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ABSTRACT Residential energy trading systems (RETS) enable homeowners with distributed energy
resources (DERs) to participate in virtualized energy markets that have the potential to reduce the peak
demand of residential communities. Blockchains are key enablers of RETS, by virtue of providing a
decentralized, self-governed network that mitigates concerns regarding privacy and transparency. However,
more real-world case studies are needed to evaluate the techno-economic viability of blockchain-based RETS
to improve their positive uptake. Thus, this article develops a permissioned blockchain-based RETS, which
enables homeowners to select bidding strategies that consider the individual preferences of their DERs, and
further evaluates the impact of the bidding strategies on reducing the peak demand of the community. The
proposed system is implemented on the permissioned Hyperledger Fabric platform, where a decentralized
ledger is used to store all energy bids, and a smart contract is used to execute a double auction mechanism and
dispatch the homeowner DERs. The proposed system is validated by conducting simulations on a 8-home
community using real-world data, and also by deploying the system to a Canadian microgrid, where the smart
contract execution time is benchmarked. Simulation results demonstrate the efficacy of the proposed system
by achieving a peak demand reduction of up to 48 kW (62%), which leads to an average savings of $1.02 M
for the distribution system operator by avoiding transformer upgrades. Also, the simulation results show that
the execution time of the proposed smart contract is 17.12 seconds across 12 nodes, which is sufficient for
RETS.

INDEX TERMS Blockchain, energy trading, microgrid, distributed energy resources, smart contract, smart
home, transactive energy.

I. INTRODUCTION

The proliferation of distributed energy resources (DERs)
within residential communities, such as rooftop photovoltaic
arrays (PV), plug-in electric vehicles (EV), smart thermostats
(ST), and battery energy storage systems (BESS), is primarily
motivated by homeowners seeking to reduce their energy
costs [1]. Additionally, homeowners are seeking to increase
their energy flexibility by having the option to rapidly switch
between energy service providers that offer customized tariff
structures, which consider homeowner preferences that seek
to maximize the use of renewable resources [2]. Given the
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complexity of these customized tariff structures, homeowners
also require transparent and automated energy billing that
would remove inconsistencies in the recorded energy con-
sumption and guarantee that the source of energy is from a
verifiable renewable source [3].

In order to satisfy the aforementioned requirements, home
energy management systems (HEMS) are typically proposed,
where homeowners specify energy preferences related to the
operation of their DERs, and the HEMS generates a dispatch
schedule for the DERs as a result [4]. Thus, the presence
of a HEMS transforms a home into a smart home, which
is capable of autonomously controlling the DERs of the
homeowner to achieve energy savings. However, a signifi-
cant limitation of HEMS’ is that they typically provide local
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control of a single home, and they do not have observability
of the entire residential community [5]. This leads to uncoor-
dinated operation of DERs within the community, which may
result in major increases in peak demand and overloading
of transformers when EVs and BESSs are charging coinci-
dentally [6]. Thus, new mechanisms are needed to facilitate
the coordination of DERSs at the community level, while also
taking the local transformer capacity into account. Since this
scenario involves the presence of homeowners and the distri-
bution system operator (DSO), each with potentially conflict-
ing objectives, the mechanism must provide a framework that
enables trust, transparency, and impartiality [7].

A promising mechanism that satisfies these requirements
is peer to peer (P2P) residential energy trading systems
(RETS), where homeowners, analogous to peers, can utilize
their DERs to trade energy within their community at their
discretion [8]. The trading is supported by a virtual energy
marketplace, which divides the day into discrete market inter-
vals, wherein homeowners submit bids for each DER and
a market clearing process is executed by an auctioneer to
determine if the bid is granted [9]. DSOs may also participate
in the marketplace by setting maximum limits for the avail-
able demand allowed within the market interval. Recently,
blockchain technology has been proposed as a key facilitator
of RETS because of its ability to provide a decentralized,
transparent ledger of transactions that could mitigate trust
issues between peers such as homeowners and DSOs [10].
Each transaction is first encrypted to prevent unauthorized
parties from reading transaction details, verified by peers
using a consensus mechanism, and then collected into dis-
crete blocks that are appended to the ledger in tamper-proof
fashion [11]. Blockchains are further empowered by auto-
mated smart contracts, which are used to initiate and verify
transactions between peers. Thus, blockchains can further
enable RETS because they 1) obviate the need for an auction-
eer and allow homeowners and DSOs to engage on impartial
terms; ii) protect the privacy of homeowner transactions using
encryption techniques; and iii) facilitate transparent billing
practices that establish the provenance of all energy transac-
tions on the ledger [3].

Blockchain-based RETS is a recent topic of great interest
[12]-[26], where strong contributions have been made by
prior works with respect to criteria such as the considera-
tion of homeowner bidding strategies, evaluation of financial
savings, benchmarking evaluation of scalability, as well as
the evidence of real-world implementation. A comparative
table that summarizes the prior works with respect to the
aforementioned criteria can be found in Table 1.

The works in [12]-[15] develop bidding strategies for
homeowners that consider their preferences for the opera-
tional use of their DERs, which are typically time-varying
[27], [28]. The authors in [12] and [13] propose a per-
missioned blockchain system that utilizes contract theory
to model the preference of EV owners to prioritize energy
trading with solar energy aggregators, where smart con-
tracts are used to audit all energy transactions. The authors
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TABLE 1. Comparison Table of Related Work With Proposed Work

Reference | Criteria #1: | Criteria #2: | Criteria #3 | Criteria #4:
Bidding Financial Bench- Real-world
Strategies Evaluation? | marking? | Deployment
[12] v
[13] v v
[14], [15] v v
[16]-[19] v
[20], [21] v
[22] v v
[23] v v
[24]-[26] v
Proposed v v v v
paper

in [14] and [15] focus on evaluating the preferences of differ-
ent classes of users to interrupt the schedules of their general
appliances and DERs at strategic times to increase energy
savings. However, the papers in [12]-[15] do not model
bidding strategies for BESSs or STs, and thus, they do not
accurately represent the complete range of DERs that would
be able to participate in RETS [27].

The works in [16]-[19] focus on evaluating the finan-
cial feasibility of blockchain-based RETS. In [17], a RETS
is proposed to facilitate trades between homeowners and
a community BESS, which leads to monthly savings of
$75.92 (44.2%). In [18], a game-theory based system is
developed to enable homeowners to form coalitions and
negotiate electricity rates that lead to monthly savings
of $378.2 across 300 homeowners. The authors in [19]
implement an Ethereum-based smart contract, based on
non-cooperative game theory, to generate daily savings
of 24 Chinese Yen (CNY) across 6 households equipped with
PV and interruptible loads. The work in [16] develops an
energy trading algorithm that minimizes the number of trans-
actions on the ledger to reduce communication overhead. Yet,
the aforementioned works do not discuss the financial impact
on the presiding DSO, which leaves the financial analysis
incomplete.

The works in [20]-[26] focus on benchmarking the
scalability of their blockchain-based systems. In [20],
an Ethereum-based smart contract is developed, which can
execute 100 trades per market interval at an average trans-
action latency of 42.6 seconds. The authors in [21] propose
a partial-permission based consensus algorithm that reduces
the energy trading time by 57.2% when compared to the
Proof of Work (PoW) mechanism. In [22], the impact of pro-
viding enhanced privacy protection within Ethereum-based
smart contracts is evaluated at an average transaction latency
of 45 seconds per 1000 transactions. The work in [23] bench-
marks the total computation time between two nodes within
an private Ethereum-based system, which is measured at
33 milliseconds. The authors in [24] develop an innovative
on-chain storage technique that reduces the cost of storage
for energy trading transactions by 125%. In [25], energy trad-
ing algorithms are developed to optimize blockchain-based
storage costs and energy transfer costs. The authors in [26]
develop a fog-based blockchain system architecture for
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energy trading within smart cities, where the average trans-
action latency is 3 seconds. However, the aforementioned
works restrict the benchmarking evaluation to public or pri-
vate blockchain platforms architectures, and do not consider
permissioned blockchain architectures, such as Hyperledger
Fabric (HLF), which could provide greater scalability [29].

It is worth mentioning that while none of the aforemen-
tioned works have deployed their systems within a real-world
environment with physical DERs, several real-world pilots
have been launched by companies such as Drift and
Restart Energy for this purpose [30]. Both companies offer
blockchain-based systems to enable homeowners to specify
the source of energy they require, while projecting energy
savings of 20%. However, to the best of the authors knowl-
edge, benchmarking evaluations of their proposed systems
have not been published.

To those ends, this article proposes a permissioned
blockchain implementation for a RETS that enables the
reduction of peak demand within a community. A permis-
sioned blockchain architecture is chosen because it requires
only a subset of qualified peers to participate in the consensus
process, leading to lower transaction latency [31]. A smart
contract is developed to administer the RETS by validating
all energy bids within a market interval, finding the market
clearing price (MCP) via the double auction method, and
dispatching the MCPs appropriately. Bidding strategies for
EVs, STs, and BESSs are explicitly modeled based on home-
owner preferences that characterize how DERs can be either
“helpful” or “selfish”, which reflect the willingness of the
homeowner to alter the operational schedule of their DERs to
reduce peak demand. Since BESSs are the only bi-directional
DER in this work, a fuzzy logic-based bidding strategy is
proposed to handle this additional complexity, which consid-
ers parameters such as the time of day, net load, and state
of charge (SoC). The proposed system also enables DSOs
to set demand caps on the community to limit the allowable
peak demand. Simulated experiments are executed to demon-
strate the proposed system’s ability to reduce peak demand
when the market is dominated by helpful BESSs, as well
as when DSOs place demand caps on the community. The
results of the simulated experiments further inform a financial
assessment on five large DSOs in Ontario, Canada, which
quantifies the average capital expenditure (CAPEX) savings
for the DSOs by avoiding upgrades to transformer capacity as
aresult of the reduction in peak demand. Lastly, the proposed
system is implemented on the permissioned HLF platform
and deployed to a real-world Canadian microgrid, where the
execution time of the proposed smart contract is benchmarked
across 12 nodes, and its ability to reduce demand and mini-
mize energy imports from the DSO is highlighted.

Specifically addressing the technical gaps identified in the
aforementioned prior works, the key contributions of this
article are summarized as follows: i) development of novel
homeowner bidding strategies for BESSs, EVs, and STs that
characterize helpful or selfish behavior; ii) financial evalua-
tion of the CAPEX savings generated by the proposed system
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FIGURE 1. A generalized representation of a blockchain network.

for DSOs; iii) benchmarking of the smart contract execution
time on the permissioned HLF platform, and iv) real-world
deployment of the proposed system at a Canadian microgrid.
The organization for the remainder of the article is as fol-
lows. Section II provides a review of blockchain technology,
Section III introduces the modeling of the smart home DERs
and residential communities. Section IV introduces the pro-
posed bidding strategies for STs, EVs, and BESSs. Section V
covers the design of the permissioned blockchain architec-
ture for the proposed system, while Section VI presents the
results of the simulated and real-world experiments. Finally,
Section VII is reserved for conclusions and future work.

Il. REVIEW OF BLOCKCHAIN TECHNOLOGY
The goal of any blockchain system is to ensure that the
system state is consistently agreed upon by the peers in the
network, where the system state is composed of the P2P
transactions that are stored on the ledger [11]. Figure 1 shows
a symbolic representation of a general blockchain network,
which depicts the process of how transactions are committed
to the ledger. Each peer, P, utilizes a computing resource,
referred to as a node, N, to interface with the blockchain
network. Multiple peers can be assigned to a single node [32],
and thus, a peer can be denoted as PZ, where a is the index
of the peer assigned to the node ID, p. Upon joining the
blockchain network, the peer receives a digital wallet that
stores its account balance, Bh, as well as its public/private
keys, {SK%, PKL}, that are used to sign each transaction to
establish the identity of the transaction owner. Transactions
are made by the peer by invoking a smart contract, which is
a set of automated functions that are deployed on the ledger
and are accessed by the peer via a client application [33].
Before the transaction is stored on the ledger, how-
ever, the transaction must be validated by the peers using
a consensus mechanism, where popular consensus mecha-
nisms include PoW and practical byzantine fault tolerance
(pBFT) [34]. As depicted in Figure 1, a peer initiates the
consensus mechanism, ¢, at time k by generating a transac-
tion proposal, TP¥. Subsequently, TP is forwarded to other
nodes that individually verify the validity of the transac-
tion according to rules that are determined within the smart
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contract [35]. If a minimum of two-thirds of the nodes report
that 7P* is indeed valid, it is added to a block of transactions,
Bk, which stores the transaction into the block as an ordered
set, Tik, i € (1...By), where i is the index of the transaction
and Bjy is the maximum block size. The block also contains
a timestamp, T. Sk as well as a block hash, T(Bk ), that is
uniquely composed of all the transactions within the block,
and is updated with every new transaction. A new block is
created when the block has reached its maximum block size,
or, when a certain amount of time has elapsed since the
last block was created, referred to as the block speed, BS.
The new block is appended to the end of the ledger and
pointed at the block hash of the previous block, T (BX~1),
resulting in ledger data that is transparent and tamper-proof.
Thus, the current state of the blockchain, denoted as ®Oy, is a
reflection of the transactions of the latest block on the ledger
after having been verified by ¢, as well as the blocks that
came before it, and can be formulated as:

O = ¢p(BF, B<~1 B2 .. BY) 1)

It is important to note, however, that the time taken to
reach consensus for each transaction is not equal [36], and
therefore, benchmarks are required to evaluate the execution
time of blockchain-based energy trading systems, as will be
seen in Section V.C.

Ill. MODELING OF DERs WITHIN A SMART HOME

This section introduces the mathematical modeling of DERs
within a smart home, including BESSs, EVs, PVs, and STs,
as well as the derivation of the total peak demand of a
community and potential CAPEX required by the DSO to
support it. To provide real-world context, the main concern
of DSOs with respect to DERs owned by homeowners is that
their operational schedules are usually left uncontrolled [37].
As such, the typical behavior of a homeowner possessing a
DER would be to increase its consumption during the time
of day when electricity is inexpensive, leading to scenar-
ios where the peak demand of the community can exceed
the capacity of the local transformer [38]. As such, it is
important to formulate models that describe the operation
of the aforementioned DERs such that baseline load profiles
for a community of smart homes can be generated, and the
maximum peak demand of the community can be quantified.
Thus, the rest of the section will provide the mathematical
models of the DERs. In general, a set of smart homes, denoted
by subscript m, possess any combination of DERs, denoted by
subscript n, where the variable k signifies discrete time.

A. MODELING OF BESSs AND EVs

A BESS is modeled as a bi-directional DER, where the
power output of the BESS (Ppgss m.n) is constrained by the
maximum and minimum limits of its onboard inverter, and
the SoC of the BESS (SoCgEss.m.») should remain within the
recommended limit of the manufacturer. The aforementioned
constraints can be seen in (2)-(3), while the equation for the
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SoC of the BESS is derived in (4).
PYESs mn < PBESSman(k) < PRESS (@)
SoCHISS mn < S0CpEss man(k) < SOCHESS pn (3
SOCBESS,m,n(k) = SOCBESS,m,n(k )
+ (Xm,n . 7],?1{-,11 —(1- Xm,n)nﬁ,[ysl)

X PpEss mu(k — 1) @

where, {PYINC PMAX ) are the minimum and maximum power

limits, Ppgss(k) is the instantaneous power requirement,
{SngIE”SVS, SOC%L}%} are the minimum and maximum SoC
limits, SoCpgss(k) is the current SoC, y is a binary variable
that represents 1 for charging mode and O otherwise, and
{(nH  yPIS} are the charging and discharging efficiencies,
respectively.

On the other hand, an EV is modeled as a unidirectional
load, as seen in (5).

S0CEV (k) = S0Cey matk — 1)
+ (o 15 Ptk = 1) (5)

The EV is subject to the same constraints as in (2)-(3),
in addition to a constraint that specifies that the SoC of the EV
should be greater or equal than a desired level of SoC before a
target departure time, as seen in (6). Generally, this constraint
forces a homeowner to charge the EV to a minimum amount
before the departure time to ensure that the EV has enough
SoC for its trip [39].

S0CEy mn(kpep) = SOCHS 1 p(kDep) (6)

where kp,p is the time of departure for an EV, SoCgy (kpep)
is the SoC at the time of departure, and SoC g‘i‘y(kpe,,) is the
desired SoC to be reached before the time of departure. It is
worth noting that the modeling for the discharging of the
EV is not covered within this article, where the modeling
is a function of the daily driving distance of the vehicle (in
kilometers - km) and the energy consumption per distance
traveled (kWh/km) [40]. As in [40], we assume that the SoC
of the EV depletes at a linear rate throughout the day, and
begins to charge when it arrives at home.

B. MODELING OF PVs

The direct current (DC) power generated from a PV array can
be found as follows [41],

PR n = PRy i RRUOFT (Ty0.0)(K) @)

where, PRC is the DC power generated by the PV array, PX],
is the nameplate rating of the PV array, IRR is the current level
of irradiance in kW/m?, T is the current temperature in °C,
and Fr is an interpolated temperature factor that can be found
in [41]. The alternating current (AC) power output of the PV
system can then be found as follows,

Ppy mn(k) = PR 0 ()i (8)

where, Ppy ., is the final AC output power of the PV system,
and v, , is the inverter efficiency that can be interpolated
using methods and data found in [41].
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C. MODELING OF STs
The modeling of the ST depends on the dynamics of

the indoor temperature of the home, which is presented
below [42].

Tinm(k) = Ttk = 1)+ BAK(Psrntk = 1)
3Tk = 1) = Tk = 1)) ©)

where Tj, is the indoor temperature (°C), Ak is the period of
time between timesteps k and k — 1, § is the inverse of
the heat capacity (°C/Joules), Psr is the heating power
of the ST (kW), A is the heat loss coefficient (kW/°C),
and Ty, is the outdoor temperature (°C). The equation
describing the energy consumption of the ST (Egr) as a
function of the indoor, outdoor, and setpoint temperatures
(Tser,m) is [43]:

.BEST,m(k) = )‘ﬂAkTout,m(k) - Tset,m(k)
—@ABAk — DTipm(k)  (10)

Rearranging, the energy consumption of the ST of a home can
be formulated as:

EST,m(k) = )\AkTout,m(k) - Tset,m(k)/:B
— Ak = 1/B)Tinm(k)  (11)

D. COMMUNITY MODELING

In general, a residential community, denoted by subscript i,
is composed of a number of smart homes () and associated
DERSs (N,). Thus, the peak demand of any single community,
i, can be represented as:

Nn Ny
Ppea i(k) = max ( > Posrmath) + Lm<k)) (12)

VkeP
N =1 b=t

where, P is a set of k time indexes that represent a period of
time, Pper.m.n is the generalized form of any of the afore-
mentioned DERs, and L, represents critical house loads that
are uninterruptible, such as lighting and appliances. To avoid
overloading the local transformer that serves the community,
Pprak,; must be less than the transformer capacity, denoted
by Tcap,i- If Preak i exceeds Tcap, i, the presiding DSO most
invest in CAPEX to replace or upgrade Tcap ; as seen in the
following equation,

PTExp: = PTG

OLD
PTCAP,i’

Ppeak,i > Tcap,i

CAPEX; = (13)

Ppeak,i < Tcap,i

where, PTéVfFV,V is the price of the new transformer with

upgraded capacity, and PTgffl,) is the price of a transformer
with the same capacity. The CAPEX calculation assumes
that the transformer will be replaced at one point during its
lifetime. Thus, if Pprak,; does not exceed Tcap,i, the DSO
will still bear the cost of a single replacement, but will save
the cost of upgrading its capacity.

Thus, the specific problem that the proposed system seeks
to mitigate is to reduce the peak demand of a community by
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facilitating a RETS, whereby homeowners may elect to bid
and trade energy during discrete intervals of the day. Each
homeowner may have different strategies that would affect
the price and quantity of the bid per DER, and the ability
of the proposed system to utilize these bidding strategies to
reduce the peak demand of the community is a key contri-
bution of the proposed article. The metrics used to evaluate
the viability of the proposed system will be the total reduc-
tion of peak demand within the community (kW), as well
as the total CAPEX savings realized by avoiding capacity
upgrades to local transformers as a result of the reduction
(measured in $ CAD).

IV. PROPOSED HOMEOWNER BIDDING STRATEGIES
This section introduces the proposed bidding strategies for
homeowners in context of their participation in a residential
community marketplace. In this article, bidding strategies
are defined only for the controllable DERs, which are STs,
BESSs, and EVs, while PVs are assumed to have static
bids.

A. OVERVIEW OF RESIDENTIAL COMMUNITY ENERGY
MARKETPLACES

A common method used to calculate the MCP of electricity
markets is the double auction method [44]. In a double auc-
tion, an auctioneer receives energy bids from market partici-
pants for each discrete market interval during the day, where
an energy bid is represented by a corresponding quantity and
price. The auctioneer first divides the bids into generation and
load bids, and then sorts the generation bids by ascending
price and the load bids by descending price, thus generating a
supply curve and a demand curve, respectively. The intersec-
tion between the two curves is computed as the MCP of the
market interval, where only bid prices lower than the MCP are
granted. The implementation of the double auction method
results in the merit-order effect, where the most expensive
load bids are satisfied by the most inexpensive generation
bids [39].

Figure 2 shows the double auction method that is adapted
for a community marketplace, where generator bids can be
submitted by PVs or BESSs, while load bids can be submit-
ted by BESSs, STs, and EVs. As discussed earlier, critical
loads are those house loads that cannot be interrupted, and
thus, they are slotted at the highest price on the load curve.
The presiding DSO is able to submit energy bids during
the market interval, referred to as grid bids, and is also
able to set a demand cap that limits the total community
demand within the interval. As seen in Figure 2, a poten-
tial scenario has the demand cap placed at a vertical bid
of 0.6 kWh with a corresponding price that tends towards
infinity, which results in an MCP of $0.13/kWh (MCP 1),
and further results in only the critical bids being granted.
As more DER penetration enters the market, the merit-order
effect occurs, and more load bids are granted as a result of
the MCP being lowered, as seen by MCP 2 ($0.12/kWh) and
MCP 3 ($0.07/kWh).
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FIGURE 2. Community marketplace representation.

B. BIDDING STRATEGIES FOR STs AND EVs

Since a bidding curve represents a collection of energy bids
that map the bid’s energy quantity to a price that a home-
owner is willing to pay for that quantity, a homeowner may
face difficulty in determining precise values for their bid
curve. Thus, the bidding curves proposed in this article aim
to provide an intuitive, indirect method of mapping the bid
quantity to the bid price by reflecting the bid quantity as a
function of the DER’s operational attributes. Consequently,
the bid curve reflects the willingness of a homeowner to alter
their DER’s operational schedule, thereby adjusting its bid
quantity, based on the value of the service it provides [39].
In the case of STs, the item of value is the flexibility of
thermal comfort, and in the case of EVs, the item of value
is the flexibility of reaching the desired SoC before a target
departure time [7]. Each point along these bid curves indi-
rectly reflects the quantity of energy required by the DER
at a price point that the homeowner is willing to pay for it,
thus aligning with the bid curve depicted in Figure 2. Thus,
this article considers the formulation of selfish and helpful
bidding strategies, where helpful homeowners are much more
willing to disrupt a DER’s operating schedule in comparison
to selfish homeowners. As a result, helpful DER owners
generate more flexible bid curves than selfish DER owners,
and therefore, helpful DER bid curves tend to have greater
potential in reducing peak demand. It is worth mentioning
that the classification of bidding strategies as selfish and
helpful have been used widely, as in [45] and [46].

For instance, Figure 3 depicts two separate bidding curves
for STs, where the bid curves symbolize the incremental price
a ST is willing to pay as a function of thermal discomfort,
which can be measured by the temperature deviation from its
desired setpoint [7]. Also depicted in Figure 3 are generation
bids that follow the electricity pricing defined by typical time
of use (TOU) rate plans offered by DSOs [47], where higher
rates are charged during on-peak and mid-peak hours, and
lower rates are charged at the off-peak hours. A sample bid
of PV energy is also shown in Figure 3. Thus, the intersection
of the ST bid curve with each of the generation bids represents
the price that the ST is willing to pay per unit of temperature
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deviation from the setpoint, per provider of energy. As such,
Bid Curve 1 can tolerate a maximum temperature deviation
of +0.5 °C, from which point, the vertical line at +-0.5 °C
signifies that the ST will pay any price for its bid to be
accepted and for thermal comfort to be restored. On the
other hand, Bid Curve 2 has much more flexibility, since it
can tolerate a maximum temperature deviation of +1.5 °C.
The difference in maximum acceptable temperature deviation
between Bid Curve 1 and Bid Curve 2 is representative of how
much more accommodating, or helpful, Bid Curve 2 can be
in reducing peak demand. Thus, Bid Curve 2 is characterized
as being more helpful than Bid Curve 1.

Similarly, bidding curves for EVs are depicted in Figure 4,
where k4, is the arrival time of the EV, kpg;; is the time when
the homeowner makes a bid for the EV, k¢ 4y is the maxi-
mum time the EV can wait before it must charge at full power
to reach a desired SoC based on the time of departure, and
kpep is the time of departure of the EV. As seen in Figure 4,
the vertical line of Bid Curve 1 at k4,, indicates that at the time
of arrival, the EV is willing to pay any electricity price to start
charging, and that there is absolutely no flexibility or time
accommodation it considers in its bidding strategy. On the
other hand, Bid Curve 2 is more flexible, and is willing to bid
in the market by steadily increasing its bid price until k¢ pax.
At this point, the two bid curves converge, thus representing
that the EVs would need maximum charging power to reach
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the desired SoC before kpp. Thus, it follows that the Bid
Curve 2 is more helpful than Bid Curve 1 because of its
willingness to provide more accommodation in terms of time.

As such, it follows that the lack of flexibility for selfish
DERs inhibit their ability to participate in initiatives to reduce
the peak demand of the community, as will be demonstrated
in the simulation results.

C. FUZZY BIDDING STRATEGY FOR BESSs

As shown in Figures 3 and 4, the bidding curve for the STs
and EVs can be formulated by a single input and a single
output. However, the BESS is bi-directional in nature, and its
bidding strategy must accommodate a wider range of input
parameters, such as the need to retain enough SoC to provide
power to critical house loads, while also being watchful of
market prices to reduce its operating cost. The addition of
complex input parameters requires precise numerical limits
to be in place to generate a bidding curve for the BESS, which
can be difficult to obtain [48]. Alternatively, fuzzy logic can
be used to classify the input parameters into a set of imprecise
variables, which are then evaluated against plain-language
rules to generate specific outputs. The classification process
involves the usage of a fuzzy membership function, which
specifies the degree by which an input/output parameter
belongs to specific variable, and is quantified between the
range of 0 (no membership) to 1 (full membership). Since the
membership function allows partial membership, the input
parameters can be easily tuned, and thus, fuzzy logic is a
viable option to overcome uncertainty in defining precise
limits within a system [48].

As such, a fuzzy bidding strategy is proposed for BESSs in
this article, where the block diagram of the bidding strategy
can be seen in Figure 5. The proposed fuzzy bidding strategy
has three discrete inputs, which are the time of day, the net
load of the house, as well as SoC of the BESS. These dis-
crete input variables are then fuzzified to their corresponding
fuzzy variables using input membership functions, which are
depicted in Figure 6. For the net load, the membership func-
tion defines three fuzzy variables, which are surplus (gen-
eration of home exceeds demand), deficit (demand exceeds
generation), and neutral (minimal level of surplus or deficit).
For the BESS SoC, the membership function also defines
three fuzzy variables, which are low, medium, and high.
The shape of these two membership functions are triangular,
which reflect the degree of membership by which the discrete
input variable belongs to the fuzzy variables. It is worthwhile
to mention that the membership function for the time of day
is not depicted because there is no uncertainty as to when the
off/mid/on peak times are, and thus, the resultant membership
function is simply binary.

After the fuzzification process classifies the input param-
eters into a set of fuzzy variables, the fuzzy rule set evalu-
ates the variables and generates a set of fuzzy outputs. The
fuzzy rule set depicted in Figure 5 aligns with the earlier
mentioned methodology of classifying homeowners as selfish
and helpful. In this case, a selfish BESS is motivated by
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financial opportunity, thereby charging at off-peak periods
when the market price tends to be lower, and discharging
at on-peak periods to gain maximum revenue. On the other
hand, a helpful BESS is motivated by self-consumption,
charging only when there is excess PV energy available
during the day, and discharging during the evening off-peak
period when other DERs would be drawing power to take
advantage of off-peak prices. The aforementioned description
of the strategies is reflected by the fuzzy rule set, where the
helpful BESS seeks to charge when the net load of its home
is not at a deficit or when there are off-peak periods, and will
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vary the quantity of its bid depending on the net load. The
strategy attempts to ensure that the BESS retains enough SoC
throughout the day such that it can discharge in the evening
off-peak period. On the other hand, the selfish BESS always
discharges in off-peak periods as long as its SoC is not low,
while keeping the bid price and bid quantity high to maximize
revenue.

Once the fuzzy rule set evaluates the input fuzzy variables,
it generates output fuzzy variables that must be defuzzified
into discrete outputs using output membership functions.
These discrete outputs are the charging decision, the bid
price, and the bid quantity. The output membership functions
that describe these variables can be seen in Figure 7. The
charging decision variable has binary outputs, which are
either to charge (1) or discharge (0), while on the other hand,
both the bid price and bid quantity define variables of low,
medium, and high. Combined together, these discrete outputs
completely describe the bidding strategy of the BESS with
numerical values of what the bid price and quantity should be
for a specific time interval during the day. It is worthwhile to
mention that the membership functions seen in Figures 6 and
7 were tuned using trial and error methods with the objective
of finding the best possible configuration to maximize the
reduction of peak demand, as will be seen in the experimental
results presented in Section VI.

V. DESIGN OF PERMISSIONED BLOCKCHAIN SYSTEM

The proposed system is developed using HLF, which is a
permissioned blockchain development platform that enables
the peers within a blockchain network to be segregated into
private channels [7]. Each channel is assigned a separate
ledger and smart contracts, where the data on the ledger is
kept hidden from other channels, thus leading to increased
data privacy for the peers [49]. In this article, each community
is designated its own channel, as can be seen in the archi-
tectural block diagram of the proposed system in Figure 8.
The ledger stores three items, including data structures that
represent a market interval, bids, and DER measurements.
The market interval is represented by an interval ID, denoted
by Mjp, the MCP for the interval, symbolized by MCPp,
and the interval time expiry, denoted by TXP]I‘D. The bids,
denoted as BIDY, are indexed according to the Mjp, where
the © notation represents the identity of the homeowner.
Each bid has a corresponding bid price and quantity, which
are denoted as {PRZ, Qﬁ}, respectively, and are associated
with a DER, symbolized by DER,, ,. Each bid also has a
unique timestamp, denoted by 7S¥. Measurements from each
DER are also stored to the ledger, denoted by E}, along
with the corresponding market interval, DER, and timestamp.
The smart contract provides functions that autonomously
administer the marketplace, including homeowner account
initialization, creating a new market interval, submitting
bids/measurements, as well as executing the double auction to
find the MCP for the market interval. Also, the presiding DSO
may submit generator bids, referred to as grid bids, or demand
caps for each market interval, where the demand cap is
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FIGURE 8. Architectural block diagram of proposed blockchain system.

denoted by Gcap. It is assumed that homeowners interact
with the proposed blockchain system via the user-interface
of an HEMS.

In order to provide more clarity on the implementation of
the smart contract, a description of each function is provided
below. Additionally, the pseudo-code that describes every
function of the smart contract is provided in Algorithm 1.

initAccount(): This function initializes an account for
the homeowner by generating its public/private keys
({SK%, PKLY), and setting the account balance to zero (B).

newlnterval(): This function creates a new M;p at TS k.
initializes an empty list of bids (IBIDY)) for the M;p, and
assigns the time expiry for the Mjp after a fixed time interval
(TXPX,).

submitBid(): This function is called by homeowner P,
which accepts inputs of Mjp, PRZ, Qg, DER,, ,, and TSk.
The function validates the incoming bid by checking if i) the
homeowner has sufficient BY in their wallet to make a bid
for PRY, and ii) if the time of the bid TS¥ has not exceeded
the time expiry TXP’I‘D. If both conditions are true, the bid is
added to list of bids within M;p.

doDoubleAuction(): This function executes a double auc-
tion by sorting the bids into supply and demand curves,
and applying Gcap if supplied. Subsequently, the MCPp
is computed by finding the intersection of the curves and
is broadcasted to the HEMS, which actuates the DER in
accordance to the MCP.

submitMeasurement(): This function stores an energy
measurement, E-, on the ledger, indexed by Mjp, DER;, »
and TS*.

Additionally, to clearly depict the workflow and demarcate
the information exchanges between a homeowner, HEMS,
and the proposed smart contract of the blockchain-based
system, a sequence diagram is shown in Figure 9. After
registering on the blockchain network and initializing an
account (steps 1-2), the homeowner configures individual
preferences for their DERSs as discussed in Section I'V. Then,
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Algorithm 1 Proposed Smart Contract Implementation

function initAccount()

Input: Peer ID (PY)

Generate SK”, PK?, initialize B, < 0

Output: {SK?, PKY, B}

function newInterval()

Create new market interval with time expiry, Mjp at TS¥
Create empty list on ledger to hold energy bids, [BID/]
Output: {M;p, TS*, [BID))]}

function submitBid()

Input: {Mp, PR, Q4 DER,, ,, TS*}

Generate bid structure for BID/, based on inputs

if PR, < B && TS* < TxPk,

then append BIDY, to list of bids [BID}]

function doDoubleAuction()

Input: {Mip, [BID;], Gcap}

Separate all bids into generation (G;p) or load (L;p)
Sort Gip by ascending price, Ljp by descending price
Apply Gcap if supplied

Intersection of Gjp and L;p — MCPyp.

Send notification to homeowner’s HEMS for DER actuation.
Output: MCPp

function submitMeasurement()

Input: {Mp, E;, DER,, ,, TS¥}

Store E} to ledger, indexed by {Mjp, DER,,. ,, TS*}

|HomeownerIDER|

1. Initialize account

Smart Contractl

>

| HEMS I

2. Initialize account balance

3. Set bidding preferences N

" 4. Generate
bidding curves,

6. Send interval notification

5. Start new

Market interval complete. market interval

GOTO Step 5.

7. Submit energy bid

10. Actuate DERs 9. Send MCP

8. Execute
double auction

FIGURE 9. Sequence diagram of data flow across proposed system.

the HEMS uses the homeowner’s preferences to generate
bidding curves for the homeowner for each DER (steps 3-4).
The smart contract then auto-creates a new market interval,
and sends a notification to the HEMS to respond with a
bid (steps 5-6). The smart contract collects valid energy bids
from the HEMS, waits until the time expiry for the market
interval has passed, calculates the MCP, and broadcasts the
MCP back to the HEMS. The HEMS then actuates the DER
of the homeowner according to the MCP (steps 7-10). That
is, if the bid price is greater than the MCP, the DER is
turned on and its power flow is regulated by the HEMS to
the precise quantity of energy the DER bid for. Otherwise,
the DER is turned off for the market interval. After the
market interval closes, a new market interval is started after
a configurable period of time, and steps 5-10 are repeated
indefinitely.
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FIGURE 10. Workflow of testbench used to evaluate experimental results.

VI. EXPERIMENTAL RESULTS

This section presents the results of both simulated and
real-world experiments. The simulated experiments are con-
ducted on a testbench desktop application that is developed
as a part of this work, where a workflow diagram of the
testbench is depicted in Figure 10. First, the bidding pref-
erences for each DER of each homeowner are configured
as selfish or helpful. Second, weather data (indoor/outdoor
temperature and irradiance) and electricity prices are sep-
arated into 5 minute market intervals and loaded into the
testbench. Third, the load profile of the community is gen-
erated by equations (2)-(9) for every discrete market interval,
and the bidding strategies for all DERs are then executed to
generate bids for the market interval. The bids are evaluated
by the proposed smart contract to generate the MCP for the
market interval, and the MCP is fed back into the community
model to determine the energy consumption/generation for
each DER. When all market intervals have been evaluated,
the testbench exports the resultant load profile of the com-
munity to a data file for further analysis.

Thus, the simulated experiments within this article involve
a 8-home residential community, where each home is
assumed to have a PV, BESS, EV, and ST. The nameplate
ratings for these DERs are shown in Table 2. Real-world data
collected over the period of 2016 from the Kortright Centre
Microgrid (KCM) is used to generate the energy profile
for each of the DERs, including the critical load of home
appliances such as lighting, dishwashers, and refrigerators.
With respect to the pricing of electricity, the on/off/mid peak
periods are based on the Ontario 2016 TOU schedule, where
off-peak periods are from 19:00 to 7:00, mid-peak periods are
from 7:00 to 11:00 and 17:00 to 19:00, and on-peak periods
are from 11:00 to 17:00.

Without loss of generality, the rated capacity of the trans-
former that serves the community is assumed to be 50 kVA
and it operates at 0.9 power factor lagging, which is a typ-
ical case in residential communities in North America [6].
As such, the rated real power of the transformer is set
at 45 kW.

It is worth noting that the proposed system does not con-
sider additional power system constraints, such as voltage
thresholds. The reason for this is because the real-world data
collected to execute the experiments originates from homes
within urban areas that are typically connected to strong/stiff

5525



IEEE Access

S. Saxena et al.: Permissioned Blockchain System to Reduce Peak Demand in Residential Communities via Energy Trading

TABLE 2. Nameplate Ratings of DERs Used in Simulations

DER Nameplate (Simulated) | Nameplate (Real-World)

PV SkW 2x 6 kW
BESS | 6 kW, 25 kWh -
EV 6 kW, 45 kWh 6 kW, 45 kWh

ST 0-2 kW 6 kW (E-Load)

grids, where large voltage variations are not particularly
common [50].

The real-world experiment is conducted at the KCM and is
executed using a PV, EV, and an electric load (E-Load) that
mimics the behavior of a ST. The nameplate ratings of these
DERs can be found in Table 2. The market intervals used for
the experimental results are in 5-minute intervals.

A. IMPACT OF FUZZY BESS BIDDING STRATEGY ON PEAK
DEMAND

The objective of the first simulated experiment is to determine
the impact of the fuzzy BESS bidding strategy on the peak
demand of the community. First, a baseline is established,
whereby each homeowner within the 8-home community is
configured to have a selfish strategy for their BESS, EV,
and ST, as depicted in Figure 10. Subsequently, the strategy
distribution of the BESSs is incremented by one helpful BESS
at a time, with community load profiles being generated
from a distribution of 8 selfish BESSs and 0 helpful BESSs,
to O selfish BESSs and 8 helpful BESSs. This type of sen-
sitivity analysis is useful in isolating the impact of the BESS
bidding strategy on the peak demand of the community. Thus,
the results of the aforementioned sensitivity analysis can be
seen in Figure 11, where the peak load of the community
reduces almost linearly as the number of helpful BESSs
increase. The peak load reduces from 101.7 kW when there
are 8 selfish BESSs, to 53.3 kW when there are 8 helpful
BESSs, which is a decrease of 62%. The load profiles of
the community based on these two scenarios are shown
in Figure 12, where the daily peak reduction can be clearly
seen when helpful BESSs are in the majority.

Furthermore, Figure 13 shows the difference in behavior
of helpful BESSs and selfish BESSs as a function of their
power output. As seen in the figure, the daily peak demand
aligns with the coincident charging of selfish BESSs, while
during the same time frame, helpful BESSs tend to discharge
(negative values for power output signify that the BESS is
discharging). Thus, helpful BESSs play a dominant role in
reduction of peak demand for the community, and contribute
a maximum cumulative reduction of 40.8 kW, which is 85%
of the total reduction observed during the time of the study.

B. IMPACT OF DEMAND CAP ON PEAK DEMAND

Using the results of the previous subsection, the peak load
of the community with 8 helpful BESSs is 53.3 kW, which
exceeds the maximum transformer capacity of 45 kW, and
would require the DSO to upgrade the transformer as a result.
To avoid this upgrade, a demand cap of 45 kW is applied to
the market for the entirety of the time under study to limit
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FIGURE 11. Impact of helpful BESSs on peak demand.

the allowable demand of the community. The resultant load
profile of the community is shown in Figure 14, where it
can be seen that the peak demand of the community reduces
to 41 kW. However, applying the demand cap can result in
some negative consequences, as the demand cap constrains
the market and tends to drive up the MCP [51]. As a result,
DERs, such as EVs, do not get the opportunity to retain their
desired SoC. This is shown in Figure 15, where helpful EVs
bidding in the non-demand cap market achieve 100% SoC
every day, whereas EVs within the demand cap market retain
a maximum of 62% SoC.

Utilizing the results of Section VI.A and Section VLB,
a financial assessment is carried out on five DSOs within
Ontario, Canada, to investigate the total CAPEX saved by the
proposed system as a result of its reduction of peak demand.
The data for the number of existing 50 kVA transformers in
their respective territories is publicly available on their web-
sites, while the prices for 50 kVA and 125 kVA transformers
are $3,172.13 and $10,570.37, respectively [52]. To support
the baseline peak load of 101.7 kW as found in Section VLA,
the transformer must be upgraded to 125 kVA. On the other
hand, the demand cap scenario in Section VI.B generates a
peak load of 41 kW, which avoids the upgrades entirely, but
the transformers would still need to be replaced at least once
during their lifetime. The results of the financial assessment
are generated using (13) and shown in Table 3, where an
average of $102.5 M of CAPEX is saved per DSO, which
is a total savings of 57.1%.

C. BENCHMARKING OF PROPOSED SYSTEM

The benchmarking of the proposed system in terms of trans-
action latency is performed as per the monte carlo-based
methodology defined in [29]. Namely, eight client applica-
tions are launched simultaneously, which invoke the submit-
Bid and doDoubleAuction methods of the smart contracts
for 1000 iterations. The consensus mechanism used for the
benchmark is pBFT. The number of nodes participating in
the pBFT consensus process is varied from 2 to 12 in order
to determine their effect on the overall execution time of
the aforementioned functions. It is important to reiterate
that the number of nodes does not equal the number of
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FIGURE 13. Power output of selfish and helpful BESSs.

homeowners engaging in energy trading within the proposed
system. As explained in Section II, multiple peers, or in
this case, homeowners, can be assigned to a single node,
and interact with the node using a client application. Thus,
the number of active client applications is the true measure of
the number of homeowners engaging in the trading process.

To facilitate the benchmarking of the trading process,
the ledger is loaded with 1000 bids from 8 different client
applications using the submitBid function, and the MCP is
calculated for the 1000 bids for 1000 iterations using the
doDoubleAuction function. The consensus execution time,
otherwise referred to as the transaction latency, is calcu-
lated by recording the timestamp at the transaction pro-
posal stage and subtracting it from the timestamp recorded
as soon as the transaction is committed to the ledger. The
benchmarking is carried out on a 2.2 GHz, 8GB RAM com-
puter running the Ubuntu 16.04 operating system and HLF
version 1.4. The block size and block speed are retained
from the default settings as 10 transactions per block, and
2 seconds, respectively.

The benchmarking results can be seen in Figure 16, where
the submitBid function has little latency differential from
2 nodes (3.62 s) to 12 nodes (5.72 s). This is in contrast
to the doDoubleAuction function, where the latency differ-
ential almost triples from 3.5 s at 2 nodes to 114 s at
12 nodes. At 12 nodes, the latency of the doDoubleAuction
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function is roughly double of the submitBid function, which
is to be expected, since the computational complexity of
the former is greater than the latter. Nonetheless, even at
12 nodes, the proposed system demonstrates good scalabil-
ity, where the total transaction time of both functions at
12 nodes is 17.12 s, and sufficient to execute RETS, where
typical market intervals operate in the time resolution of
minutes [51].

D. REAL-WORLD EXPERIMENT

The real-world experiment is executed at the KCM, which is
a microgrid located in Vaughan, Canada, and equipped with
four smart homes (Smart Home A, Smart Home B, Solar Hut,
Wind Hut), 35 kW of PV, a Nissan Leaf EV, and an E-Load as
seen in Figure 17. An aerial shot of the microgrid can be seen
in Figure 18, which shows the PV system and smart homes on
the west side of the microgrid. To make the microgrid more
representative of a residential community, the PV is curtailed
to 10 kW, while the controllable loads are considered to be
the E-Load and the EV. The objective of the experiment
is to demonstrate how the microgrid utilizes the proposed
system to serve the E-Load and EV by the on-site PV, aiming
to minimize any import from the DSO-controlled grid. The
permissioned blockchain platform discussed in Section V is
hosted on a Linux-based laptop, with nodes being placed on
a Windows-based laptop, a NI-PXI controller, and Raspberry

5527



IEEE Access

S. Saxena et al.: Permissioned Blockchain System to Reduce Peak Demand in Residential Communities via Energy Trading

TABLE 3. CAPEX Savings of Ontario DSOs

DSO Transformer Baseline Demand Cap | CAPEX
Replacements | CAPEX (§) | CAPEX ($) Savings ($)

Alectra 102,260 756.5M 3244 M 432.1M
Toronto 54,081 400.1 M 171.2M 2285M
Ottawa 42,348 3133 M 1343 M 179.0 M
London 13,535 100.1 M 429M 572M

Kitchener | 9,583 70.9 M 304 M 40.5M

[ Averages [ 24,262 [ 1795M [ 76.9M [ 1025M |

| =@ subMItBid === doDoubleAuction

Latency (s)

Number of Nodes

FIGURE 16. Transaction latency of proposed system.

Pi B+, respectively. Each node uses the MODBUS protocol
to actuate the DERs associated with it, and uses a REST API
to access functions of the smart contract [49].

A time-series graph of the experiment can be seen
in Figure 19, which divides the experiment into 3 bidding
rounds of 2 minutes each. In Bid #1 at 11:50:10, the E-Load
bids at $0.10/5 kWh, while the PV bids at $0.05/10 kWh,
with both DERs using the using the submitBid function
of the smart contract to submit bids to the ledger. Then,
the doDoubleAuction function is executed to determine a
MCP of $0.05/kWh. The MCP is then broadcast to all
the nodes, where only the E-Load is turned on as seen
in Figure 19. The second round of bidding includes the EV,
which outbids the previous E-Load bid at $0.15/5 kWh,
resulting in an MCP of $0.10/kWh. At this point, the PV
supply of 10 kW cannot support both the E-Load and EV,
and this is reflected by the MCP result, which dictates that
the EV is turned on, and the E-Load is turned off. Finally,
in the third round of bidding, the E-Load matches the EV bid
at $0.15/5 kWh, and the resultant MCP is $0.16/kWh. The
MCP is equivalent to the TOU price of the DSO at the time,
and thus, both the EV and the E-Load are turned on. This can
be seen in Figure 19, as the individual plots for the EV and
E-Load rise to approximately 6 kW, while the measurement
at the point of common coupling (PCC) indicates that the
microgrid imports roughly 1 kW from the DSO to satisfy the
overall demand. It is worth noting that the combined total
execution time of both smart contract functions across the
three bidding intervals are 7.84 s, 7.76 s, and 8.18 s, which are
consistent with the results obtained during the benchmarking
evaluation.
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FIGURE 17. Single line diagram of Kortright Centre Microgrid.

FIGURE 18. Aerial shot of the Kortright Centre Microgrid, which shows
the PV system and smart homes on the west side of the microgrid.
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FIGURE 19. Demonstration of DERs responding to bid outcomes.

VIl. CONCLUSION

This article proposed a permissioned blockchain-based RETS
that enabled homeowners to trade energy and reduce peak
demand. A fuzzy bidding strategy was developed for BESSs
to distinguish their operation as selfish or helpful, thus
enabling helpful BESSs to alter their schedule to reduce
peak demand. Simulation results revealed that the proposed
system reduced the peak load of the community by 62%,
thus generating an average CAPEX savings of $102.5M for
DSOs in Ontario. The proposed system was deployed at a
Canadian microgrid using the HLF platform, and used to
demonstrate how the microgrid could reduce demand and
minimize energy imports from the DSO. The execution time
of the proposed smart contract was benchmarked at 17.12 s,
which is sufficient for RETS. The future scope of the work
includes extending the proposed system to accommodate
trading between communities to further reduce the peak
demand of an entire territory. Furthermore, the monetary
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incentive for homeowners to participate in demand response
events will also be quantified as a function of CAPEX savings
of the DSO.
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