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Abstract

This paper evaluates residential energy management systems (EMSs) that combine on-
site renewable generation and battery energy storage in an all-electric house. This work
compares four levels of control complexity: baseline operation, deterministic rule-based
control, an optimization-based benchmark, and adaptive control using machine learning,
predictive control, and a transactive framework. A calibrated gray-box house model
based on the Archetype Sustainable House in Vaughan, Ontario, was used to test each
strategy under the same operating assumptions. The comparison shows a clear trade-off
between simplicity and performance. Deterministic load-shifting strategies are easy to
implement but deliver the lowest savings. The optimized controller provides a practical
upper bound on achievable performance. The machine-learning controller, trained from
optimized historical operation, produced the strongest annual savings and outperformed
deterministic control by a range of about 15–22%. Predictive control showed promise,
but its demonstration was limited by forecast-data quality; more than 40% of collected
forecast files were unusable, leaving only a 10-day continuous case study. A transactive
energy management system delivered moderate direct savings, but its main value was
flexibility, agent-based coordination, and future applicability to community-scale control.
Experimental work further showed that 98% of an air-source heat pump peak-hour load
could be shifted using battery control hardware. Despite these technical benefits, this
study finds that battery-supported residential EMSs remain financially unattractive under
the electricity prices and battery costs considered here. The results suggest that the most
realistic path forward is not a one-size-fits-all controller, but a staged transition from
simple battery logic to adaptive and transactive control as hardware prices fall, data quality
improves, and homes become more connected.

Keywords: residential energy management system; battery energy storage; photovoltaic
systems; smart homes; transactive energy; machine learning; predictive control;
demand response

1. Introduction
Residential buildings remain a major part of energy demand and emissions, and they

are becoming more electrified as space conditioning, water heating, electric vehicles, and
distributed generation spread across the housing sector [1–4]. At the same time, rooftop
solar, smart meters, and household batteries are moving homes from passive consumption
toward active participation in the grid [5–9]. This shift creates a practical need for energy
management systems that are technically effective, simple enough to deploy, and credible
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under real utility prices. The broader net-zero energy framing adopted in this study is
illustrated in Figure 1.

Figure 1. Net-zero energy site boundary used to frame the residential EMS (energy management
system) problem.

For residential EMS design, the central question is not whether a controller can reduce
grid imports in theory. The real question is which level of control complexity is worth
implementing in an ordinary home. A highly optimized controller may perform well in
simulation, but it can also require forecasting tools, communication infrastructure, and
tuning effort that make it difficult to use in practice. A simpler controller may save less
money, but it may be more robust, easier to explain, and easier to install.

The present study addresses that trade-off by comparing several EMS strategies on
the same calibrated house model and under the same tariff and weather assumptions. This
work focuses on battery control in combination with renewable generation because that
combination is now common in discussions of net-zero homes, resilient buildings, and
smart-grid demand flexibility [10–15].

This study is guided by four main objectives:

■ First, the annual energy, cost, and emissions performance of several residential EMS
strategies were compared on the same calibrated house model.

■ Second, the practical complexity of these strategies was assessed in terms of data
needs, forecast dependence, communication burden, and implementation realism.

■ Third, the technical feasibility of battery-supported load shifting and controller inter-
action was checked through targeted proof-of-concept experiments.

■ Fourth, the financial feasibility of battery-supported EMS operation was evaluated
under Ontario electricity prices and battery-cost assumptions.

2. Related Work and Research Gap
2.1. Literature Review

Research on residential EMSs has grown alongside the rise of smart grids, distributed
generation, and battery storage. Early work established the broader smart-grid vision,
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where energy use is no longer passively consumed but actively monitored, scheduled,
and coordinated through intelligent control systems [7–9]. In parallel, the net-zero energy
building concept gained momentum, especially as studies clarified that high-performance
buildings must be evaluated not only by efficient design, but also by how on-site renewable
generation interacts with demand over time [10,11]. This line of work created the foun-
dation for residential EMS research by showing that building performance increasingly
depends on operational control, not only on envelope or equipment efficiency. Recent work
has been moving toward broader coordination of energy resources, especially through elec-
tric vehicle (EV) integration, storage-based load shifting, smart city energy management,
and hybrid AC–DC (alternating current–direct current) microgrid control [16–20]. These
studies are useful because they highlight the growing importance of flexibility, storage co-
ordination, and advanced control in modern EMS. At the same time, their focus is generally
placed on infrastructure coordination, EV charging, or hybrid microgrid stability rather
than on a direct, fair comparison of multiple EMS strategies within the same residential
building model. As a result, they strengthen the case for advanced control, but they still
leave the practical residential question open; addressed in this manuscript: how much
added value is really gained when deterministic, optimized, machine-learning, predictive,
and transactive EMS approaches are tested side by side on the same calibrated house under
the same operating assumptions.

A major stream of previous work has focused on microgrids and distributed energy
systems. Studies have examined centralized, autonomous, and agent-based control struc-
tures for microgrids containing combinations of PV (photovoltaic), wind, storage, and
controllable loads [13,15,21–26]. These studies show that advanced coordination can im-
prove system flexibility and renewable utilization. However, most of this work is carried
out at the microgrid or community scale, where communication infrastructure, central
control platforms, and engineering support are more readily assumed than in an ordinary
house. As a result, the lessons are valuable, but they do not directly answer a practical
residential question: how much control complexity is truly justified in a single home.

Another large body of literature has examined demand response and load scheduling
in buildings. Time-of-use pricing, direct load control, and appliance scheduling have all
shown potential to reduce electricity costs and shift load away from peak periods [27–34].
Residential demand response studies have also demonstrated that savings are possible
without major comfort penalties when flexible loads are managed carefully [35–42]. Still,
many of these studies focus on one control objective at a time, such as peak reduction or
tariff minimization, and often do not examine how the same house would perform under
multiple competing EMS strategies.

A more advanced stream of work has explored transactive energy and market-based
coordination, where devices bid for energy in response to system conditions and price
signals [43–47]. This approach is attractive because it supports scalability, flexibility, and
coordination across multiple loads and energy resources. Transactive control can also
improve demand response participation and thermal comfort compared with simpler
rule-based control [45–47]. Even so, most published examples emphasize communication
logic, bidding structure, or community-scale demonstrations. Much less attention has been
given to how a transactive framework compares, on the same residential platform, with
deterministic battery control, optimized scheduling, or machine-learning-based control.

A fourth major area of related work involves optimization and artificial intelligence for
EMS design. Mixed-integer linear programming, mixed-integer nonlinear programming,
stochastic optimization, heuristic methods, genetic algorithms, artificial neural networks,
and recurrent neural networks have all been used to improve scheduling, forecasting,
and renewable integration [48–67]. These methods have shown strong technical potential,
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particularly for minimizing cost, reducing emissions, or handling uncertainty. MPC (model
predictive control) has been especially influential because it can combine forecasts, system
dynamics, and operational constraints in one framework [68–72]. However, most of these
studies investigate a single control method in isolation and under their own assumptions,
datasets, and test conditions. Because of this, it is difficult to determine whether the
performance gain of a more advanced controller is large enough to justify its additional
data requirements, tuning effort, and implementation burden in a residential setting.

Taken together, the literature clearly shows that residential EMS performance can
be improved through load shifting, renewable integration, optimization, forecasting, and
transactional control. What remains less clear is the relative value of these approaches
when they are compared fairly. Existing studies rarely evaluate deterministic, optimized,
machine-learning, predictive, and transactive controllers on the same house model, under
the same tariff structure, and with the same renewable and storage assumptions [48–72]. In
addition, many studies pay limited attention to practical deployment issues such as data
quality, communication reliability, controller simplicity, and homeowner usability. The main
research gap is not the absence of individual EMS methods, but the lack of a consistent side-
by-side comparison that quantifies the additional benefit gained as control logic becomes
more advanced. This study addresses that gap by comparing several EMS strategies within
one calibrated residential framework and by interpreting their performance not only in
terms of technical savings, but also in terms of deploying ability and practical value.

Recent EMS research has moved further toward reinforcement learning, battery
degradation-aware scheduling, and grid-interactive efficient buildings, especially in stud-
ies that seek better coordination between indoor flexibility, distributed generation, and
dynamic grid signals [72–76]. These newer studies confirm that controller performance can
be improved through advanced learning and predictive methods, but they also reinforce
a continuing problem in the literature: many methods are still tested under different as-
sumptions, datasets, and objective functions, which makes a fair comparison difficult. The
present work responds to that need by keeping the residential platform and comparison
basis fixed rather than introducing another standalone algorithm under a separate test
environment. Table 1 summarizes the related works studied for this work.

Table 1. Chronology of representative related work.

Period Focus of the
Literature

Representative
References Main Contribution Remaining

Limitation

Early smart-grid
framing

Smart grid,
distributed
intelligence, and
active consumers.

[7–9]

Established the need
for intelligent control
and distributed
decision-making.

Broad system vision
and limited
residential EMS
comparison.

Net-zero and
building-scale
integration

NZEB (net-zero
energy building)
definitions, and
renewable
interaction with
building demand.

[10–12]

Linked building
operation with
on-site generation
and peak reduction.

Focused more on
concept and design
than EMS
comparison.

Microgrid control
development

Centralized,
autonomous, and
agent-based
microgrid control.

[13,15,21–26]

Demonstrated
control architectures
for DER (distributed
energy
resources)-rich
systems.

Often assumes
infrastructure
beyond normal
residential practice.
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Table 1. Cont.

Period Focus of the
Literature

Representative
References Main Contribution Remaining

Limitation

EV integrated and
hybrid energy
coordination studies

Smart-city EMS
coordination, EV
charging
infrastructure,
vehicle-to-
grid/storage
virtualization,
peak-load shifting
with EV, and hybrid
AC–DC microgrid
control.

[16–20]

Showed that storage
coordination, EV
flexibility, and hybrid
control structures
can improve system
operation and
support load shifting
at broader system
level.

Focused more on EV,
city scale
coordination, or
hybrid microgrid
operation than on a
fair side-by-side
comparison of
multiple EMS
strategies within the
same calibrated
residential platform.

Demand response
and scheduling

TOU (time-of-use)
control, direct load
control, and
appliance
scheduling.

[27–42]

Showed cost savings
and peak reduction
potential in homes
and grids.

Usually, studies one
control approach at a
time.

Transactive energy

Bidding-based
control and
decentralized
coordination.

[43–47]

Introduced scalable
market-based
coordination for
flexible loads.

Limited direct
comparison with
simpler residential
EMS methods.

Optimization and
AI-based (artificial
intelligence-based)
EMS

MILP (mixed-integer
linear programming),
MINLP
(mixed-integer
nonlinear
programming),
stochastic methods,
GA (genetic
algorithm), ANN
(artificial neural
network), and RNN
(recurrent neural
network).

[48–67]

Improved
scheduling,
forecasting, and
renewable
utilization.

Different
assumptions and
datasets make
comparison difficult.

Predictive control era
MPC, forecast-based
building, and
microgrid control.

[68–72]

Combined system
dynamics, forecasts,
and control
constraints.

Strong performance,
but higher
implementation and
data burden.

Recent
deployment-aware
EMS and
building–grid
studies

Machine learning in
building energy
management, MPC
in smart buildings,
and smart
building–grid
interaction with
emphasis on
implementation,
KPIs, and scalable
coordination.

[73–76]

Showed that recent
EMS research is
moving beyond pure
control accuracy
toward
deployment-aware
evaluation, including
forecast quality,
implementation
burden,
building-to-grid
coordination, and
practical
performance metrics.

Still limited in
providing a fair
side-by-side
comparison of
deterministic,
optimized,
machine-learning,
predictive, and
transactive EMS
strategies on the
same calibrated
residential platform.
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2.2. Research Gap

Although previous studies have demonstrated the value of demand response, opti-
mization, predictive control, transactive coordination, and AI-based EMS design, most of
them examine a single control strategy under a unique set of assumptions. As a result,
the literature does not clearly show how these methods compare when tested on the same
residential building, with the same tariff structure, renewable profile, and battery assump-
tions. In addition, many studies emphasize technical optimality but give less attention to
implementation burden, data quality, and homeowner practicality. The key gap, therefore,
is the lack of a consistent and deployment-aware comparison of EMS strategies ranging
from simple deterministic control to advanced adaptive and transactive methods. This
study addresses that gap by evaluating multiple EMS approaches within one calibrated
residential framework.

Compared with much of the earlier EMS literature, this study does not present one
controller under its own assumptions and then generalize from that single case. Instead,
deterministic, optimized, machine-learning, predictive, and transactive strategies are tested
on the same calibrated house model, under the same tariff basis, the same Ontario emissions
basis, and the same renewable-and-storage logic. That side-by-side structure makes it
possible to separate true control benefits from differences caused by model setup. The
contribution is therefore a deployment-aware comparison of how much practical value
is gained as controller sophistication increases. Recent 2025 reviews have highlighted
both the growing importance of machine learning in building energy management and
the continuing influence of model predictive control in smart buildings, while newer
2025–2026 work on smart building–grid interaction has emphasized performance metrics,
implementation burden, and scalable coordination as increasingly important research
themes [73–76].

The original contribution of this work lies in the combination of several elements
rather than in one isolated controller. First, a unified comparison framework is used so
that deterministic, optimized, machine-learning, predictive, and transactive EMS strategies
are evaluated on the same calibrated residential platform under the same tariff basis,
renewable assumptions, and emissions basis. Second, the comparison is grounded in the
calibrated Archetype Sustainable House model rather than in an abstract residential test
case. Third, this work extends beyond a simulation-only comparison by including targeted
proof-of-concept experimental validation for battery-supported load shifting and controller
communication. Fourth, this study interprets performance not only through annual energy
and cost savings, but also through practical implementation burden, forecast-data quality,
and economic realism under Ontario conditions. The contribution of the present work is
therefore not simply a new controller, but a fair and deployment-aware comparison that
shows which level of EMS sophistication is actually justified in a residential setting.

3. Methodology
This study used a calibrated simulation model and targeted experimental trials to

compare EMS strategies fairly. All cases were assessed on the same residential platform,
with the same electricity tariff assumptions, the same Ontario emissions basis, and the same
logic for battery charging and discharging unless otherwise stated. The overall workflow is
summarized in Figure 2.
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Figure 2. Research methodology flow chart.

3.1. Case Study House and Simulation Environment

The simulation platform was based on the ASH (Archetype Sustainable House) at the
Living City Campus in Vaughan, Ontario. A simplified gray-box model was developed
in MATLAB (MATrix LABoratory) version R2012b; to capture the thermal response of the
house and the interaction among the air-source heat pump, heat recovery ventilator, air
handling unit, on-site solar PV, and battery storage. The model was calibrated to reproduce
both short-term thermal response and annual heating and cooling behavior. A photograph
of the case study facility is provided in Figure 3.
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Figure 3. Archetype Sustainable House test facility used as the case study basis for the calibrated
model.

To keep the comparison consistent, several simplifying assumptions were applied.
The houses were treated as all-electric, most household end uses were treated as critical
loads, and Heating, Ventilation and Air Conditioning (HVAC) operation was the main
flexible load. Renewable generation was assumed to offset load first, with surplus either
curtailed or directed to the battery depending on the EMS under study. This allowed the
impact of control strategies to be isolated more clearly.

All houses were treated as all-electric. Most end uses were treated as critical loads,
while HVAC (Heating, Ventilation and Air Conditioning) operation was treated as the main
flexible load. Renewable generation was always used to offset household demand first; only
the remaining surplus could be curtailed or sent to the battery. The optimized benchmark
used a custom genetic algorithm with two battery states: state 0 enabled charging and state
1 enabled discharging. The problem was solved day-by-day using a 24-step chromosome,
an initial population of 50 chromosomes, ranked and elitist selection, random crossover,
and mutation, with convergence typically reached in about 30 iterations.

Mathematical Formulation of the Comparative EMS Framework

For all EMS cases, the household energy balance was treated in a common form so
that the controllers were compared fairly. At each time step t, household demand was met
by the sum of on-site renewable generation, battery discharge, and grid import, while any
remaining renewable surplus could be used for battery charging or exported/curtailed
depending on the case. The electrical balance was written as:

Lt = PVt + Pdis
t + Gin

t − Pch
t − Gout

t (1)

where Lt is household load, PVt is on-site photovoltaic generation, Pdis
t is battery discharge

power, Pch
t is battery charging power, Gin

t is grid import, and Gout
t is grid export or curtailed

surplus depending on the scenario definition.
Battery state of charge was updated at each time step using charging and discharging

efficiencies according to Equation (2):

SOCt+1 = SOCt + ηchPch
t ∆t − Pdis

t ∆t
ηdis

(2)

Equation (2) was subject to battery-capacity and charging/discharging limits as:

SOCmin ≤ SOCt ≤ SOCmax (3)
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https://doi.org/10.3390/en19133055


Energies 2026, 19, 3055 9 of 21

0 ≤ Pch
t ≤ Pch,max (4)

0 ≤ Pdis
t ≤ Pdis,max (5)

The primary economic objective for the benchmark controller was to minimize annual
operating cost under the given Ontario tariff structure as follows:

Jmin
cost =

T
∑

t=1

(
Cgrid

t Gin
t − Csell

t Gout
t

)
∆t (6)

where Cgrid
t is the applicable purchase tariff and Csell

t is the export or sellback value. Annual
emissions were estimated from time-dependent grid electricity use using the Ontario
emissions basis as:

EGHG =
T
∑

t=1
EFtGin

t ∆t (7)

where EFt is the grid emission factor at time step t. In this way, cost was treated as the
primary optimization objective, while annual grid use and emissions were retained as
secondary evaluation metrics.

3.2. Evaluation of EMS Strategies

Four categories of EMS were evaluated. Their core purpose was to decide when the
battery should charge, discharge, or remain available while respecting the operating logic
of the house. Table 2 summarizes the EMS categories.

Table 2. Summary of EMS categories.

EMS Category Core Logic Main Practical Implication

Baseline
No active battery control;
renewable generation offsets
load directly.

Reference case for cost,
energy use, and emissions.

Deterministic

Fixed schedule for load
shifting based on time-of-use
pricing; includes basic load
shifting and excess charging
from renewables.

Simple to implement but
relatively inflexible.

Optimized benchmark

Daily genetic algorithm
searches choose
charge/discharge states to
minimize annual cost under
known conditions.

Upper-bound comparison
rather than a directly
deployable controller.

Adaptive

Includes machine-learning
battery control, predictive
control using weather
forecasts and ANN models,
and a transactive energy
management system.

Higher intelligence and
coordination potential, but
greater data and
communication
requirements.

The optimized benchmark was formulated as a day-ahead scheduling problem solved
over a 24 h horizon with 1 h time steps. The battery decision variable at each hour
was represented as a binary state indicating charging or discharging availability, and the
genetic algorithm searched for the schedule that minimized daily operating cost under
the known daily tariff, household-load profile, and renewable-generation profile. In that
sense, the benchmark assumed prior knowledge of the next day’s conditions and should
be interpreted as an idealized upper bound rather than as a directly deployable controller.
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The GA used a 24-step chromosome, an initial population of 50 chromosomes, ranked and
elitist selection, random crossover, and mutation, with convergence typically reached in
about 30 iterations.

3.3. Adaptive Control Details

The machine-learning system was trained from the behavior of the optimized con-
troller. Historical hourly load and renewable profiles were aggregated, optimized, and then
used to train a classifier. Medium k-nearest neighbors gave the best balance of performance
and simplicity within the MATLAB Classification Learner environment. Training accuracy
exceeded 93%, and the reported ROC (Receiver Operating Characteristic) area was 0.97 in
the experiment.

For the machine-learning controller, hourly averaged electrical load, renewable gener-
ation, time-of-use price, and hour of day were used as the model inputs, and the controller
output was the 0/1 battery-state label generated by the optimized benchmark. Medium
k-nearest neighbors (k = 10) were selected as the final classifier. The reported training
accuracy exceeded 93%, and the ROC area was 0.97. Comparative training cases were
built using one year of data, monthly cumulative training, and monthly reset training. In
practical terms, the machine-learning comparison was not framed as a random train/test
split on shuffled data. It was framed as a chronological learning problem in which historical
hourly data were used to learn the optimized policy and then applied to later operating
periods. This was kept because it better reflects how a residential controller would actually
be trained and updated in practice.

The predictive control case combined weather forecasts, artificial neural network
models for HVAC load and PV generation, and daily optimization. In principle, this
controller would re-train from recent data, use forecast weather inputs, predict the next
day’s load and generation, and then compute an optimal battery schedule. In practice, the
forecast-data pipeline was unstable. More than 40% of forecast files contained only null
values, so the predictive case had to be reduced to a 10-day demonstration rather than a full
annual comparison. Because the predictive control workflow could only be demonstrated
over a 10-day continuous period, it should not be read as a full-year quantitative competitor
to the deterministic, optimized, and machine-learning annual cases. Its role in this study
is narrower and more practical. It demonstrates how forecast-driven EMS control would
be structured, while also documenting that poor forecast-file quality prevented a fair year-
round comparison. For that reason, the predictive case is best interpreted as a limited
feasibility demonstration.

For the predictive control demonstration, only HVAC load and PV generation were
forecast. The predictive ANNs used ambient temperature, irradiance terms, and wind
speed as inputs. Because the predictive case was narrowed to HVAC and PV only,
a 25-kWh battery was assumed in that workflow. In the later financial sensitivity sec-
tion, a 55-kWh residential battery-bank comparison was used to test economic viability
under larger storage-capital assumptions.

This limitation affects how the results should be read. The predictive control case is
included as a proof-of-concept workflow rather than as a fully equivalent annual competitor
to the deterministic, optimized, machine-learning, and transactive cases. Its role is to
show that forecast-driven control is conceptually workable, while also making clear that
unreliable forecast acquisition prevented a fair full-year numerical comparison.

TEMS (the transactive energy management system) used an agent-based structure with
a centralized marketplace. Load agents, generation agents, and battery agents submitted
bids, and the marketplace cleared energy based on system conditions and willingness to
buy or sell. In this study, the main flexible load was the air-source heat pump, and battery
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bids were governed by a fuzzy inference system. In the TEMS workflow, load, generation,
and battery agents submitted bids to a centralized marketplace at each decision interval.
Load-agent bids reflected flexibility and thermal priority, generation-agent bids reflected
available renewable output, and battery-agent bids were shaped by state of charge and
fuzzy-logic rules. The marketplace then ranked bids and cleared the energy exchange
according to system conditions and bid priority. In practical terms, the controller can be
summarized in five steps:

■ Agent states were updated;
■ Bids were formed;
■ Bids were ranked and matched by the marketplace;
■ The resulting dispatch signals were sent back to the agents; and
■ House operation was updated for the next interval.

In this study, the purpose of the TEMS case was to demonstrate structured coordination
rather than to claim a fully generalized market-clearing formulation. A representative
thermostat bidding logic is shown in Figure 4. The red diamond in Figure 4. indicates the
intersection between the thermostat bid curve and the off-peak electricity price. This point
represents the temperature deviation at which the thermostat’s willingness to consume
electricity becomes equal to the off-peak market price. Below this point, the bid price is
lower than the electricity price, so the EMS may delay or reduce operation. Above this
point, the bid price exceeds the electricity price, indicating that maintaining indoor comfort
becomes more important and the HVAC system is more likely to operate.

Figure 4. Representative ASHP (air-source heat pump) bid curve used in the transactive energy
management system.

3.4. Experimental Validation

Short experimental trials were carried out to validate two key claims from the simula-
tion work: first, battery control could track and shift HVAC-related load in practice; and
second, agent-based communication could support a transactive control structure. These
tests were proof-of-concept demonstrations rather than full-year field deployments. The
experimental setup used for proof-of-concept validation is shown in Figure 5.

https://doi.org/10.3390/en19133055
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Figure 5. Experimental load-shifting setup used to validate battery-supported control and
device interaction.

The overall methodology workflow can be summarized as follows:

■ A calibrated gray-box residential building model was developed and used as the
common simulation platform for all EMS cases.

■ The EMS strategies were grouped into baseline, deterministic, optimized, and adap-
tive categories, and were evaluated under the same load, tariff, emissions, and
battery assumptions.

■ Battery charge and discharge decisions were generated in each case according to
the control logic being tested, while renewable generation was first allocated to
household demand.

■ An optimized benchmark was produced and then used as the reference against which
simpler and more advanced EMS strategies were compared.

■ Key simulation findings were validated through targeted proof-of-concept exper-
iments in which battery-supported load shifting and transactive communication
were demonstrated.

4. Results and Discussion
4.1. Relative Performance of EMS Strategies

The comparison across all EMS cases showed a consistent pattern. The deterministic
controllers were the simplest to understand and implement, but they also delivered the
smallest savings. The optimized controller produced the best theoretical battery schedules
and served as a useful upper benchmark, but it should still be viewed as an idealized
reference rather than something that could simply be deployed in a typical home. The
machine-learning controller came closest to that benchmark while remaining much more
realistic for practical use. In the original thesis, the machine-learning cases improved
annual cost savings by a range of about 15–22% relative to deterministic control, which is
large enough to matter in real residential operation.

An important point also came out of the optimized benchmark. Lowest annual cost did
not always mean lowest annual grid electricity use. In some cases, the machine-learning
controller reduced grid dependence more than the optimized benchmark, because the
benchmark was designed to minimize cost under the tariff, not to minimize grid imports or
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maximize self-consumption. That distinction matters because cost, energy, and emissions
do not always move in the same direction.

As household demand increased, the gap between simple excess-charging logic and
the optimized benchmark became smaller. In higher-load homes, more on-site renewable
generation was consumed immediately by the house, leaving less surplus for strategic
charging of the battery. This means that the value of advanced battery control was greatest
when the timing mismatch between renewable generation and household demand was
also greatest. Table 3 presents a comparative summary of EMS performance.

Table 3. Comparative summary of EMS performance.

EMS Strategy Main Outcome Quantitative Signal from
the Study Practical Reading

Deterministic load
shifting

Lowest active-control
savings.

A range of about 10.6–11.0%
savings for whole-house load
shifting without DGs (distributed
generations)

Easy to deploy, but
relatively limited.

Excess-charging
deterministic control

Better than basic load
shifting.

A range of about 14.5–15.5%
savings for whole-house cases
with PV/wind support.

Stronger use of surplus
renewables, still simple.

Optimized benchmark Best theoretical
scheduling.

A range of 17.1–24.6% savings
versus zero-feedback operation.

Useful benchmark, not
directly deployable.

Machine-learning EMS Best realistic annual
savings.

About 13.9–21.8% savings
depending on house type and
training method.

Best near-term balance of
performance and
practicality.

Predictive control Promising, but
incomplete.

More than 40% of forecast files
were unusable.

Limited more by data
quality than by control
concept.

Transactive EMS Moderate direct
savings.

Annual ASHP cost dropped from
USD 729.73 to USD 700.28 in the
simplest bid-curve case.

Most valuable for
coordination and future
scalability.

For the low whole-house consumption case, annual energy cost fell from USD 2592.20
in the zero-feedback reference case to as low as USD 2027.47 with monthly reset training,
corresponding to 21.8% savings. For the medium house, cost fell from USD 3026.80 to
USD 2467.75, a savings of 18.5%. For the high-load case, the best machine-learning result
reduced annual cost from USD 3678.60 to USD 3130.22, or 14.9%. These values are lower
than the deterministic cases and close enough to the optimized benchmark to make the
machine-learning controller the strongest realistic option in the overall comparison.

The benchmark and most controller comparisons in this study were organized around
a primary cost objective. Annual grid electricity use and annual emissions were then treated
as secondary evaluation metrics rather than as the quantity being directly minimized by
every controller. This distinction is important because a controller that minimizes annual
electricity cost under a tariff structure will not automatically minimize annual grid imports
or annual carbon impact.

4.2. What Experiments Confirm

The experimental work supported the main technical claims from the simulations. In
the load-shifting trial, 98% of the air-source heat pump peak-hour load was shifted using
the available battery-supported control hardware. One example day reported in the thesis
showed that 93.5% of the ASHP load during mid- and on-peak hours was supplied by the
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battery bank while the average outdoor temperature was −6.1 ◦C. That matters because it
shows the central control idea was not confined to simulation. The battery could track and
support the HVAC load in a real system.

The transactive demonstration provided a different kind of validation. Its value was
not mainly in showing the largest direct cost reduction over a short period of time. Instead,
it showed that structured bidding, controller communication, and agent removal could
be handled without the control framework breaking down. That is especially important
because the real value of a transactive system is not limited to one house. Its larger
promise lies in coordinated operation across many homes, flexible loads, and distributed
energy resources. Table 4 summarizes the proof-of-concept experimental conditions used
to validate battery-supported load shifting and controller communication.

Table 4. Summary of experimental setup and main validation outcomes.

Experimental Aspect Description

Test facility Archetype Sustainable House (ASH) experimental platform.

Main controllable load Air-source heat pump (ASHP).

Purpose of the experiment To check whether battery-supported control could shift HVAC-related
peak-hour load in practice.

Secondary purpose To check whether agent-based communication could support the transactive
control concept.

Validation type Short proof-of-concept trials, not full-year field deployment.

Reference case Normal or uncontrolled HVAC-related peak-hour operation.

Measured result Up to 98% of ASHP peak-hour load was shifted during the validation tests.

Representative test day result On one winter test day, 93.5% of the ASHP load during mid- and on-peak
hours was supplied by the battery bank.

Outdoor condition on that test day Average outdoor temperature was −6.1 ◦C.

Main takeaway The battery-control logic worked physically, and the communication-based
control structure was shown to function in practice

A measured experimental-day load-tracking plot is shown in Figure 6. It shows the
relationship among ASHP consumption, PV generation, wind generation, and battery-bank
output during the load-shifting trial.

Figure 6. Mid-peak and on-peak ASHP consumption, generation, and battery bank output.
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4.3. Financial Feasibility and Emissions

The economic analysis provided the clearest practical constraint in the whole study.
Even though several EMS strategies improved technical performance, none of the battery-
supported strategies were financially attractive under the assumed battery costs and On-
tario electricity prices. In simple terms, the control algorithms were more ready than the
economics. The thesis further showed that mid- and on-peak prices would need to rise to
roughly three times their assumed levels before battery-supported load shifting became
financially viable.

The cost comparison makes that point very clear. For the medium whole-house case,
basic load shifting without distributed generation reduced annual cost from USD 3941.02
to USD 3514.78, which is a savings of 10.8%. When renewables and excess charging were
available, the same medium-load house dropped from USD 3026.80 to USD 2571.73, a
savings of 15.0%. The optimized benchmark pushed that further to USD 2384.93, corre-
sponding to 21.2% savings. The machine-learning controller then achieved USD 2467.75 in
its best version, which translates to 18.5% savings and places it between the deterministic
and optimized cases. This is exactly why the machine-learning case stands out: it captured
much of the optimized benefit without demanding impossible hindsight. Table 5 presents
annual cost comparison for key EMA cases.

Table 5. Annual cost comparison for key EMS cases.

Case
Low-Load
House
(USD/yr)

Medium-Load
House
(USD/yr)

High-Load
House
(USD/yr)

Savings Interpretation

Basic deterministic load
shifting, no DG (distributed
generation)

3072.33 3514.78 4157.91
A range of about
10.6–11.0% savings from the
no-control reference.

Excess-charging
deterministic control with
PV/wind

2191.66 2571.73 3145.05

A range of about
14.5–15.5% savings versus
zero-feedback renewable
operation.

Optimized benchmark 1954.46 2384.93 3050.55 Best theoretical performance,
17.1–24.6% savings.

Best machine-learning case 2027.47 2467.75 3130.22 A range f 14.9–21.8% savings,
strongest realistic controller.

Transactive ASHP case — 700.28 vs.
729.73 baseline — Moderate but real reduction

in ASHP operating cost.

The emissions results were more nuanced than the cost results. The annual average
Ontario grid emission factor used in the work was 58.1 gCO2eq/kWh, but the hourly factor
varied enough that shifting battery charging from one part of the day to another changed
the carbon outcome. This meant that a controller designed around price alone did not
automatically give the best emissions result. In fact, the thesis found that both basic forms
of load shifting could increase the use of grid electricity during higher-emission hours.
Only the strategies that used excess renewable charging were consistently better than the
baseline in emissions terms.

The timing of nighttime charging also mattered. For the medium-load house without
distributed generation, the best emissions outcome occurred when battery recharging
began between about 10:00 p.m. and midnight. The improvement was only about 3%,
but it still carried an important message: the best time to charge from a price perspective
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is not always the best time to charge from a carbon perspective. Table 6 is the emissions
interpretation from Ontario-based sensitivity analysis.

Table 6. Emissions interpretation from the Ontario-based sensitivity analysis.

Emissions Indicator Value or Finding Meaning for EMS Design

Annual average Ontario grid
emission factor used in this study 58.1 gCO2eq/kWh A relatively low-carbon grid still

showed meaningful hourly variation.

Basic load shifting without
renewables

Emissions increased relative to
baseline

Cheap charging periods were not
always the cleanest periods.

Basic load shifting with renewables Emissions were still not consistently
lower than baseline

Renewable presence alone was not
enough if charging logic remained
grid driven.

Excess renewable charging Consistently better than baseline
Charging from surplus on-site
generation gave the strongest
emissions outcome.

Best nighttime recharge window for
the medium-load case without DG About 10:00 p.m. to midnight Charging time alone changed annual

emissions.

Emissions improvement from best
recharge window About 3% Modest in size, but important in

principle.

4.4. Takeaways for Residential EMS Design

Taken together, the results argue against treating residential EMS design as a race
toward maximum controller complexity. The better answer depends on the objective. If
the main goal is easy deployment, deterministic logic still has value. If the goal is stronger
annual savings without requiring an idealized controller, machine-learning control appears
to be the most practical next step. If the goal is future coordination among homes, flexible
loads, and distributed energy resources, then transactive control becomes much more
attractive even if its direct household savings are not the largest in the present study.

The most important practical conclusion is that machine-learning control offered
the best balance between savings and deploy-ability. The most important caution is that
economic viability still depended far more on battery cost and tariff structure than on
controller intelligence alone. In other words, the control side of the problem is advancing
faster than the business case. That is why the near-term path forward is likely to be staged:
start with simpler battery logic, move toward adaptive control where reliable data are
available, and expand toward transactive coordination as communication infrastructure
and connected-home platforms become more mature.

5. Limitations
Several limitations remain in this study. First, much of the comparison relies on

simulation, even though selected behaviors were validated experimentally. Second, the
predictive control case could not be tested over a full year because of missing or corrupted
forecast files. Third, most household loads were treated as inflexible, with HVAC as the
principal controllable load. Fourth, the economic conclusions depend strongly on Ontario
pricing structures and the battery costs assumed in the original study.

These limitations do not weaken the main conclusions, but they do shape how the
results should be interpreted. This is best understood as a comparative control study under
a realistic residential framework, not as a complete field demonstration of every EMS type.
The main limitations of the study are listed below:
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■ Much of the comparison relies on simulation, even though selected control behaviors
were validated experimentally.

■ The predictive control case could not be tested over a full year because more than 40%
of the collected forecast files were unusable, so that case should be interpreted as a
short proof-of-concept rather than a full annual comparison.

■ Most household loads were treated as inflexible, with HVAC kept as the principal
controllable load. This simplifies the control problem and likely understates the role
of appliance-level flexibility.

■ The economic conclusions remain region-specific because they depend strongly on
Ontario tariff structure, the battery prices assumed in the source study, and the 2015
Ontario grid emission profile used in the comparison.

These limitations do not overturn the central findings, but they do affect how broadly
the results should be generalized. This paper should therefore be read as a comparative
residential EMS study under a realistic Ontario-based framework, rather than as a full field
demonstration of every EMS type.

6. Conclusions
This study compares residential energy management systems ranging from simple

rule-based load shifting to optimization, machine learning, predictive control, and a trans-
active framework. Using the same calibrated house model made it possible to compare
these approaches on equal footing. The clearest conclusion is that better control is possible,
but more advanced control is not automatically more practical. Deterministic controllers
remain attractive for their simplicity. Optimization is valuable as a benchmark. Machine
learning appears to offer the best near-term balance between performance and deployment
ability when historical data are available. Predictive control remains promising, but only
if forecast-data quality becomes dependable. Transactive control offers a different kind
of value: not the highest direct savings in one home, but a credible path toward coordi-
nated, community-scale energy management. This study also shows that battery prices
remain the main barrier to adoption. As storage costs fall and household data systems im-
prove, the strongest opportunities will likely come from controllers that combine adaptive
decision-making with straightforward implementation. Under the assumptions examined
in this study, machine-learning control appeared to offer the strongest near-term balance
between performance and deployment practicality. The result is therefore best understood
as a strong comparative indication within the present study framework, rather than as a
universal claim that machine-learning control will outperform other EMS strategies under
all residential conditions.
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