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ABSTRACT 
The growing electrification of buildings and vehicles, while a natural step towards achieving global 
decarbonization, poses some challenges for the electric grid in terms of power consumption. One 
way of addressing them is by deploying onsite, behind-the-meter resources (BTMR), such as bat-
tery energy storage and solar PV generation. The optimal design of these systems, however, is a 
demanding task that depends on the integration of multiple complex subsystems. In this work, the 
optimal integrated design and dispatch of BTMR systems for retail buildings with electric vehicle 
fast charging stations is addressed. A framework is proposed, combining high-fidelity simulation 
(of buildings, electric vehicle fast charging stations, and BTMR), predictive control strategies with 
closed-loop implementation, and a derivative-free design method that explores parallelization and 
high-performance computing. Focus is given to the design layer, highlighting the effect of paral-
lelization on the choice of the method, computational effort, and types of results. A case study of 
a big-box grocery store with an EV fast charging station is presented, and its optimal BTMR system 
is identified in terms of equipment sizes, costs (capital, utility, lifecycle, and levelized) and resili-
ency against outages, demonstrating great potential for real-world applications. 

Keywords: Battery Energy Storage, Distributed Generation, Electric Vehicle Fast Charging, Model Predictive 
Control, Derivative-free Optimization. 

INTRODUCTION 
Electrification is held as one of the fundamental pil-

lars for achieving widespread decarbonization, especially 
for historically fuel-dominated sectors such as transpor-
tation (now the largest contributor to greenhouse gas 
emissions in the United States [1]). This trend, however, 
comes with its own challenges. Widespread electrifica-
tion will generate loads not seen in the past – a single 
electric vehicle (EV) fast charger can have a comparable 
load to an entire commercial building or hundreds of sin-
gle-home residences, while a fast charging station can 
overshadow its building counterpart [2]. These loads, if 
not addressed adequately, will incur hefty penalties in the 
form of utility charges and power distribution upgrades. 

One way of reducing the peak demand and overall 
energy consumption of these systems is by employing 
onsite, distributed, behind-the-meter (BTM) resources 
(BTMR), such as energy storage and generation – battery 
storage and solar PV generation being the most notable 

examples – as shown in Figure 1. This allows the system 
to generate renewable solar energy during the day and 
store it for later when either demand or prices are high 
(reducing both energy and demand charges), as well as 
to reduce the peak demand by charging the battery in 
advance and using it instead of the grid to meet the sys-
tem’s demand (reducing demand charges).  

The design of BTMR systems, however, is a chal-
lenging task integrating multiple time scales, complex 
subsystems and application-specific parameters (e.g., 
expected building and EV charging loads, climate data, 
utility tariff, and power distribution capacity). The most 
cost-effective design of such systems also depends on 
their day-to-day operation in response to all these fac-
tors over long time periods. Moreover, the high variability 
of loads such as for EV fast charging requires a high-res-
olution time step to accurately predict system sizes. 

Several tools and works have addressed this prob-
lem in the past. REopt [4], DER-CAM [5], and DER-VET 
[6] are examples of free software tools, while HOMER and 
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Energy Toolbase are examples of commercial software. 
The majority of these tools employ a structured, mixed-
integer linear programming (MILP) optimization frame-
work that solves an integrated design and dispatch prob-
lem. This allows the representation of a large variety of 
technologies [4], buildings and microgrid configurations 
[5, 6], but hinder accuracy. The building (and EV charg-
ing) loads are typically treated as exogeneous inputs, ob-
tained from historical records or pre-computed hypo-
thetical profiles. Detailed simulation models, essential for 
capturing equipment performance and financial mecha-
nisms and validating the solutions generated by the sim-
plified dispatching models, are not supported. The 
closed-loop implementation of the control solutions is 
also a critical missing component, overlooking forecast 
errors and their associated limitations (the projection of 
peak demand charges over the following month being 
one of the biggest challenges). Lastly, 1 minute time dis-
cretization, required to capture EV fast charging dynam-
ics, are difficult to implement (using a year-long horizon, 
necessary for solar generation) without facing scalability 
issues.  

 
Figure 1. Diagram of behind-the-meter resources. 
(adapted from [3]) 

To address these limitations, a novel framework is 
proposed for simulation-based design of BTMR. This 
framework is used as the basis for the NREL tool EVI-
EDGES (Electric Vehicle Infrastructure - Enabling Distrib-
uted Generation and Energy Storage) [7].  

METHODOLOGY 
An overview of the methodology framework is pre-

sented in Figure 2. Each individual component is de-
scribed in the following subsections. 

 
Figure 2. Methodology for sizing behind-the-meter 
resources. 

Simulation 
The simulation environment is composed by three 

main components: building, electric vehicle charging sta-
tion, and BTMR (battery energy storage, PV, thermal 
storage).  In its simplest form, the first two models can be 
pre-solved before running the framework (for instance, 
when solving the base case without BTMR), while the 
third group of models needs to be solved in real-time with 
the control layer. When thermal storage (either active or 
passive) is present (in other words, when the operation 
of building cooling and heating equipment can be shifted 
in time), the building load depends on the BTMR dispatch 
and can no longer be detached and pre-simulated [8]. 
Thus, ideally, all the models would be integrated and 
solved simultaneously, allowing the consideration of in-
teraction effects between them (e.g., battery thermal 
gain affecting the building indoor temperature, or EV 
charging schedule affected by the buildings loads). 

Building 
The building thermal and electrical loads are gener-

ated using EnergyPlus (U.S. Department of Energy, 
2023), a whole building energy simulation program with 
a rich database of construction material properties that 
allows the accurate representation of interactions be-
tween building zones and environment, and its resulting 
energy consumption (e.g., heating, cooling, ventilation, 
lighting, and plug loads). In its most general form, the 
framework allows passing operating setpoints from the 
control block to the building simulation, scheduling the 
operation of electrically-driven HVAC equipment such as 
chiller or heat pumps, in turn affecting the building’s elec-
trical load. The battery is placed inside of one of the 
building’s zones with temperature control, modeling ther-
mal interaction that determines zone cooling loads as 
well as battery thermal degradation and effects. 

Electric Vehicle Charging Station 
The EV fast charging station is simulated using an 

Real-Time Simulation

Building (EnergyPlus)1,
EV Charging (EVI-EnSite)1, 

BTMR: Battery (SAM), 
PV (PVWatts), TES (custom)2

Model Predictive Control

Dispatch BTMR (simplified 
model) minimizing utility 

and degradation costs

Control actions (BTMR dispatch) 
closed-loop implementation

Parallel Derivative-free 
Design

Minimize lifecycle cost

Equipment size: Battery energy storage and solar PV 

State measurements (battery SOC)
Perfect day-ahead forecast

System lifecycle cost (over n years, projected using 
365 days of simulation data)

1Electrical loads can be pre-computed depending on the level of detail required
2Not included in this work
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agent-based model (NREL’s EVI-EnSite [9]). Input data 
includes probability distributions of vehicle arrival time 
and arrival state-of-charge (SOC), the number of vehicle 
arrivals per day or week, as well as general vehicle type-
related characteristics, such as battery size and charge 
acceptance curves (power x SOC). The vehicle charging 
process is simulated by assigning arriving vehicles to un-
occupied charging ports following a certain metric (usu-
ally either first-in-first-out, or a managed-charging 
schedule based on cost minimization). In case all charg-
ing ports are occupied, the arriving vehicles are queued 
and must wait in order to charge. Typically, the charging 
station design (i.e., number of charging ports and charg-
ing port power level) is performed to minimize the queue-
ing time distribution (mean or a certain percentile), the 
latter constructed empirically by repeatedly sampling the 
input distributions in a Monte-Carlo fashion. 

BTMR: Battery Energy Storage and PV 
A detailed technoeconomic BTM battery storage 

model from NREL’s System Advisor Model (SAM) [10] is 
employed to simulate the real system’s performance (as 
opposed to the simplified battery model inside of the 
MPC formulation). This model is able to represent differ-
ent battery types (lithium-ion, lead-acid, redox flow) and 
multiple chemistries of lithium-ion batteries (LMO, LTO, 
LCO, LFP, NMC, NCA) with associated typical voltage 
curves, thermal behavior, and lifetime degradation pro-
files. 

The solar PV panels are modeled using NREL’s 
PVWatts model [11, 12], which considers a grid-con-
nected photovoltaic system with modules/panels com-
posed by crystalline silicon or thin film photovoltaic cells. 
Inputs related to the system's physical characteristics in-
clude power capacity, module and array types, losses, 
array orientation (angles) and mounting type, as well as a 
few built-in module and inverter characteristics. 

Optimal Dispatch/Control 
The battery dispatch/control problem is formulated 

as a Linear Programming (LP) model (Nonlinear Program-
ming depending on the type of battery degradation con-
sidered [13], or Mixed-Integer Nonlinear Programming if 
thermal storage is included [8]). This problem optimizes 
the adjusted cost of operation of the system (utility costs 
and battery degradation). A condensed formulation of 
the LP problem is presented next: 

min𝜙𝜙 =𝐶𝐶𝐸𝐸 + 𝐶𝐶𝐷𝐷 + 𝐶𝐶𝑅𝑅   (1) 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑡𝑡𝑡𝑡  

𝐶𝐶𝐸𝐸 = Δ𝑡𝑡∑ 𝜙𝜙𝑡𝑡𝐸𝐸(𝑃𝑃𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ

𝑡𝑡 − 𝛾𝛾𝑛𝑛𝑛𝑛𝑃𝑃𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠)  (2) 

𝐶𝐶𝐷𝐷 = ∑ 𝜙𝜙𝑑𝑑𝐷𝐷𝑃𝑃�𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚𝑑𝑑     (3) 

𝐶𝐶𝑅𝑅 = �𝐸𝐸𝑚𝑚𝑚𝑚𝑚𝑚 − 𝐸𝐸𝑡𝑡=𝑡𝑡f
ℎ �(𝑅𝑅𝑅𝑅𝑅𝑅 ∗ 𝐸𝐸𝐸𝐸𝐸𝐸 + 𝑅𝑅𝑅𝑅𝑅𝑅)  (4) 

−𝑃𝑃𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 + 𝑃𝑃𝑡𝑡
𝑝𝑝𝑝𝑝 + �𝑃𝑃𝑡𝑡

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ −  𝑃𝑃𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠�+    
�𝑃𝑃𝑡𝑡𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑃𝑃𝑡𝑡𝑖𝑖𝑖𝑖� = 0     (5) 

𝐸𝐸𝑡𝑡 − 𝐸𝐸𝑡𝑡−1 = Δ𝑡𝑡�𝜂𝜂𝑖𝑖𝑖𝑖𝑃𝑃𝑡𝑡𝑖𝑖𝑖𝑖 − 𝜂𝜂𝑜𝑜𝑜𝑜𝑜𝑜𝑃𝑃𝑡𝑡𝑜𝑜𝑜𝑜𝑜𝑜�  (6) 

𝐸𝐸𝑡𝑡=𝑡𝑡0
ℎ 𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝐸𝐸𝑡𝑡 ≤ 𝐸𝐸𝑡𝑡=𝑡𝑡0

ℎ 𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚   (7) 

𝐸𝐸𝑡𝑡=𝑡𝑡f
ℎ = 𝐸𝐸𝑚𝑚𝑚𝑚𝑚𝑚 − 𝐷𝐷𝐸𝐸𝑡𝑡=𝑡𝑡f

𝑡𝑡𝑡𝑡     (8) 

𝐸𝐸𝑡𝑡=𝑡𝑡f
𝑡𝑡𝑡𝑡 = 𝐸𝐸𝑡𝑡=𝑡𝑡i

𝑡𝑡𝑡𝑡 + Δ𝑡𝑡
2
∑ �𝑃𝑃𝑡𝑡𝑖𝑖𝑖𝑖 + 𝑃𝑃𝑡𝑡𝑜𝑜𝑜𝑜𝑜𝑜�𝑡𝑡   (9) 

𝑃𝑃�𝑡𝑡̅
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ = Δ𝑡𝑡

Δ𝑡𝑡̅
∑ 𝑃𝑃𝑡𝑡

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ
𝑡𝑡∈𝑇𝑇𝑡𝑡�     (10) 

𝑃𝑃�𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚 ≥ 𝑃𝑃�𝑡𝑡̅∈𝑇𝑇�𝑑𝑑
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ,   𝑃𝑃�𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚 ≥ 𝑃𝑃�𝑑𝑑

𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖   (11) 

where indices include the time step 𝑡𝑡 ∈ 𝑇𝑇 (initial and final 
time steps 𝑡𝑡𝑖𝑖 and 𝑡𝑡𝑓𝑓); 15-min average time step 𝑡𝑡̅ ∈ 𝑇𝑇�; and 
demand charge periods 𝑑𝑑 ∈ 𝐷𝐷. Special sets include 𝑇𝑇𝑡𝑡̅ (all 
time steps 𝑡𝑡 inside of each 15-min average time step 𝑡𝑡̅); 
and 𝑇𝑇�𝑑𝑑 (all average time steps 𝑡𝑡̅ inside of each demand 
period 𝑑𝑑).  
 Parameters include the difference between time 
steps Δ𝑡𝑡 and Δ𝑡𝑡̅ (hours); battery installed cost per power 
𝐼𝐼𝐼𝐼𝐼𝐼 ($/kW) and per energy 𝐼𝐼𝐼𝐼𝐼𝐼 ($/kWh); battery replace-
ment cost per power 𝑅𝑅𝑅𝑅𝑅𝑅 ($/kW) and per energy 𝑅𝑅𝑅𝑅𝑅𝑅 
($/kWh); time-of-use energy prices 𝜙𝜙𝑡𝑡𝐸𝐸 and demand 
prices 𝜙𝜙𝑑𝑑𝐷𝐷; net-metering factor (representing the lesser 
value of selling power to the grid as opposed to purchas-
ing it) 𝛾𝛾𝑛𝑛𝑛𝑛 (decimal); battery charging and discharging ef-
ficiencies 𝜂𝜂𝑖𝑖𝑖𝑖 and 𝜂𝜂𝑜𝑜𝑜𝑜𝑜𝑜 (decimal), battery degradation per 
energy throughput 𝐷𝐷 (decimal/kWh); energy to power ra-
tio 𝐸𝐸𝐸𝐸𝐸𝐸 (kWh/kW) (from design layer); minimum and max-
imum state-of-charge 𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚 and 𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚 (decimal); and the 
15-min peak power demand from the previous day for 
each demand charge period 𝑃𝑃�𝑑𝑑

𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖 (kW). Forecasted pa-
rameters include the system electrical load (sum of 
building and EV charging) 𝑃𝑃𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 (kW), and PV generation 
𝑃𝑃𝑡𝑡
𝑝𝑝𝑝𝑝(kW).  

 Variables include the battery power charged and 
discharged 𝑃𝑃𝑡𝑡𝑖𝑖𝑖𝑖 and 𝑃𝑃𝑡𝑡𝑜𝑜𝑜𝑜𝑜𝑜 (kW); the battery energy 𝐸𝐸𝑡𝑡 
(kWh), throughput 𝐸𝐸𝑡𝑡

𝑡𝑡𝑡𝑡 (kWh), and health 𝐸𝐸𝑡𝑡ℎ (decimal); 
power purchased from and sold to the grid, 𝑃𝑃𝑡𝑡

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ and 
𝑃𝑃𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 (kW); 15-min average purchased power 𝑃𝑃�𝑡𝑡

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ and 
maximum purchased power in each demand period 𝑃𝑃�𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚 
(for demand charge calculations). All variables are non-
negative reals. 
 The objective function (1) minimizes energy cost 𝐶𝐶𝐸𝐸 
($), demand cost 𝐶𝐶𝐷𝐷 ($), and battery replacement cost 𝐶𝐶𝑅𝑅 
($). Constraints include cost calculations (2-4); power 
balance (5); battery energy storage difference equation 
(6); battery energy bounds based on its health (7); bat-
tery health at the end of the control window as a function 
of its energy throughput (8); battery energy throughput 
definition (9); 15-min averaging of power purchased from 
the grid (10); and 15-min peak demand power calculation 
(11). 



 

Campos et al. / LAPSE:2024.1557 Syst Control Trans 3:417-425 (2024) 420 

 A control horizon of 1 day is used (typical for short-
duration energy storage problems with diurnal patterns), 
with a recalculation frequency of 1 day and a time step 
discretization of 1 minute to accurately capture the high 
variability from EV charging loads (battery and power dis-
tribution must be sized with the instantaneous load in-
stead of averages). After each horizon is solved, a time 
series of control setpoints is provided to the simulation 
for evaluating the response of the subsystems and up-
dating the stationary battery health. Then the final sys-
tem state from the simulation is set as initial point of the 
successive control problem.  

Optimal Design 
Under the formulation described above, the overall 

design problem can be posed as a nested optimization 
problem, in which each evaluation of the design layer de-
pends on the solution of a lower-level layer consisting of 
several coupled control optimization subproblems, fur-
ther complicated by their closed-loop implementation in 
the simulation environment. The objective function (sys-
tem lifecycle cost) is also time-consuming to evaluate (in 
the order of hours), which makes approximating the de-
rivatives via finite-difference methods an ineffective ap-
proach. For these reasons, only derivative-free (black-
box) optimization methods were considered [14, 15]. 

These methods are generally classified according to 
the properties of the black-box oracle function [15], 
which in the present case is assumed to be deterministic, 
generally nonconvex and non-smooth, multimodal (alt-
hough empirically observed to be unimodal), uncon-
strained, with bounded feasible region (decision varia-
bles are typically nonnegative real variables, with upper 
bounds determined from space and weight constraints or 
heuristics), and time-consuming evaluation (hours). The 
latter is a key characteristic that prohibits or hinders the 
application of direct-search methods such as Nelder-
Mead (with a low number of simplex vertices) or trust-
region methods, which require several iterations to con-
verge. 

The ability to parallelize (concurrent) function eval-
uations is considered as a critical feature to determine 
the choice of method. Most optimization methods tend to 
minimize the total number of function evaluations over 
the entire algorithm, as opposed to minimizing the time 
required to solve the problem (typically proportional to 
each other). When each function evaluation is time con-
suming, however, it is more efficient to parallelize as 
many concurrent evaluations as possible, then use the 
ensemble information to perform the search.  

Sequential Grid Search Method 
A sequential grid search method is employed, which 

samples the decision space using symmetric hypercubes 
that begin by covering the whole feasible space and 
shrink around the observed optimum after each iteration. 

In other words, after each iteration, the optimum point is 
identified between two (if the solution lies at the bounds) 
or three (if it falls in the middle) grid points in each direc-
tion, which are set as the new bounds for the reduced 
grid at the next iteration (previously evaluated points are 
reused for the new grid to reduce effort). The number of 
function evaluations for each iteration depends on the 
number of discrete points in each of the grid’s independ-
ent coordinates (variables). For a problem with three de-
cision variables, the number of evaluations will then be 
equal to the number of points to the power of three. This 
points out the major deficiency of this approach, which is 
its scalability with the number of decision variables. While 
it is efficient for this problem setup, it becomes more 
challenging when including other design variables (e.g., 
TES or charging station). The method is illustrated in Fig-
ure 3, showing the evolution of the grid and optimal point 
throughout subsequent iterations.  

 After each iteration, a surrogate model can be 
fitted and the next-iteration grid can be generated 
around the surrogate optimum instead of the sampled 
one. However, the benefit of this approach is not guaran-
teed, as it depends on how well the surrogate represents 
the real underlying function. If the surrogate model does 
not capture the function appropriately, it can mislead the 
search and affect it negatively, adding iterations and in-
creasing the runtime. It was empirically observed that low 
order polynomial models do not add a significant value in 
predicting the true optimum location and were thus not 
employed. 

 
Figure 3. Illustration of a 3-dimensional sequential grid 
search with 5 points in each direction and 3 iterations. 
used to interpolate the optimum location.  

Accuracy and Computational Effort 
The upper bound on the final accuracy level 𝛿𝛿𝑥𝑥𝑛𝑛𝑖𝑖 

(difference between two evaluated points) after 𝑛𝑛𝑖𝑖 
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iterations, using 𝑛𝑛𝑝𝑝 points in each direction (assuming the 
same number of points for all directions), and starting 
with an initial range 𝛥𝛥𝑥𝑥0, is given in (12). Solutions ob-
tained at the grid boundaries at any iteration will have a 
better accuracy due to its one-sided shrinkage (as op-
posed to two-sided shrinkage necessary for non-bound-
ary solutions). 

𝛿𝛿𝑥𝑥𝑛𝑛𝑖𝑖 = (2𝑛𝑛𝑖𝑖−1𝛥𝛥𝑥𝑥0)
�𝑛𝑛𝑝𝑝−1�

𝑛𝑛𝑖𝑖     (12) 

Two ways of refining the solution accuracy consist 
in increasing the number of evaluation points (𝑛𝑛𝑝𝑝) or num-
ber of iterations (𝑛𝑛𝑖𝑖). To guide the parameter tuning de-
cision, the final solution accuracy (relative to the initial 
range 𝛥𝛥𝑥𝑥0) and computational effort (in terms of core-
hours, a typical measure for HPC systems) are presented 
in Table 1. It is assumed that each design evaluation point 
(one year simulation with closed-loop optimal control) 
has a runtime of approximately 2 hours, and that the 
number of cores equals the number of evaluated design 
points. Cells with final solution accuracy under 1% of the 
initial range are highlighted in bold in both tables.  

Table 1: Solution accuracy and computational effort 
over varying number of grid points (cols) and iterations 
(rows). 
𝒏𝒏𝒑𝒑         
𝒏𝒏𝒊𝒊 Final Solution Accuracy (Upper Bound on Error Margin) h 
 % % % % % % %  
 % % % % % % %  
 % % % % % % %  
 % % % % % % %  
 % % % % % % %  
 % % % % % % %  
 % % % % % % %  
 % % % % % % %  
 % % % % % % %  
 % % % % % % %  

 Computational Effort (Core-Hours)  
         
         
         
         
         
         
         
         
         
         

 
For the presented setup, the number of grid points 

should be equal or greater to 5 (using 4 points requires 
at least 10 iterations, which would entail 20 hours of 
runtime), while the appropriate number of iterations var-
ies between 3 and 6 (runtime of 6 and 12 hours). The bot-
tom table shows that computational effort increases 
more rapidly with the number of grid points (total number 
of evaluations/cores per iteration is given by 𝑛𝑛𝑝𝑝3) than it-
erations, although the latter increases runtime linearly by 
2 hours. The final setup (grid coarseness and number of 
iterations) should thus be a function of several factors, 
including required solution time, number of parallel cores 

available, and acceptable solution accuracy. 
In summary, a few conditions that encourage the 

application of this method include time-consuming ob-
jective function evaluation (in the order of hours); small 
number of design variables (up to 3 or 4); high parallel-
ization (100s of concurrent function evaluations); 
bounded feasible region; and an acceptable final solution 
accuracy within 1% of initial range. 

CASE STUDY 

Building Model 
A big-box grocery store building energy model, de-

veloped and validated in [2], was employed in this work. 
This represents a common type of commercial building in 
the United States, at which EV fast charging stations are 
expected to be increasingly deployed in the near future – 
fast charging stations in retail buildings will attract cus-
tomers and bring additional revenue, increasing business 
competitiveness, while also providing charging access to 
disadvantaged areas with lacking access to home charg-
ing. The building model has 18 thermal zones, 136 sur-
faces, and 263 sub-surfaces (e.g., windows, doors), and 
an area of approximately 20,000 m2. Figure 4 presents 
the 3D model of the building, with different zones roughly 
separated by solid roof lines, while the electrical load 
generated by the building (from HVAC and plug loads) is 
presented in Figure 5. 

 
Figure 4. 3D model of the generic big-box grocery store 
from OpenStudio. 

Electric Vehicle Charging Loads 
A fast charging station with two 150 kW charging ports 
and 6 events per port per day was simulated. The load 
profile is presented in Figure 6. Default inputs for com-
monly used EVs were employed (vehicle battery size, 
charge acceptance curves), while the probability distri-
butions (vehicle arrival time and SOC) were correlated to 
the building occupation patterns. The load has a high var-
iability (spikiness), which may not significantly increase 
the total energy consumption, but will likely result in a 
higher peak demand, affecting the sizes of both the 
power distribution system and energy storage, as well as 
utility demand charges. 
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Figure 5. Building electrical load over a week for all 
weeks in a year. 

 
Figure 6. Violin plot (left) and weekly profile (right) of EV 
fast charging electrical load (one week shown as the dark 
line, remaining weeks in the background). 

Utility Rate Structure 
A utility rate tariff structure based on a high-price 

region (PG&E in Northern California) is used. The demand 
and energy prices are shown in Figure 7.  

s  
Figure 7. Utility rate tariff: demand (top) and energy 
(bottom) prices. 

Location/Weather Inputs 
The most relevant location-dependent weather pa-

rameters are presented in Figure 8, namely, ambient tem-
perature (which drives the building energy consumption 
and equipment efficiency) and solar irradiance (which 
drives building heat gains and solar PV power genera-
tion). The city of Tucson, AZ, was chosen as the location 
for the study. 

 
Figure 8. Weather inputs. 

Remaining Inputs 
A summary of the remaining inputs and settings is 

presented in Table 2. 

Table 2: Remaining inputs. 

Input Value 

Life-cycle Analysis Horizon  years 

Discount Rate % 

Battery Installed Cost $/kW + $/kWh 

PV Installed Cost $/kW 

PV initial range  –  kW 

Battery initial range  –  kW 
0 – 10,000 kWh 

Forecast Method Perfect 

PV annual degradation % 

Battery usable SOC range  – % 

Battery Chemistry LMO-LTO 
Battery cost de-escalation rate 
for replacement %/year 

Battery replacement capacity 
threshold % 

MPC time horizon  h 

MPC time step  min 
MPC demand charge time av-
eraging  min 

RESULTS 
The problem was solved using NREL’s high-perfor-

mance computing system Kestrel with dual socket Intel 
Xeon Sapphire Rapids (52-core) processors, 104 cores 
per CPU node, and 256 GB DDR5 memory. The sequential 
grid method was applied with 5 points and 6 iterations, 
achieving an accuracy upper bound of 0.8% of the initial 
range (or lower). 
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Design Solution: System Sizes and Costs 
The main results of the analysis are presented in Ta-

ble 3 for the base case (without BTMR), and the BTMR 
case (both cases with the EV charging station). The iden-
tified BTRM system consists of a battery with 390.6 kW 
capacity and 8.7 hours of duration, and a PV capacity of 
1625 kW, highlighting the potential for PV deployment in 
locations with high solar incidence. Their associated cap-
ital costs follow a similar trend, being dominated by the 
large PV deployment and its higher unit cost. In this set-
ting, the EV supply equipment (EVSE) capital cost is only 
a fraction of the BTMR system (which is not always the 
case, specially for commercial fleets). The benefits of 
BTMR deployment are shown in the metrics associated 
with electricity consumption and utility costs. Annual en-
ergy and peak demand are significantly reduced (by over 
half), in turn reducing their associated utility-related 
charges. The Levelized Cost of Charging (LCOC) (as de-
fined in [13]) demonstrates the positive impact that BTMR 
systems can have on fast charging station deployment, 
decreasing from $0.33/kWh (a typical value in the US) to 
-$0.96/kWh (negative value representing the fact that 
the BTMR system reduces the total operating cost more 
than the EVSE increases it). Finally, the lifecycle net-pre-
sent cost (adjusted capital and operating cost) indicates 
that the BTMR system increases profit gains by $1.41 mil-
lion over the system’s lifetime. 

Sensitivity Analysis 
One of the benefits of evaluating a grid of points (as 

opposed to a narrow search employed by most deriva-
tive-based methods) is that the sensitivity of the objec-
tive with respect to the decision variables can be evalu-
ated. This allows the decision maker to identify design 
solutions with low sensitivity (in which adjusting a design 
variable does not significantly affect the objective func-
tion), adding more flexibility and confidence to the final 
design solution. Figure 9 shows contour plots of net-pre-
sent cost with respect to two decision variables at a time 
(fixing the remaining one at its optimal value). Black dots 
represent points evaluated during the design procedure, 
while contour lines are generated performing interpola-
tion using cubic radial-basis functions (RBF). The top-left 
plot shows a balanced effect between the two variables, 
with nonconvexities arising for large battery duration val-
ues. The top-right plot indicates that the battery power 
affects the design solution more significantly than PV 
size (contour lines are closer to each other). A similar 
trend is observed in the bottom-left plot, where battery 
power seems to affect the objective more significantly 
than battery capacity/duration. The ripples and non-con-
vexities shown in the contour lines (more pronounced in 
the top-left plot) indicate a possibly low quality of the in-
terpolation fit. One way of improving it would be to use a 
larger number of grid points in the design method. 

Table 3: Overview of results: system sizes and costs. 

Variable Base Case BTMR 

System Sizes   

Battery Power --  kW 
Battery Storage 
(Duration) --  kWh 

( h) 
PV Power --  kW 

Capital Costs   
Battery Capital 
Cost -- $ 

PV Capital Cost -- $ 

EVSE Capital Cost $ $ 

Electricity Consumption  

Energy from Grid  MWh/year  MWh/year 
Monthly Peak De-
mand 

 kW max 
 kW mean 

 kW max 
 kW mean 

Utility Costs   

Energy charges $/year $/year 

Demand charges $/year $/year 

Levelized Costs   

EV Charging $/kWh -$/kWh 

Energy (Electricity)  $/kWh $/kWh 

Lifecycle Costs   

Net Present Cost $ M $ M 

Net Present Value -- $ M 

 
Figure 9. Contour plots of net present cost with respect 
to system design variables. 

Dispatch and Load Profiles 
The storage dispatch and load profiles (PV genera-

tion, building and EV loads, and power purchased from or 
sold to the grid) are presented in Figure 10. The first two 
subplots highlight the synergistic effect between battery 
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storage and PV generation, the former being discharged 
soon after the latter starts to decrease. The timing be-
tween PV generation and the building and EV charging 
loads also works in favor of BTMR, allowing most of the 
solar electricity generated onsite to be directly used to 
address the load. Finally, the power purchased from the 
grid shows a significant reduction in peak power demand 
(as well as energy consumption), inverting the time in 
which it happens from day to night, and the utilization of 
the net-metering mechanism to sell electricity back to the 
grid (despite its price being substantially lower than the 
purchase) during periods with solar generation surplus. 

 
Figure 10. Dispatch and load profiles over all weeks in a 
year (week 26 highlighted as the dark solid line). 

Resiliency against power outages 
The cost-optimal BTMR system sized in the previ-

ous section also has the added benefit of providing resil-
iency against grid interruptions. That is, whenever there 
is an interruption in the power grid service (average of 4 
hours, 1.4 times per year in the United States [16]), the 
battery storage (and PV generation) can be used to meet 
the system’s electrical load. However, since the battery 
operates according to a cost-optimal dispatch, there is 
no guarantee that it will be able to meet that load. To as-
sess this, the battery’s SOC at all time steps in the simu-
lated year was used to estimate its resiliency potential 
(how many time steps into the future it would be able to 
meet the system’s load). The result is a probability distri-
bution of resiliency hours, presented in Figure 11. The bar 
plots show the resiliency histogram with two levels of 

time step granularity (hourly and 15-min intervals). This 
graph represents the probability that the provided resili-
ency will be inside of each time interval (e.g., 29% be-
tween 0 and 1 hours, or 21% between 45 and 60 minutes). 
The solid line represents the inverse cumulative distribu-
tion function (with 15-min intervals), or the probability 
that the BTMR will provide over 𝑛𝑛 hours of resiliency (e.g., 
75% of the time the system provides over 1 hour of resil-
iency). The BTMR system provides over 30 minutes of 
resiliency 100% of the time, meaning that it can naturally 
address small outages without having to change its dis-
patching priorities, and can potentially meet up to 23 
hours of future load. 

 
Figure 11. Resiliency provided by the cost-optimally-
sized BTMR (battery + PV). 

CONCLUSIONS 
In this work, the optimal integrated design and dis-

patch of Behind-the-Meter Resources (BTMR) (i.e., bat-
tery energy store and PV generation) for retail commer-
cial buildings with EV fast charging stations was ad-
dressed. A novel modeling framework was proposed, in-
tegrating detailed simulation models (of building, electric 
vehicle fast charging station, and BTMR equipment), 
model predictive control (MPC) strategies for equipment 
dispatch with closed-loop implementation, and a deriva-
tive-free design layer that leverages parallelization and 
high-performance computing. A sequential grid search 
method was employed to solve the design problem, bal-
ancing accuracy and computational effort. Results from a 
case study involving a big-box grocery store retail build-
ing model highlight the benefits of BTMR in reducing en-
ergy and peak demand charges, by generating clean 
electricity onsite, and shifting power purchases from the 
electric grid. Contour plots of lifecycle cost, generated by 
leveraging the parallel evaluations from the design 
method, indicate the design variables that have the big-
gest impact on the objective. Finally, the system’s resili-
ency under grid outages was also evaluated, demon-
strating a good potential for replacing fuel-based alter-
natives. 

Ideas for future work include expanding the case 
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study to assess the potential of BTMR for retail buildings 
across multiple locations and utility rates; including a re-
siliency-based cost in the dispatch objective; considering 
the effect of forecast errors of future electrical load (from 
both building and EV charging station) in the control 
problem; and including carbon emissions in the design 
and dispatch optimization objectives. 
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