (b)

Fig. 8: Sliced response cube for annual net profit (A = 5) and (A = 55)

5. CONCLUSION
In this research, sizing optimization for charging station is studied with the objective of maximizing possible annual

net profit composed of initial investment, maintenance cost and subsequent operation revenue. Capacity planning model is
proposed first with the operation of battery storage or GLIDES system. Annual cost comparison has shown GLIDES system
is more cost beneficial in terms of lower lifetime capital cost, maintenance cost and thus higher net profit. Although battery
system could have a better profit due to high efficiency when power capacity is low, it is safe to conclude that GLIDES
system will performs better than battery system in final profit when needed power capacity increases (in the studied case
here, after 200 kW). Considering the range of arrived EV in different area, surrogate modeling is adopted to build more
general data-driven decision models. With trained interpolation Kriging model, the meshgrid response surface in the whole
design space are plotted, which gives annual profit prediction for different design configurations. For future study, other
behind-meter applications of GLIDES (e.g. in smart buildings) will be focused and the ability of GLIDES in integrating
possible low-grade waste heat sources will be explored.
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