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ABSTRACT

Residential energy generation with lithium-ion battery energy storage offers homeowners the potential for energy
independence, lower electricity bills, increased resilience, and reduction in carbon emissions. The aim of this study is twofold:
(1) in-situ performance evaluation and (2) data-driven simulation (using historical data for training in order to predict year-
round scenarios) of 75 grid-connected single-family homes in Atlantic Canada. Each home is equipped with a 5 kW (17.1
kBtu/h) rooftop PV system and 13.5 kWh (46.1 kBtu) battery energy storage. Thirty-eight homes have been programmed for
time-of-day electricity rates using a time-based control strategy and the other 37 for resilience (backup reserve strategy) using
flat rates. The study provides a rich and diverse sample of single-family homes, including vintage: 1960-2010; primary heating
system: electric baseboard, mini-split heat pump, furnace, or wood stove; and battery install location: basement or garage.
The analysis uses smart meter, inverter, and battery energy management telemetry data. The first part of the study includes
quantification of demand reductiont, bill savings, and aggregated energy savings. Winter round-trip efficiency was determined
to be 92% for basement and 91% for garage installs, based on weekly round-trip calculations. The second part of the study
describes a data-driven Discrete-Event Simulation (DES) framework for residential grid-connected PV and battery energy
storage (PV/battery) via a simple energy balance model. Here, we focused on modelling the time-based control battery mode
of operation. The model was validated by comparison with in-situ PV/battery data from the PV/battery installations. The
purpose of developing the DES model is to provide a highly-accurate in-situ-data-driven tool to estimate year-round PV/battery
performance for existing as well as future systems. Results indicate that the DES model is promising, especially for the

discharge cycle, while the charge cycle may require calibration.

INTRODUCTION

Behind-the-meter renewable energy sources coupled with electrochemical energy storage has been considered an efficient
method to mitigate operational carbon emissions as well as to manage peak demand on the grid level (DiOrio et al., 2015).
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Faraji and Hemmati (2022) modelled the concept of district energy system comprising of five buildings through non-linear
simulation in MATLAB/SIMULINK on an integrated model of a decentralized renewable system (e.g. wind turbines, solar
photovoltaic (PV)) and a central battery storage. DiOrio et al. (2015) used System Advisor Model (SAM) (Blair et al., 2014)
to study behind-the-meter storage coupled with solar PVs in commercial buildings in California and Tennessee, U.S. under
various dispatch strategies, e.g., manual scheduling and automated peak-shaving. SAM is a comprehensive, user-friendly tool
for simulating energy systems for performance and financial analyses. It allows the end-user to input location-specific
parameters such as, but not limited to, weather file, system specifications, and load data. However, it has some limitations
related to the battery dispatch and ambient temperature. For example, the model cannot predict the performance of batteries
installed in unheated/unconditioned environments, various battery modes of operation, and battery response during grid outage.
Results pertaining to combined PV/battery performance remain elusive due to SAM’s high sensitivity to the scenario
parameters and location-specific information (DiOrio et al., 2015). Also, DiOrio et al. (2018) simulated a DC-connected stand-
alone solar PV coupled with battery storage in a hypothetical residence in Honolulu, enabling full PV self-consumption to
avoid power export to the grid due to the restrictive interconnection. However, field demonstration had not been addressed yet.

The literature lacks studies that demonstrate PV/battery performance under real conditions and that use these data to
validate simulations. This study is unique in having a large, long-term set of field data on rooftop solar PV and battery energy
storage (PV/battery, thereafter) systems, which we use to evaluate, simulate, and validate PV/battery system performance. One
half of the installs was programmed for time-based control and the other was programmed to provide backup reserve. The
systems were installed in summer 2022 and this paper reports on data collected until summer 2023. This is the first of several
papers to to be published about this project, which will continue to monitor the in-situ behaviour of PV/battery systems until
March 2024.

Two methods were applied for the analysis of solar and battery telemetry data from 38 dwellings on time-based control.
The first approach was data-driven (i.e., black box) and the second approach was the grey box model that used Discrete Event
Simulation (DES). The latter approach uses in-situ household demand and solar generation as input to the simulation model.
This paper includes a comparison between simulated and in-situ battery performance to validate and improve the simulation
algorithm. Once validated, the simulation tool can be used to perform what-if analysis by modeling informational (e.g., cost,
system configuration, sizing, system efficiency) and environmental (e.g., GHG emissions factors, climatic, geographic) changes
in a given system to study the effect of those changes on the model’s behaviour. Having a dynamic simulation model that
mimics the in-situ battery performance will enable researchers to apply embellishments and conduct ‘what-if?’ scenarios to
move closer to the optimum results for greenhouse gas mitigation, peak management, and sizing systems for cost reduction.

METHODOLOGY

Buildings and Data Sets

This paper reports data from a large, long-term investigation of the integration of smart grid technologies in homes in one
community in Atlantic Canada where 75 homes have been equipped PV/battery systems. Each household was equipped with a
SkW (17.1 kBtu/h) rooftop PV system installed at a unique tilt angle and azimuth angle. All battery capacities were 13.5 kWh
(46.1 kBtu) with the maximum charge/discharge rate of 5 kW (17.1 kBtu/h), minimum backup reserve of 20% of the maximum
capacity (80% available for on-site use), and system losses at 10%. All of the homes in this sample use electricity as the primary
heating energy source. Thirty-eight homes have been programmed for the time-of-day (ToD) electricity rates using a time-
based control strategy in which, if the battery was not fully charged, it charged from the grid overnight between 22:00 and
06:59; and discharged preferentially between 07:00 and 08:59 during the time of peak electricity rates. During mid-peak hours,
the battery could be bi-directional: If there was excess solar generation (after meeting household demand), it was used to charge
the battery, but if household demand was not yet met by solar generation (either partially or fully), the battery would discharge
to meet the remaining load. The other 37 homes were programmed for resilience (or backup reserve mode) using flat rates.
Under this mode, homeowners pay flat rate equivalent to the mid-peak rate, generated solar power is used on-site then excess
power is exported to the grid, and the battery is fully charged at all times. However, the battery can discharge in two cases: (1)
power outage (for resilience), and (2) demand response (for peak demand reduction).

Commissioning of PV/battery systems took place between June 2022 and December 2022 at varying installation dates
for each system. For consistency, we selected December 1, 2022 as the start date and July 31, 2023 as the end date for the data



reported in this paper. Telemetry data at hourly intervals from the batteries (electric power grid draw, solar power generation,
grid export, battery charge/discharge, and state of charge), and 15-minute interval smart meter data (electric power draw,
averaged to hourly intervals), and outdoor temperature from the nearest weather station were used in this paper. Though the
Battery Energy Management System (BEMS) supported multiple modes of operation, for example, backup reserve, low backup
reserve, self-powered, time-based control, energy exports, grid charging, and self-consumption, for this paper, only time-based
control was simulated to mimic the in-situ PV/battery performance. The outdoor air temperature from the nearest weather
station was obtained at an hourly interval. The data on electric grid draw, PV generation, grid export, charge/discharge energy,
and state of charge were used for model validation.

In-Situ Processing of PV/battery Data

This subsection presents a description of field data processing and mathematical formulation for analysis of Distributed
Energy Generation comprising of PV/battery (DER hereafter) telemetry data. Timeseries power data includes values from the
battery, PV, and grid. Other parameters such as household load, on-site use, source of power for battery charge, and source of
power for on-site use are not monitored. The power flow for the grid G(?) and battery B(?) can be either negative, positive, or
zero. Depending on how the DER is programmed, the signal (positive or negative) may have different interpretations. The
negative battery power indicates that the battery is charging Bcx(?), and positive battery power indicates that the battery is
discharging Bpex(t), while zero value indicates no power from or to the battery. For grid power flow Gsgr(?), positive Gp,ssr(t)
and negative Gexpspr(t) grid power indicate import and export, respectively, whereas zero or null value Gorrssr(?) indicates
that the house is off-grid, and thus battery islanding mode (backup reserve mode) is activated. Eq. 1 through Eq. 5 below
formulate processing of data. By summing up the real power from S(z), B(t), and G(t), measured household load L(?) is
determined. Also, charge/discharge portions (Eq. 1) as well as the grid import/export portions (Eq. 2) are disaggregated to
calculate on-site use (load match) LM(?) (Eq. 4) and available DER DER..(t) (Eq. 5). Impacts of DER implementation on grid
demand and customer’s bill are expressed in Eq. 6 and Eq. 9, respectively. Monthly energy consumption reduction Changegyii(t)
was quantified by the arithmetic difference between the in-situ monthly net-grid consumption with PV/battery Gszr4cr(?) and
the baseline represented by the monthly household load Licr(?) (Eq. 6). Eq. 7 and Eq. 8 describe the customer’s bill calculation
method for the two scenarios for each dwelling: without PV/battery (household loads only) Bwr(?) and with PV/battery
installation Billszr(?), respectively. Calculation was based on the following rate structure assumption: Non-ToD: ¢11.38/kWh
(¢3.34/kBtu); ToD: on-peak (¢25.64/kWh; ¢7.51/kBtu), mid-peak (¢11.38/kWh; (¢3.34/kBtu), off-peak (¢7.38/kWh;
(¢2.16/kBtu); Export credit: ¢5/kWh (¢1.47/kBtu). Bill saving Changesiu(t) includes export credits, savings due to on-site use,
and peak shifting represented by the difference between the energy bill before and after PV/battery installation (Eq. 9).

A Ben(®), B(@®) <0 (1)
O, B >0
Gimp,spr (D), Gspr(t) >0 (2)
Gspr (t): 4 Gexp,ser(t), Gspr(t) <0

Gorrspr(t), otherwise
Lacr () = Sacr(t) + Bacr(t) + Gspracr(t) (3)
LM(t) = Lacr(t) — Benacr (8) — Gimp,spr,act (£) 4)
DER 4y (t) = Sacr(t) + Bpen,acr () (5)
Changegyia(t) = Gspr,acr (t) — Lacr(£) (6)
BillNT (t) ($) = LACT (t) X Tatepurchase (t) (7)
Billsgr (t)($) = Gimp spr,acr (O (KWh; M]) X rateyyychase ($/kWh; $/kWh) 8)

+ Ggxp,spracr(t) X rategyp(t)

Changeg; (t)($) = Billyr (£)($) — Bspr (£)($) )

Round trip efficiency of the battery (U.S. Energy Information Administration, 2021) was calculated by comparing the
ratio of charge to discharge for garage and basement battery installations separately. We predicted that garage battery
installations would have lower efficiency during winter due to thermal conditioning at temperatures below 0°C (32F). Batteries



should not be located in areas colder than 10°C (50F) unless those areas are heated. On the other hand, the issue of lacating the
battery is important because some jurisdictions require the battery to be separate from the occupied areas of the home as a
safety issue. It is also hypothesized that the discrepancy, if any, between round-trip charge and discharge amounts would be
approximately 10%, reflecting the manufacturer’s round-trip loss factor. Roofttop solar and energy storage systems can mitigate
GHG emissions in two ways: By directly offsetting the use of grid electricity by clean energy generated on-site and by
exporting renewable electricityto the grid (Emerson et al., 2023). As per Table 7 in ANSI ASHRAE 228-2023 (Emerson et al.,
2023), a GHG emission factor of 0.295 kg CO,e/kWh (0.646 b CO»/kBtu) was used for the location where the study was
carried out. In this paper, the hourly GHG emission factors for the study location were not available; hence could not be applied.
However, we anticipate that peak demand reduction, particularly for time-based control PV/battery installations should
contribute to additional GHG emissions reductions. Future publications will address this subject matter in more detail. It should
be noted that GHG emissions factors depend entirely on jurisdiction and on the energy source mix.

Time-based Control Simulation Algorithm

The Discrete-Event Simulation (DES) model (Banks et al., 1984) of the time-based control of battery was created in
Python (Van Rossum & Drake, 2009). A DES is defined by Banks et al. (1984) as “Modeling of systems in which the state
variable changes only at a discrete set of points in time. The simulation models are analyzed by numerical rather than by
analytical methods . Currently, time-series household loads L(#) and solar generation S(#) are used as inputs to the DES model.

The expected output from the model is the energy flows during the charge and discharge cycles and the accumulated
energy stored in the battery at any given time (t). The operational mode of time-based control, which is of primary interest,
follows the pre-defined ToD rates. In this mode, the BEMS is programmed to charge the battery during the off-peak hours, and
discharge during the on-peak hours, while during mid-peak hours, energy flow from the battery can be bi-directional: If after
meeting the household demand, there is excess solar generation Gexp,sr(?) , it is used to charge the battery, but if the household
demand is more than the L4cr(?) > S(t), the battery will discharge to meet the remaining load Gup,sr(?).

There are two model constraints. (1) Energy stored in battery cannot exceed its capacity (13.5 kWh (48.6 kBtu) in the
current study) and cannot go below the backup reserve amount (20%) Og min < Os(¢) < Oz, (2) Charge and discharge rate cannot
exceed the maximum charge/discharge rate Byac(?) of 5 kW (17.1 kBtu/h) in the study.

Three major parameters are determined in steps: (a) initial solar-only on-site use (solar generation met on site where
excess solar generation can be either used to charge the battery or exported to the grid) calculation (out of which excess solar
generation, Gexpsr(t), loads not met on-site yet, Gmpsr(t), and net grid, Gsr(?) are determined), (b) battery status
(charge/discharge) and magnitude B(t), Bci(t), Boen(t) based on ToD, Gsr(t), and amount of energy already stored in the battery
in the previous timestep Op(#-1), and (c) the amount of energy stored in the battery at the present time Qgp(?). In the simulation
model, Bex(?) is represented as a positive value and Bp.n(?) is represented as a negative value. This approach was found to be
logically easier to quantify the energy stored in battery, SOC, and later, on-site use. In other words, we simulated the battery
from the bucket (battery) filling approach. However, in the telemetry data, Bcy(?) and Bpes(t) are represented as negative and
positive values, respectively. In the latter representation, data is recorded from a grid flow perspective: battery charging means
pulling power from the grid, hence Bcx(?) is given a negative signal, and vice versa.

In conclusion, the decision to choose the signals could be up to the applicant depending on the logic they find relevant to
the scope of study and approach. Later, in the Results and Model Validation Section, battery flow signal for simulation will be
reversed to facilitate the comparison and validation both visually and mathematically. It should be noted that in case of a power
outage, the battery switches to islanding mode and thus is allowed to discharge at any time of day, taking into consideration
that it powers only critical loads. Once the battery flow B(?): (Bcn(t), Boen(t)) and energy stored in battery Op(?) are configured,
the following Eq. 10 through Eq. 13 can be applied:

LMgr(t) = S(t) + Ggxpsr(t) (10)
S0C(t)% = Qp(t)/Qp,r X 100 (11)
Gspr(t) = Gsr(t) + Gpxp,sr(t) + B(t) (12)
LMgpr(t) = LMgr(t) + [Bpen (D] (13)

where LMsr(?) is the initial solar-only on-site use, LMsgr(?) is the final on-site use after both solar generation and battery



are considered, where an added on-site use value in the latter is driven from the battery discharge amount. The rest of the
equations are self-explanatory.

RESULTS

In this section, we present a summary of the effects of PV/battery on peak demand, monthly grid energy consumption,
and customers’ bills. Battery round-trip efficiency was also studied for both installation locations: garage and basement

Impact on peak demand. Both time-based control and backup reserve modes of operation were assessed for their impacts
on peak demand reduction on weekdays. Figure 1 summarizes the average weekday 24-hour profile of household loads (red)
and post PV/battery net-grid (black) of dwellings, for (a) backup reserve mode and (b) time-based control mode, grouped by
primary heating system (rows) and season (columns). Under time-based control mode, demand reduction is most significant
during: (1) the peak-time window (7:00 — 8:59) due to battery discharge, and (2) during peak solar generation periods, especially
in summer, due to on-site use. Under backup reserve mode, demand reduction resulted from solar output on-site use, especially
in summer. Furthermore, since backup reserve batteries are fully charged at all times, excess solar generation is fully exported
to the grid. Under the time-based control mode, on-peak and mid-peak demand is significantly reduced due to maximized on-
site use with DER. On the other hand, during off-peak (between 22:00 and 06:59 next day) durations, grid draw has increased,
especially between 22:00 and 01:00 next day (3—4 hours required to fully re-charge the battery). That creates a new peak,
exceeding the original morning peak value. In general, the implementation of electrochemical storage into residential dwellings
under the time-based control mode seems to have a promising potential to mitigate peak loads, but also a potential risk of
developing a new night-time peak because of the battery charging schedule. The rebound effect can be overcome by reducing
the charging rate and dividing it evenly over the off-peak duration or for multiple dwellings by staggering the charge start time.

(a) Mean weekday grid/load profiles for Non-ToD participants (b) Mean weekday grid/load profiles for ToD participants
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Figure 1  The summary of the impact of PV/battery on the grid load (kW) under (a) backup reserve mode and (b) time-
based control mode on weekdays. The solid line represents the mean and the upper and lower boundaries of
the area (range) represent maximum and minimum. The data are grouped by primary heating type (rows) and
season (columns).

Impact on monthly energy consumption. Both time-based control and backup reserve modes of operation were assessed
for their impacts on monthly energy consumption. Figure 2(a) shows the monthly energy consumption savings as a result of
PV/battery implementation for (a) backup reserve mode and (b) time-based control mode, grouped by month. Energy
consumption savings are most significant in summer months due to summer-peaking solar output. Aggregated energy
consumption is primarily reduced due to the implementation of solar generation (source). The batteries contribute to demand
management, bill savings, and electrical power resilience, but may not contribute to aggregated energy savings.

Impact on monthly energy bill. Both time-based control and backup reserve modes of operation were assessed for their
impacts on monthly bills. Figure 2(b) shows the monthly bill savings as a result of PV/battery implementation for (a) backup
reserve mode and (b) time-based control mode, grouped by month.

Impact on monthly GHG emissions. Avoided GHG emissions due the onsite energy usage and export to grid from solar



and energy storage system were estimated. Figure 2(c) shows the estimated monthly GHG emissions reduction as a result of
PV and energy storage system implementation for (a) backup reserve mode and (b) time-based control mode, grouped by month
and source of reduction. It should be pointed out that GHG reduction estimates summarized in this paper are not comprehensive;
other factors could further reduce GHG emissions at scale. For example, DERs may reduce the burden on the grid thus reducing
the requirements for expand grid capacity. Similarly, DERs’ contribution to peak shaving, load flexibility, and demand response
where and when applicable. Table 1 summaries the averaged impacts of PV/battery installations on residential demand, monthly
grid energy consumption, monthly bills, and monthly GHG emissions reduction under the two battery modes of operation for
the eight months of data reported here. Note that aggregated energy consumption reductions are primarily achieved due to on-
site PV generation and its use. Batteries play a role in peak demand reduction and resilience (from the demand perspective), in
bill savings (particularly for ToD homeowners), but not in aggregated energy consumption reduction.
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due to on-site use and renewable energy export under backup reserve mode and time-based control mode.
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Table 1. Summary of Averaged Impacts of PV/battery on Demand, Energy, Bill, and GHG emissions
reduction over Eight Months

Battery mode Demand Monthly energy saving  Monthly bill saving  Monthly GHG emissions reduction
Backup reserve -15% -19% -15%
SI —0.46 kW —402 kWh 190%; 27% 217 kg CO2¢
I-P —1.57 kBtu/h - 1,372 kBtu - 836 419'; 60%; 4783 1b CO2e
Time-based control —19% —21% —29%
SI - 0.53 kW — 413 kWh 991; 432; 1423 kg COze
I-P —1.81 kBtu/h — 1,409 kBtu —$58 218!; 952, 3133 1b COze

IGHG emissions reduction due to on-site ren. electricity use; 2\GHG emissions reduction due to exported ren. electricity; *Sum of ! and 2.



In-situ round-trip efficiency. Figure 3(a) presents the daily scatter between charge (x-axis) and discharge (y-axis) for
(left) basement and (right) garage battery installations. It was found that the scatter can be clearly grouped by day of week due
to the ToD scheduling. The ToD scheduling has significantly affected both the Monday and Friday behaviours and it has also
resulted in a different behaviour for Saturday and Sunday even though they both are labelled as “Weekend”. To elaborate,
during Mondays, possibly following the off-peak mode, the charge amount is significantly higher than its corresponding
discharge counterpart. For Fridays, a fuzzy pattern, mostly flat, is observed. This can be an indication that charge and discharge
amounts may be less dependent on one another, or that another variable is missing. For other weekdays, the amounts of charge
and discharge are approximately balanced for basement installations and lower for discharge for garage installations. For
Saturdays, a wider than any other day of week scatter is observed, reaching up to 33 kWh (113 kBtu) (equivalent to 3 full
battery cycles). Also, the Sunday trend shows a narrower scatter and steeper slope where the amount of charge is limited while
the amount of discharge is approximately twice the amount of charge.

The round-trip efficiency seems to have been affected by the weekly variation due to battery scheduling, so two
approaches were considered to accurately calculate the battery’s round-trip efficiency: (1) to control for the weekly variation
by filtering the daily data and only considering weekdays between Tuesday and Thursday (inclusive) as presented in Figure
3(b) and (2) to further aggregate the battery charge and discharge amounts at the weekly resolution as presented in Figure 3(c).
The weekly scatter is found to be less distorted and easier to utilize to extract the battery round-trip efficiency, even though
groupings are also observed at the weekly aggregate level. The colour gradient in Figure 3 indicates outdoor temperature;
however, we do not see a direct correlation between outdoor temperature and the battery round-trip efficiency. Metadata, such
as peak demand, demand response, or power outage events will be collected and linked to the data for further explanation.
Future work will investigate the possible causes of these groupings. Up to the present time, the effect of location of battery
installation (i.e., basement or garage) on battery performance is insignificant. It should be noted that the sample size of basement
and garage installations is 48 and 27, respectively. Hence, garage installations may be less representative than their basement
counterparts. However, long-term monitoring may reveal the implications of battery location on its round-trip efficiency.
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Figure 3  Scatter plots demonstrating (a) daily in-situ battery charge (x-axis) and discharge (y-axis) performance
(colour scale indicates day of week/day type), (b) daily in-situ battery charge (x-axis) and discharge (y-axis)
performance and (c) weekly in-situ battery charge (x-axis) and discharge (y-axis) performance for only
weekdays Tuesdays — Thursdays. Each plot is grouped by location of battery install: (left) basement and
(right) garage. For (b), colour scale indicates outdoor temperature (°C).



An Ordinary Least Squares (OLS) linear regression fit for the filtered daily aggregates (Figure 3(b)) and weekly
aggregates (Figure 3(c)) was conducted for basement and garage installations and the coefficients of regression were extracted
and summarized in Table 2 where Discharge=K+MxCharge. Regardless of the signal, an absolute coefficient magnitude (or
slope M) lower than 1 indicates that the discharge is lower than the charge magnitude. A slope (M) with a lower magnitude
(i.e., for garage vs. basement) indicates that for garage installations, the round-trip efficiency is lower than that of basement
installations. For example, by substituting a daily charge value of —20 kWh (- 68.24 kBtu) into the daily regression equation
for basement and garage, the discharge amount would be (1) for basement: 1.120 — 0.819% (— 20 kWh; — 68.24 kBtu) = 17.51
kWh (59.71 kBtu) and (2) for garage: 0.748 — 0.846% (— 20 kWh; — 68.24 kBtu) = 17.66 kWh (60.26 kBtu). In fact, it is found
that, for the study period between December and July, the round-trip efficiency for garage installations, taking only weekdays
into consideration, is slightly higher than their basement counterparts, while the opposite is true for weekly aggregated cycles.
In conclusion, the daily weekday round-trip efficiency is found to be 82% and 85% for basement and garage installations,
respectively, and the weekly round-trip efficiency is 92% and 91% for basement and garage installations, respectively. The
weekly round-trip efficiency values are more reliable since they also show a higher R2.

Table 2. OLS Linear Regression Summary

Daily - Weekdays Weekly
Basement Garage Basement Garage
Intercept (K) kWh (kBtu) 1.120 (3.82) 0.748 (2.55) —1.150 (= 3.92) —0.287 (- 0.98)
Coefficient (M) -0.819 —0.846 -0.921 -0.910
R? 0.868 0.881 0.953 0.941
No. observations (No. dwellings) 796 (48) 419 (27) 301(48) 180 (27)

LIMITATIONS AND FUTURE WORK

Limitations to the findings in the current paper are as follows: (1) Results will differ with change in geographic location,
climatic zone, roof configurations affecting PV tilt angle and azimuth angle, and the demographic composition of the
household. (2) The DES model validation was carried out with limited data from winter, spring, and part of the summer seasons
due to PV/battery telemetry data being only available between December 1, 2022 and July 31, 2023. (3) Dwelling and energy-
use behaviour of occupants from this study may differ from the target application (4) Hourly grid electricity emissions factors
at the study location were not available, as a result only monthly GHG emissions reductions were estimated.

Future work will update the results based on at least a full-year’s data collected from the monitored dwellings, as the
study will continue to collect in-situ data until March 2024. The DES model’s efficiency will be improved by calibrating the
battery loss factors to match the calculated round-trip efficiencies. The DES model will also be enhanced to handle more
complex cases such as demand-response events, battery drain, planned backup-reserve events, and power outages. A full year
of improved simulations will be run and then embellishments will be added to the model. Decarbonization potential of the peak
demand curtailment programs will be evaluated after the hourly grid electricity emissions factors are available for the location
of the study.

In order to add a generic feature to this model, future work should implement statistical historical data as input rather than
in-situ load inputs from individual dwellings. However, due to the stochastic nature and the high level of uncertainty associated
with both load (occupant behaviour driven) and renewable energy sources (weather driven), this (stochastic modeling) will
require a larger set of data. Future work would also investigate battery resilience performance during power outages.
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