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Impacts of Dispatch Strategies and Forecast Errors
on the Economics of Behind-the-Meter PV-Battery
Systems

Brian T. Mirletz
National Renewable Energy Laboratory
Golden, Colorado, USA
Email: brian.mirletz@nrel.gov

Abstract—To assess the economic value of batteries in hybrid
PV-battery systems, one must create a dispatch profile for the
battery. Many analyses of battery value assume perfect forecasts
of PV generation and load, determining an upper limit on the
value of the battery. Prior work that accounts for forecast uncer-
tainty often does so in the context of a single dispatch algorithm,
which does not provide a baseline for comparison. Furthermore,
when multiple dispatch algorithms are assessed with uncertainty,
the benefits considered are for diesel generation in a microgrid,
not retail rate savings. This work addresses the gaps in the
literature by comparing the performance of both heuristic and
optimal dispatch algorithms for retail rate savings under forecast
uncertainty, and provides comparisons of the robustness of these
algorithms and their associated estimates of economic value. We
find that using a perfect forecast can overestimate the value of
hybrid PV-battery systems between 1% and 8% compared to the
reality of using a day-ahead forecast, depending on the dispatch
algorithm used. Thus, accounting for forecast uncertainty in
system design and analysis will significantly improve the accuracy
of modeled system values.

Keywords—solar plus storage, batteries, battery dispatch, System
Advisor Model, SAM, behind-the-meter

I. INTRODUCTION

Pairing behind-the-meter (BTM) batteries with solar pho-
tovoltaic systems (PV) can provide numerous benefits to
the customer, including bill reductions, increased PV self-
consumption, and backup power [1]. However, the value of
these benefits is highly dependent on the local conditions, such
as the customer’s utility rate, the battery control method, and
forecast errors [2, 3, 4, 5]. Therefore, accurate estimation of
system value is important for driving adoption.

A key component of system value is the choice of dispatch
algorithm. Mirletz and Guittet 2021 explores the trade-offs
of these dispatch strategies when varying utility rates, with
estimated net present value (NPV) varying by factors of 2.3 or
more for the same system design [4]. Dispatch strategies can
vary by the use case, and both heuristic and optimal algorithms
have been evaluated in the literature [6, 7]. However, these
assume perfect forecasts; day-ahead weather forecasts include
PV production errors ranging from 3% to 14% [8, 9], and
forecasts of peak load have average error rates of 4 to 7% [10].
These forecast errors can cause reductions in system value.
For example, Vedullapalli and Hadidi observed 1.3 to 7.8
percentage point reductions in system profit in demand charge
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reduction with optimal dispatch depending on the forecast used
[11]. Mazzola et al. studied the effect of forecast errors on
dispatch strategies, including load following, cycle charging,
and optimization with a rolling forecast, finding forecast errors
could increase the cost of diesel generation in a microgrid
case between 1.2% and 6.6% [5]. Sahoo et al. accounted
for forecast uncertainty for residential batteries with a sliding
window method and a swarm intelligence-based optimization
algorithm, but only compared their proposed algorithm to
a manual schedule, and no heuristic algorithms that used a
forecast were evaluated [12]. This paper provides the additional
analysis of the financial impact of forecast uncertainty on grid
connected systems, including comparisons between heuristic
and optimal dispatch algorithms that utilize forecasts.

II. METHODOLOGY

This work combines two state-of-the-art techno-economic
decision support tools developed at the National Renew-
able Energy Laboratory (NREL). The System Advisor Model
(SAM) contains technology performance models, including
PV+battery systems, and allows for techno-economic analysis
of systems in multiple financial contexts. The Renewable
Energy Integration and Optimization (REopt) platform is used
to evaluate optimal dispatch strategies, as well as determine
the cost-optimal PV and battery capacities.

The SAM battery model utilizes subcomponent models,
including voltage, lifetime, and thermal models for multiple
battery chemistries [13]. SAM includes several choices for
heuristic dispatch algorithms, including time-based manually
specified schedules [14], automated dispatch for peak shaving
based on forecasted generation and load (peak shaving dis-
patch) [15], and price signals dispatch, which considers utility
rates in addition to those factors [4].

The peak shaving dispatch algorithm in SAM uses forecasts
of generation and load to set a target for power drawn from
the grid at each step, referred to as the grid power target
[15]. If the power from the grid at a step is forecast to be
greater than the target, the battery will discharge. Similarly,
the battery will charge if grid use is forecast to be less than
the target. Prior to this work, the peak shaving and price signals
dispatch algorithms in SAM used the forecast both for the grid
power target and to determine charge and discharge power at
each step. For this paper, the battery is able to observe the
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actual load and PV generation at each time step and charge or
discharge based on the difference between the grid usage and
the target in real time. This does not change the performance
of perfect forecasts, but improved the financial performance of
the look-behind method by a factor of 6 for peak shaving'.

To evaluate the performance of optimal dispatch, we used
REopt’s model predictive control module (MPC). REopt uses
mixed integer linear programming to determine cost-optimal
sizing and dispatch for distributed energy resources, including
behind-the-meter batteries with PV [16]. The MPC module re-
uses some of the core functionality from the REopt sizing and
dispatch optimization to determine optimal dispatch strategies
for use in real-time controls. It should be noted that the stability
of model predictive control relies on only implementing the
first interval of the optimal control plan. However, for this
work only day-ahead forecasts were available so the entire 24
hour optimal dispatch from the REopt MPC module was used
for each day in the simulated year [17]. For this work, the
MPC module re-planned dispatch each hour, with the actual
load and PV generation in the first step of each forecast.

We conducted a case study using actual day-ahead forecasts
of weather from locations in Puerto Rico for 2018 from
the Puerto Rico Grid Resilience and Transitions to 100%
Renewable Energy study. Code and data used in the case
study are available on GitHub?. Load profiles were generated
for a hospital using EnergyPlus, using the day-ahead weather
forecast to generate a day-ahead load forecast in addition to
the actual weather and load [18]. The resulting load profile
uses 6,800 MWh of electricity annually, with a peak load
of 1,267 kW. The utility rate is the time-of-use at primary
distribution voltage rate®, which includes both time-of-use
rates and demand charges. We assumed excess net metering
credits would be compensated at $0.075/kWh at the end of
June each year [19]. Costs for the system is based on the
2022 NREL benchmark [20], which are default parameters in
SAM version 2022.11.21r2. The analysis period for the system
is 25 years, with a 6.4% real discount rate. We assume that
the project can receive a 30% ITC through direct pay and that
the battery can charge from the grid. As of writing, direct pay
requirements are still not published, so if the system was not
eligible, it would uniformly decrease the net present value of
the systems (NPVs). Batteries are replaced when they reach
80% of their nameplate capacity. Additional defaults (such as
AC to DC and DC to AC efficiencies of 96%) are also used.

III. RESULTS

A. System Sizing

System sizing was determined by REopt. Optimal sizing
without considering resilience led to 3.63 MW-ac of PV,
151 kW of battery power, and 280.8 kWh of battery energy.
However, given the building model is a hospital, resilience
is a key consideration, so we re-sized the system with 50%
critical load for a 24-hour outage. This resulted in 3.66 MW-
ac of PV, 514 kW of battery power, and 4,884 kWh of battery
energy. When testing with this size, the SAM battery dispatch
algorithms were unable to meet the critical load during the

Uhttps://github.com/NREL/ssc/pull/683, https://github.com/NREL/ssc/pull/1031

Zhttps://github.com/NREL/S AM-analyses/tree/main/2023/mirletz_laws_pvsc
3https://apps.openei.org/[TURDB/rate/view/5bfdc7925457a33744146¢53
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outage, since the SAM grid outage dispatch algorithm does
not currently have foresight of the outage. In order to meet the
critical load, we restricted the economic dispatch of the battery
to a minimum state of charge of 70%. With this constraint, the
optimal system size was 3.66 MW-ac of PV, 506 kW of battery
power, and 6,574 kWh of battery energy. We assumed that
batteries would be available in 50-kW increments, so rounded
up to 550 kW of battery power and 6,500 kWh of battery
energy for the remainder of the analysis. Note that the rated
battery power is based on the nominal voltage, the actual
maximum power is higher at timesteps with a high state of
charge, and therefore a high voltage. This allows up to 600
kW of discharge power.

B. Forecast Error

The root mean squared error (RMSE) in direct normal
irradiance between the actual weather data and the forecast
weather data is 140 W/mQ, and the mean absolute error
(MAE) is 75 W/m?2, or around 13.6% of the maximum DNI.
This is in line with typical errors in day-ahead forecasts [9].
The RMSE for the PV production data was 493 kW, with
MAE of 249 kW, corresponding to 13.6% of the maximum
generation. The RMSE for the load data was 33.4 kW, with
MAE of 25.2 kW, or around 2.6% of the peak load.

C. Dispatch Results

For this system, we tested the battery with both perfect
forecasts and actual day-ahead forecasts using the following
dispatch methods:

e  Peak shaving dispatch with a rolling 24-hour forecast
(peak shaving).

e  Price signals dispatch with a rolling 24-hour forecast
(price signals).

e  Optimal dispatch with a rolling 24-hour forecast (MPC
24 hour).

e Optimal dispatch with a full-year forecast horizon
(Full-year horizon).

e A time-based schedule with no forecast (Manual dis-
patch).

The SAM dispatch models and the REopt dispatch models
have different underlying models for the underlying battery
and utility rate structures, and the battery power and utility
rate calculations presented here were performed in SAM. Price
signals dispatch is able to account for surplus or consumed
kWh by time of use period during each month, whereas the
MPC algorithm does not track net metering credits over the
course of the month. The full-year horizon forecast does not
have information about the real-time PV and load values, and is
not able to re-plan given the forecast errors. Therefore, we will
not focus on specific NPV values, rather the differences within
each algorithm’s performance when run with and without
forecast errors.

The algorithms respond differently to forecast errors. Peak
shaving will perform charging and discharging according to its
grid power target, but forecast errors may introduce differences
in the target. For example, on the day when the peak occurs in
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TABLE 1. NPV REDUCTIONS FROM USING DAY-AHEAD FORECASTS.

Dispatch Peak Price Sig- MPC 24 | Full-year Manual
shaving nals hour horizon Dispatch
Perfect
Forecast $8,119k $8,840k $8,433k $8,519k $7,639k
NPV
Day-ahead $8,045k | $8,732k | $7,73% | $7.605k | N/A
Forecast NPV ’ o ’ ’
NPV
Reduction 0.91% 1.23% 8.23% 10.7% N/A
%
TABLE II. CHANGES IN ELECTRICITY BILL COMPONENTS FROM
FORECAST ERRORS.
Dispatch Peak Price Sig- MPC 24 Ful!—year
shaving nals hour horizon
Increase in de- 1 gg $5.3k $49.7k $102.1k
mand charge
Percent change
versus perfect | 9.4% 9.4% 52.4% 117.8%
forecast
Increase in en-
eray charge % $4.0k $7.1k $32.3k $5.1k
Percent change
versus perfect 0.3% 0.5% 2.3% 0.5%
forecast %

June, the actual weather and load data produces a grid power
target of 722.4 kW, whereas the grid power target based on the
day-ahead forecast data was 649.5 kW. This tighter grid power
target meant that the battery using the day-ahead forecast data
fully discharged before the peak, resulting in a higher peak
demand charge. The other dispatch algorithms specify power
to or from the battery in each time step, meaning that if there
is not as much PV production as expected, the batteries will
charge from the grid instead. Batteries are allowed to discharge
when load does not exceed PV output, which could allow the
discharge to push PV power to the grid, but the batteries are
not allowed to discharge to the grid by SAM’s powerflow code.

The differences in NPV for each dispatch algorithm are
reported in Table I. Peak shaving dispatch shows the smallest
reduction in system value, followed by price signals dispatch,
MPC, and then full year horizon. Manual dispatch results are
provided for reference, but would be the same regardless of
forecast.

While demand charges only make up 9.6% of the bill
without system, in all cases they make up the majority of the
difference between the bill savings with the perfect forecast
and the day-ahead forecast. Table II summarizes these changes.
Changes in energy savings are smaller, given that all systems
have the same PV production.

Figure 1 shows how the forecast errors reduce peak shav-
ing. The peak demand for June occurs at 11 am, and with
the actual forecast every algorithm except manual dispatch
is discharging at that time. However, the forecast expects the
highest PV production of the day at that time, so the algorithms
using the forecast schedule a charge. The algorithms with real-
time information (peak shaving, price signals, and MPC) stop
charging, while the full-year forecast charges anyway. This
increases the peak demand charge for the hour.

For additional metrics, Table III shows battery throughput
(energy discharged in year 1), round trip efficiency, and percent
of energy charged from PV. The main trend in these data is
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Comparison of forecast and actual dispatch on June 23rd

Actual PV and Load

PV Production
— load

Day Ahead PV and Load
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— load
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Fig. 1. A comparison of dispatch using a day-ahead forecast versus perfect

forecast on June 23, the day of peak grid demand. Negative numbers for
battery power indicate charging, while positive numbers indicate discharging.
The perfect forecast allows the algorithms to plan to discharge at 11 am and
reduce the peak, whereas the expected PV production at that time in the day-
ahead forecast discourages discharging.

TABLE III. BATTERY METRICS. MOST ALGORITHMS DISCHARGE LESS
WITH FORECAST ERRORS. ALL ALGORITHMS CHARGE FROM THE GRID
MORE WITH FORECAST ERRORS.

Energy
Dispatch and | Dis- Round Charge
- Trip Effi- Percent
forecast charged .

Year 1 ciency from PV
Peak shaving - 398 MWh 90.28% 89.6%
perfect
Peak shaving - 311 MWh 90.36% 83.7%
day ahead
Price signals - 546 MWh 89.62% 99.6%
perfect
Price signals - 546 MWh 89.529% 99.49%
day ahead
MPC - perfect 715MWh | 90.08% 99.8%
MPC - day | 58 Mwh | 89.60% 99.9%
ahead
Fetg:’yeaf “PeC 1 802 MWh | 90.72% 99.2%
Full-year - day | 471 v | 90.99% 97.3%
ahead
Manual 470 MWh | 90.50% 100.0%

that the cases using the day-ahead forecast for dispatch tend
to have a lower percentage of energy charged from PV. This
is another potential source of the cost increases in Table II, as
energy from the grid is more expensive.

Due to the 70% state of charge restriction for resilience,
the depth of discharge is low for all cases, and SAM’s battery
degradation models predict that the battery will last for the
entire 25-year lifetime of the system. This is likely to be
an optimistic assumption, but it is consistent between all
dispatch algorithms so we did not examine the costs of battery
replacement in this analysis.

This report is available at no cost from the National Renewable Energy Laboratory at www.nrel.gov/publications.



IV. CONCLUSIONS [3]

We find that using a perfect forecast can overestimate
the value of hybrid PV-battery systems between 1% and
8% compared to the reality of using a day-ahead forecast,
depending on the dispatch algorithm used. For large systems
such as those studied here, this can be $674,000 of value.
Given the impact to project value, accounting for forecast [4]
uncertainty in system design and analysis will significantly
improve the accuracy of modeled system values.

Improving the performance of dispatch while using a fore-
cast could come from real-time controls, improved forecasts,
or algorithmic improvements. Batteries in the field would run
controls sub-hourly, allowing for real-time correction decisions (5]
while facing forecast errors and sub-hourly variability. When
we added real-time information to the price signals dispatch
forecast processing, the NPV increased by 2.9%. Hour-ahead
forecasts of PV generation and load may be more accurate
than day-ahead forecasts.

The most robust algorithm to forecast errors was also the
simplest: peak shaving dispatch. This algorithm’s use of grid 6]
power targets allows for flexible adaptation to changes in actual
load and generation. However, it does not account for load
shifting in its dispatch, which is a major source of value for
the other algorithms. Therefore, future work could develop
different grid power targets for different time of use periods,
allowing for load shifting using this method. Future work could
also examine additional utility rate structures and locations,
ensuring the robustness of the results. (7]
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