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ABSTRACT
The deregulation of Singapore’s retail electricity market in 2018 and the rapid adoption of solar rooftops have led to the emergence of a new type of energy transaction,
wherein prosumers require flexible tariffs that reflect their willingness to respond to
market price signals as well as new business models. The move toward community
energy schemes, where prosumers can trade their surplus electricity locally, and the
implications this has for tariff design motivates our study. We propose a portfolio of
stylized retail tariffs for different market organizations. Among the proposed configurations are time-of-use (ToU), default vertical and peer-to-peer (P2P) tariffs, the
last of which operates through a blockchain platform. In this study, each Singaporean
district is balanced as a potential future microgrid. An iterative double-auction mechanism is designed to calculate a distributed P2P tariff, looking to maximize the benefit for stakeholders. This tariff is then cleared and compared with a bespoke retail
ToU tariff as well as Singapore’s monopolistic regulated vertical tariff.
Keywords: auctions; peer-to-peer (P2P); time-of-use (ToU); prosumers; retail; tariffs.
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1 INTRODUCTION
The progressive liberalization of the Singaporean electricity market, with its increase
in contestable customers being allowed to choose their own electricity suppliers (Han
2014) and its government-orchestrated push toward adding solar panels to rooftops
(Chang and Tay 2006), is leading to a more active profile of stakeholders emerging.
Consumers can choose to become prosumers by producing and storing their own
energy through a combination of solar panels and storage. Nowadays, the surplus of
this domestic solar energy is injected back into the national grid, but prosumers might
be willing to sell it to their neighbors through microgrids in the near future, leading
to a decentralized peer-to-peer (P2P) configuration of market transactions. This new
market structure – where prosumers generate their own electricity and share it with
local consumers – will impact how energy flows and is billed (Zhang et al 2016).
This disruption of the traditional energy sector landscape requires an in-depth
study of its impact on the whole system, including the technical field and consumer
billing mechanisms. Particularly, prosumers will require flexible tariffs that reflect
their willingness to respond to market price signals as well as new business models
in order to move toward this new community energy scheme (Koirala et al 2016;
Omnetric Group 2018).
Moreover, P2P trading and the way it would be implemented under the proposed
system raises questions regarding security, trust and privacy. Indeed, this new configuration implies a decentralized electricity market scheme requiring transparent
and secure market environments. A promising contender to tackle this problem is
blockchain technology (Financial Conduct Authority 2017), due to its distributed
ledger nature (Kang 2017).
Microgrids are being proposed as a system architecture to promote decentralized
configurations in order to increase resilience, prevent energy losses, ease congestion at the national grid (El-hawary 2014), reduce grid costs for customers and, thus,
incentivize people to turn to new community energy schemes. Moreover, decentralized, balanced microgrids would reduce message delivery delay, which is a significant issue for P2P energy trading (Lu et al 2013), and give more autonomy to the
energy community to set their own consumption and performance goals.
It is interesting to combine auction approaches with this technology: in Section 1.3, we offer an example of this using the Kelly mechanism. Few studies reflect
the current case in Singapore, which involves two categories of stakeholders, leading
to a double auction; the Kelly mechanism solves for one-dimensional auctions (Srinivasan et al 2016). The liberalization of Singapore’s energy market and the emergence of a new community energy scheme supported by combining microgrids and
blockchain technologies motivate the evaluation of the P2P tariff in this study as an
auction between consumers and prosumers.
Journal of Energy Markets
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1.1 The Singapore energy sector approach
Formerly vertically integrated (Chang 2004), ie, fully regulated by the government
through the Public Utilities Board (PUB), Singapore’s energy sector is now completing its move toward so-called full retail competition (FRC), which it began in 2018
(Chang 2007). The generation sector has been open to competition since 2001, while
the retail sector has become progressively liberalized, with the threshold for market participation lowered by the Energy Market Authority (2017) from 8000 kWh in
2004 to 2000 kWh in 2015. Hence, contestable consumers, ie, businesses consuming
more than 2 MWh, are now able to buy electricity directly from licensed retailers,
paving the way for the remaining 1.3 million consumers to follow in their footsteps
(Chang 2007). The goals of this deregulation are manifold. Allowing consumers
to choose whether they purchase electricity from a licensed retailer, directly from
the wholesale market or from the government-owned company Singapore Power
Services (SP Services) addresses the question of consumer choice described by
Foley et al (2010). Other expectations of the deregulation process include lower
prices along with more efficient and reliable services. It is also hoped that it will
encourage the rise of economically viable small-scale power generation (Wouters
2015).
Fully aware of microgrids’ potential, Singapore has launched several research
projects on smart grid operations. Since the Intelligent Energy Systems project was
launched in 2009, several research-and-development platforms have been instigated,
such as Singapore’s Renewable Energy Integration Demonstrator (2014), which saw
three microgrids built on Semakau Island (Yang et al 2014). Similarly, the Pulau
Ubin Microgrid Test Bed, in operation since 2013, using thirty participants such as
residential premises, small businesses and government agencies, has led to the current (as of writing) electricity price of S$0.80/kWh (Wouters 2015; Yang et al 2014).
In 2016, a microgrid demonstration platform for exchanging renewable energy was
launched using a decentralized digital currency, NRGcoin, based on blockchain
technology, to execute transactions (Facchini 2017).

1.2 Blockchain technology
This type of technology first emerged from computer networks and cryptography to
secure communications as a distributed ledger technology (PwC 2017) that could
help to speed up P2P transactions (Morabito 2017). According to its very definition as a decentralized technology, blockchain has the capacity to change the traditional transaction consensus model. This transition to another energy landscape, a
more decentralized system, will require new networking technology to support the
www.risk.net/journals
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increased flow of information within the energy system. In this respect, blockchain
could become a future transversal technology that allows secured transactions
between peers.
In a secured transaction environment that uses blockchain technology, each customer possesses one public decryption key that gives them access to the blockchain’s
transaction history, and one private encryption key that gives them access to a unique
account from which the execution of transactions is possible (Munsing et al 2017).
The transaction propositions are visible to every participant and are impossible to
modify without the entire community noticing, which leads to a transparent and
immutable process. Moreover, the private key leaves a unique signature, so when
a bid or offer is executed the transaction source is detectable. Each transaction is
temporarily stored in a block of transactions that is waiting to be validated by the
other users. One block is acceptable if it has a valid hash value, which is obtained via
a complicated computational problem that requires a significant amount of energy
to solve. There are several consensus methods for validating blocks of transactions, which ensure both the security and the truthfulness of the trade (Zheng et al
2017).

1.3 Pricing decentralized auctions
Several pricing methods exist to incentivize customers to reduce their demand. The
most natural way is to charge customers according to the real-time electricity price
(RTP) (Borenstein 2002), a dynamic tariff that is directly dependent on wholesale
market variations. As a result, the electricity cost will vary all day long and give consumers a true economic signal to favor an optimal socioeconomic use of electricity
(Algarvio et al 2014). This tariff is more suited to large consumers, since they can
afford to study the market to reduce their expenses. The digitalization and metering of the system will aid in applying this RTP tariff, allowing retailers to hedge
themselves against uncertainty by buying electricity in the wholesale market under
long-term contracts and selling it at spot prices to consumers. RTP tariff participants
can be given a signal that indicates when electricity load reduction is particularly
desirable; this is done by increasing the RTP using a value known as the reliability adder, which prevents excessively constraining market conditions from reaching
smaller customers.
In electricity tariff design, employing a variable pricing method – such as the
widely used time-of-use (ToU) pricing approach – is one possible way of providing
customers with more accurate information about real electricity prices while keeping the tariff stable from month to month. A retail tariff is divided into different fixed
prices: these are usually peak, shoulder and off-peak price. Each day is separated into
time blocks, and the corresponding price is asked of the consumer when electricity
Journal of Energy Markets
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is loaded within a particular time block. Similarly, weekends and holidays are considered to be off-peak periods: electricity used during this time is therefore charged
at an off-peak price. Another option for achieving tariff accuracy and stability is by
using a mixture of variable and dynamic tariffs. As an example, a customer baseline
load (CBL) tariff would have its demand base charged at the ToU price, while the
demand surplus of the customer is charged at the spot price (Triki and Violi 2007).
To conclude, the main aim of demand-side prices is to lower demand at peak times in
order to reduce both wholesale market prices and the risk of rolling blackouts (Samet
2016).
Reproducing auctions for electricity trading allows us to simulate a real energy
market, with stakeholders interacting with each other as buyers or sellers, leading
to the allocation of items such as goods or resources (Liang et al 2013). Different auction mechanisms exist. This study focuses on one unique divisible resource,
electricity, which is going to be traded within the energy market. This type of homogeneous auction aims to efficiently allocate that resource – as well as the associated
bidding price that results from the trade – through an optimization problem. The
Vickrey–Clark–Groves (VCG) mechanism proposes a solution for the optimization
problem via price anticipation (Triki and Violi 2007): the efficient allocation of the
resource is done by considering the fact that users are adapting their bids according to its impact on trade. This is why the auction system must be party to others’
bidding information (Koutsopoulos and Iosifidis 2010). However, for the purposes
of our study, which involves a P2P configuration that is implemented by simulating
a blockchain platform and constructed according to what has been said before, the
blockchain technology involves privacy protection without reliance on a third party.
Consequently, this mechanism is not suitable for the Singapore case study.
As for the Kelly mechanism, this solves the optimization problem via an optimal allocation of the resource through social optimization. It allows the problem
to be solved in a decentralized manner (Kelly et al 1997). As a result, the auction
involves a third party, the blockchain platform, as the auctioneer or broker; this iteratively computes the electricity allocation. Users then update their bidding price.
These results converge until they reach the optimal solution of the social welfare
optimization problem. The Kelly mechanism is an iterative one-dimensional auction whose algorithm runs in a distributed way, similar to the blockchain technology; therefore, designing a P2P tariff based on the Kelly mechanism for buyers’ and
sellers’ interactions through the platform is a suitable proposal.
This paper is organized as follows. In Section 2, an overview of the techniques is
presented. In Section 3, our trial objectives and challenges are further characterized.
In Section 4, our conclusions, learnings, ideas for future work and recommendations
are discussed.
www.risk.net/journals
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2 TARIFF DESIGN CHARACTERIZATION: THE SINGAPORE
PERSPECTIVE
2.1 Tariff design
Studies such as Huh and Seo (2016), Faqiry (2017), Iosifidis et al (2015), Yoon et al
(2017) and Mihaylov et al (2016) were conducted on tariffs in deregulated environments, covering everything from load forecasting to tariff design. They also included
comparisons between tariffs. Mills et al (2016) presented two general models that are
commonly used in load profiling: the area and the category (groups of consumers)
models. Load profiles can be extracted from data via statistical analysis or via a pattern recognition method using clustering algorithms. According to Mills et al (2016),
the formulation of fixed or variable tariffs over time for tariff design is one of load
profiling’s main applications. Some dynamic pricing methods – such as a two-stage
pricing scheme, determined through retailer revenue optimization (Borenstein 2002),
or a usage-based dynamic RTP in a smart grid application (Triki and Violi 2007) –
are also analyzed. The former study divides its price design into two stages, the first
being a ToU tariff and the second being a dynamic tariff based on real-time extra
demand. The latter defines a demand threshold to determine both peak and off-peak
times.
An extensive literature exists for the auction approach, particularly in the fields
of communication and networking: see, for example, the 1997 University of Cambridge study on rate control, which describes a basic network model and solves a
utility optimization problem via a decomposition of the system (Kelly et al 1997).
An iterative double-auction mechanism following the Kelly mechanism is designed
to simulate interactions between mobile network operators and access points as well
as to optimize mobile data traffic. A similar algorithm adapted to the energy field
has been used in various papers for energy trading in microgrids (Panapakidis et al
2012; Samadi et al 2010; Sandholm 2002) or for P2P energy trading with electrical
vehicles (Faqiry and Das 2016; Majumder et al 2014). Similarly, auctions following the VCG mechanism have been used in papers about microgrid energy trading
simulations (Alvaro-Hermana et al 2016; Jargstorf et al 2015).
As for time-varying tariffs, the most popular type is the ToU tariff, which divides
each day into pricing blocks. As an example, bilateral contracts between power
producers and customers with three rate tariffs are studied via a maximization of
power producers’ profits to determine both prices and future customers to be targeted
(Liang et al 2013). Other types of studies on tariff-related topics include comparisons of already-existing prices – such as in Russia, where retail prices and regulated
prices were compared (Liu et al 2015) – or comparisons of tariff schemes through
self-generation scenarios (regarding solar photovoltaics (PVs) and battery storage)
(Kuleshov et al 2012).
Journal of Energy Markets
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As presented in Section 1, the deregulation of Singapore’s energy market should
lead not only to competition between electricity retailers but also to a rise in prosumers and their participation in the market. A special focus has been made on smart
grids, which will allow prosumers market entry through a P2P energy configuration,
supported by blockchain technology. As a result, three tariff options can be drawn
from this changing landscape: a default tariff entirely regulated by the Singaporean
government, a retail tariff with variable pricing depending on its use (ToU), and a
P2P tariff that is traded in a blockchain environment.

2.2 Singapore’s default tariff
It is assumed that after full deregulation, Singapore’s government will implement a
default tariff that is entirely regulated, as a backup or supplier-of-last-resort tariff on
its customers. The upholding of a regulated tariff after full liberalization is currently
still under debate, and its design varies from country to country (ITS Consultancy
Services 2017). Therefore, the default tariff considered in this paper is set to equal
the current regulated Singaporean electricity tariff, reviewed quarterly for energy cost
and regulated by the Energy Market Authority (2017). This makes it easier to compare with other tariff options as the base tariff. According to SP Group, the current
electricity tariff can be divided into four cost items, all of them in S$/kWh (Cheong
2000).
 Energy cost (14.58c/kWh): the cost of fuel, subject to market conditions, and
the power generation cost, eg, manpower, maintenance and capital costs.
 Network cost (5.30c/kWh): the cost of transmitting and distributing electricity
through the electricity network.
 Market support service (MSS) fee (0.37c/kWh): the customer service cost,
eg, billing and metering costs.
 Market administration and power system operator (PSO) fee (0.05c/kWh): the
cost of operating the power system and administrating the wholesale electricity
market.
Prosumers who inject their solar-panel-produced electricity into the grid are paid
based on the prevailing low-tension electricity tariff minus a grid charge. To compare
this default tariff with the others, we will set its value at 0.203 S$/kWh: this is the
value of the current regulated electricity tariff available from SP Group (Cheong
2000).
www.risk.net/journals
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2.3 ToU retail tariff
Following a full deregulation of the market, consumers will potentially choose retailers without considering their level of electricity consumption. As described in Section 2.1, retail pricing can take different forms, from a fully fixed price to a dynamic
price that varies over time. Knowing that only small consumers are considered in
this case study, dynamic pricing cannot be used due to the risk of excessive instability (SP Group 2018). The widely adopted price scenario ToU pricing is thus chosen
instead.
For simplicity, it is assumed that the retail tariffs used in this paper are only ToU
prices in S$/kWh. According to SP Group, contestable consumers who have contracts with ToU pricing are charged off-peak prices from 23:00 until 07:00 and peak
prices the rest of the time (Jaske 2002). As shown in Jaske (2002), the off-peak price
is 60% of the peak price. Therefore, the retail tariff peak value used in this paper is
the current regulated tariff of 0.203 S$/kWh, while the off-peak value is 60% of that,
ie, 0.1218 S$/kWh.

2.4 P2P tariff
The P2P tariff option is for consumers who would like to sell (or buy) their electricity
directly to (or from) their neighbors without interacting with a centralized entity or
reducing the maximum possible use of the system. The approach chosen to calculate this tariff is an iterative double-auction method (Kelly et al 1997) adapted from
the Kelly mechanism. Indeed, the interaction between consumers and prosumers for
P2P trading can be modeled by a homogeneous auction that aims to optimally allocate resources and their associated bidding prices. As said in Section 2.1, the Kelly
mechanism is the most well adapted for solving the optimization problem while
maintaining users’ privacy, which is one of the main reasons for using a blockchain
platform.

2.4.1 Microgrid trading in a blockchain
Agreements are made online through a blockchain platform. This blockchaintechnology-based website, operated as an intermediary, can provide consumers with
both guaranteed privacy and cheaper transactions, while offering stakeholders access
to vital information (Financial Conduct Authority 2017). A fixed-cost item is therefore assumed for platform operation and maintenance, which is determined through
a P2P tariff calculation. A blockchain technology consensus depends on a network
security protocol, which requires a certain amount of calculation time to find a hash
matching some prerequisite requirements in order to validate modifications of information (Evangelopoulos et al 2016). This consensus-reaching protocol is costly in
terms of energy, since the validation algorithm runs on electricity. As it stands, this
Journal of Energy Markets
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amount of energy is included in one’s electricity consumption profile, so there is
no need to consider its cost in a P2P tariff; however, in future models, data center
locations will need to be taken into consideration.
As aforementioned, a P2P configuration implies the use of local microgrids instead
of the national grid, due to its very definition as a system of neighbor energy trading. Grid costs can be considered as users’ contribution to losses, system load peaks
and users’ connection to the grid (Pop et al 2018). Knowing that a P2P electricity
exchange between neighbors reduces transmission distance, due to the use of microgrids, as well as energy transmission losses (Evangelopoulos et al 2016), it can be
assumed that the microgrid cost in each district is a portion of the grid cost, set at 70%
of the national grid cost of 0.035 S$/kWh (Cheong 2000; Energy Market Authority
2017).
The cost of solar electricity generation is calculated using the levelized cost of
electricity (LCOE) method, which is well established in energy finance and for policy
(Chuan et al 2014). As a result, the solar panel electricity generation price is set
depending on: the average capital cost of a basic solar panel composed of crystalline
PV modules, the capital cost interest rate, the panel depreciation, and the operation
and insurance costs. For the rest of our paper, this solar cost is set at 0.275 S$/kWh,
calculated using the 2014 Singapore Solar Roadmap for a turnkey system price of
2500 S$/kWp and a cost capital of 8% (Chuan et al 2014).

3 DISTRIBUTED TARIFF MODELING
3.1 Singapore’s context and tariff option assumptions
To model the liberalization of Singapore’s electricity market, several assumptions
will need to be made in this case study. These are as follows. Only small consumers,
ie, residential consumers and small industrial or commercial consumers with low
voltage (400/230 V), are considered. It is assumed that small consumers do not have
the knowledge to buy electricity directly from the wholesale market. Every household can install a generation unit and share electricity. As noted previously, solar
energy is one of the most viable renewable energy sources in Singapore, according
to the Energy Market Authority (2017). Thus, prosumers’ generation is only due
to solar panel installation. Singapore has been divided into five areas by the Urban
Redevelopment Authority (URA) in order to facilitate urban planning (Luther and
Reindl 2014): the north block, the northeast block, the west block, the east block and
the central block, as displayed in Figure 1. For P2P tariff simulation, only regions
have been taken into consideration, since the data available from the Energy Market
Authority is categorized by area. Therefore, this distribution will be referred to as a
zone, district, region or area in the remainder of this study, without distinction, and
each zone is considered to be a microgrid.
www.risk.net/journals
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FIGURE 1 Map of Singapore area divisions by the URA.

Source: Energy Market Authority (2017).

3.2 Iterative double auction for retail tariff design
The data pertaining to installed solar PV capacity per district and per consumer category (contestable and noncontestable consumers) in Singapore is provided by the
Energy Market Authority (2017). Every hour, solar energy generation data per district is supplied by the National Renewable Energy Laboratory’s (NREL’s) PVWatts
Calculator (Urban Redevelopment Authority 2016). This is calculated with the
installed solar capacity for a 21% system loss. The data for solar energy generation
is only available by district; this is then aggregated for fitting into the five district
market participant areas of Figure 1.
The data covering monthly average electricity demand per household and the number of households per district is provided by the Energy Market Authority (2017).
Thereafter, reduced to an hourly basis, the average electricity demand is multiplied
by the number of households per district and then spread over one day.
The iterative double-auction mechanism based on the Kelly mechanism can simulate and provide solutions for an electricity trading system between a group of buyers
and sellers, bidding through an energy broker, even if it only has partial information
(see Figure 2). The broker, which takes the form of a blockchain platform in this
paper, gradually optimizes the market equilibrium, ultimately reaching a social welfare efficient solution (Dobos 2013). The idea behind the social welfare optimization
Journal of Energy Markets
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FIGURE 2 Iterative double-auction processes flowchart.

Broker-level auction

dij "j

gji "i

bij "j

sji "i

Seller j

Buyer i

Private
Ui utility

Broker
Maximize: å i å j (bij ln dij – (sji / 2) gji2)

Private
Lj cost

Social welfare
Maximize: å i Ui (Di ) – å j Lj (Gj )

problem is to maximize buyers’ utilities (ie, the amount of electricity provided by
sellers), while minimizing sellers’ cost functions (ie, the cost of producing solar electricity and using the grid). This method was chosen because it incentivizes bidders
to propose real values without any bias; this is because it is impossible for them
to anticipate the impact of their bids on prices (Koutsopoulos and Iosifidis 2010).
This reflects a realistic scenario, since small consumers are considered unlikely to
spend time trading their electricity consumption in real time. To solve the social welfare optimization problem, the iterative double-auction mechanism resolves an optimization allocation subject to the same constraints, ie, sellers’ and buyers’ capacity
constraints in this particular case. This is combined with pricing (for buyers) and
reimbursement (for sellers) rules.
As a result, this process is a double auction wherein buyers and sellers interact by
submitting their bidding price for each area (including themselves). Based on this,
the broker calculates the amount of electricity received by the buyer and supplied
by the seller, limited by each zone’s maximum capacity, by solving the optimization problem. Bids are then adjusted at the following iteration, which leads to an
adjustment of the traded electricity. The algorithm iterates until market equilibrium
is reached.
Each of the studied areas in Singapore has an electricity demand value D max and
a solar electricity generation value G max , which are traded through a platform with
each other to fix the exchange amount and the final price. D max and G max are the
inputs of this auction system. Each area can trade with itself, since clusters of consumers and prosumers in the same area are considered. A blockchain platform is
www.risk.net/journals
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considered to act as a local energy broker that manages electricity trading between
areas. To incentivize trading within the same area, a grid charge that is 30% less
expensive than in other areas is considered.

3.3 Case study formulation
Consider a network with a set of areas that can both buy and sell electricity, since
they all have a demand for energy and produce solar energy. To let them interact
with each other, each area has two profiles, ie, a buying profile and a selling profile.
Let buying electricity areas be denoted by i, i D 1; : : : ; N max (number of areas in
Singapore), and selling electricity areas be denoted by j , j D 1; : : : ; N max .
Dimax is the total demand for electricity of area i, where D is the total electricity
demand of Singapore traded in the auction and Di is the electricity demand vector
of area i, with dij the electricity demand of area i for discharging area j so that


Di D fdij 8i 2 N g and D D fDi 8i 2 N g with N D f1; 2; : : : ; N max g. Similarly,
Gjmax is the total amount of solar electricity generated by area j , where G is the total
electricity supply of Singapore traded in the auction and Gj is the electricity supply
vector of area j , with gj i the electricity supply of area j for charging area i, so that


Gj D fgj i 8j 2 N g and G D fGj 8j 2 N g with N D f1; 2; : : : ; N max g.

Bi is the buying price vector of area I so that Bi D fbij 8i 2 N g, and Sj is the

selling price vector of area j so that Sj D fsj i 8j 2 N g. Two functions – the utility
(satisfaction) function for the buying profile and the cost function for the selling
profile – are considered in (3.1) and (3.2):
X
Ui .Di / D
ln.dij C 1/:
(3.1)
i

The satisfaction function corresponds to the level of satisfaction each buyer
obtains as a function of its energy consumption. As users are interested in consuming
as much electricity as possible before reaching their maximum capacity, the utility
function is nondecreasing:
Lj .Gj / D

X .SC C GC/gj2i
i

2

;

(3.2)

where SC is the solar cost and GC is the grid charge. The cost function represents
the cost of providing electricity to the sellers. As described above, the grid charge is
cheaper when the transaction is within the same area, ie, when i D j .

3.3.1 Social welfare optimization problem
X

X
SW D max
Ui .Di /
Lj .Gj / :
D;G

Journal of Energy Markets

i

(3.3)

j

www.risk.net/journals

Community energy retail tariffs in Singapore

The objective of this problem is to maximize buyers’ utilities, ie, the amount of
energy they can buy, while minimizing sellers’ electricity production and trading
costs.
This maximization function is subject to three main constraints:
X
dij 6 Dimax ;
(3.4)
j

gj i D dij ;
X
gj i 6 Gjmax :

(3.5)
(3.6)

i

This objective function is strictly concave, continuous and differentiable through
Ui , a natural logarithm function, and Lj , a quadratic function. Relaxation of the
constraints leads to the following Lagrangian L1:

X
X
X X
L1 W
Ui .Di /
Lj .Gj /
˛i
dij Dimax
i

j

i

j

X
j

ˇi

X

gj i

Gjmax

i



XX
;
i

(3.7)

j

with ˛; ˇ > 0 the vectors of Lagrange multipliers corresponding to the constraints
(3.4)–(3.6), and  the matrix of Lagrange multipliers corresponding to the constraint
(3.5). According to Kelly’s study,  can also be considered as a charge per energy
unit. The social welfare function is strictly concave. Therefore, it possesses a unique
optimal solution that can be described using the necessary Karush–Kuhn–Tucker
(KKT) conditions. Hence, the optimal primal variables – D ı and G ı – and dual
variables – ˛ ı , ˇ ı and ı – are given as follows.
 Stationarity:
@Ui .Diı /
D ˛iı C ıij ;
@dij
@Lj .Gjı /
D ˇjı C ıij :
@Gj i

(3.8)
(3.9)

 Complementary slackness:
˛iı

X

dijı

Dimax

gjıi

Gjmax


D 0;

(3.10)

D 0:

(3.11)

j

ˇjı

X



i
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3.3.2 Optimal allocation problem
XX
AL W max
bij ln dij
D;G

i

sj i 2
g
2 ji

j


:

(3.12)

This second optimization problem is subject to the same constraints as the social
welfare one: (3.4)–(3.6).
As this new objective function is also strictly concave, continuous and derivable, it
therefore admits a unique optimal solution. A relaxation of the constraints generates
the following Lagrangian L2:
 X X

XX
sj i 2
L2 W
bij ln dij
gj i
˛i
dij Dimax
2
i
j
i
j

 XX
X
X
ˇi
gj i Gjmax
ij .dij gj i /:
(3.13)
j

i

i

j

The KKT conditions application yields the optimal variables ˛ ı , ˇ ı , ı , D ı and
G .
ı

 Stationarity:
@bij ln dijı

D ˛iı C ıij D

@dij
@ 12 sj i gjı2i
@gj i

D

bij
;
dijı

(3.14)

ˇjı C ıij D sj i gjıi ;

) dijı D
) gjıi D

bij
;
˛iı C ıij
ˇjı C ıij
sj i

(3.15)
(3.16)

:

(3.17)

 Complementary slackness:
˛iı

X

dijı

Dimax

gjıi

Gjmax


D 0;

(3.18)

D 0:

(3.19)

j

ˇjı

X



i

It should be noted that (3.18) and (3.19) are similar to (3.10) and (3.11) since
both objective functions are under similar constraints.
 Constraints similarity: the allocation problem yields a solution identical to


the unique solution of the social welfare one, ie, D ı D D ı and G ı DG ı .
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Therefore, the following equations are deduced:
bij D
sj i D

@Ui .Diı / ı
dij ;
@dij
.@Lj .Gjı /=@Gj i /  1
gjıi

(3.20)
:

(3.21)

The following optimal electricity buying and selling problems model bidders’
behavior. Let Payi .Bi / be the payment function given to the buyer and let Rewj .Sj /
be the reward function given to the seller, both managed by the broker.

3.3.3 Optimal electricity buying problem
EB.electricity buying/ D max.Ui Di /
Bi
X
Payi .Bi / D
bij :

Payi .Bi /;

(3.22)
(3.23)

j

P ROOF

According to (3.22),
@Payi .Bi /
@Payi .Bi / @bij
@Ui .Di /
D
D
:
@dij
@dij
@bij
@dij

According to (3.16),
@bij
D ˛i C ij :
@dij
So,
@Payi .Bi /
D 1:
@dij


3.3.4 Optimal electricity selling problem
ES.electricity selling/ D max.Rewj .Sj /
Si

Rewj .Sj / D
P ROOF

Lj .Gj //;

. ij C ˇj /2
:
Sj i

(3.24)
(3.25)

According to (3.24),
@Lj .Gj /
@Rewj .Sj /
@Rewj .Sj / @sj i
D
D
:
@gj i
@gj i
@sj i
@gj i
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According to (3.17),
Sj2i
@sj i
D
:
@gj i
ij ˇj
According to (3.9),
.. ij ˇj /=Sj2i /@Lj .Gj /
@Rewj .Sj /
D
@sj i
@gj i
. ij C ˇj /2
ij ˇj
.
ˇ
C

/
D
:
D
j
ij
Sj2i
Sj2i
Buyers’ and sellers’ bids are determined by the users themselves. Since they know
their own utility or cost functions, they can easily solve optimal electricity selling and
buying problems with (3.20) and (3.21), leading to the following equations:
bij D

dijı
dijı C 1

;

(3.26)

sj i D SC C GC:

(3.27)

Knowing (3.26) and (3.27), it should be mentioned that Sj represents the seller
bidding price in S$/kWh, while Bi is the buyer bidding price in S$/kWh. Therefore,
the latter requires further calculations to make it the same unit as the selling price.


3.3.5 Dual variables calculation
After relaxing the optimization functions’ constraints by forming the Lagrangians
L1 and L2, the dual variables ˛, ˇ and  must be updated. As these constraints are
convex and differentiable, the solution of their minimization is unique, so a gradient
method can be used:

X
˛i .t C 1/ D ˛i .t/ C s
dij

Dimax

C
;

(3.28)

;

(3.29)

j


X
ˇj .t C 1/ D ˇj .t/ C s
gij

Gjmax

C

i

ij .t C 1/ D ij .t/ C s.dij .t/

dj i .t //;

(3.30)

where s is a sufficiently small positive step size, t is the iteration index and ./C
denotes the projection onto a nonnegative orthant.
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3.3.6 Iterative double-auction algorithm
As the optimization problems above are solved using a dual decomposition method
with a gradient approach for the updated dual variables, the algorithm we implement
solves the problems over multiple iterations. For each iteration, the broker checks
if the termination condition is satisfied, ie, whether the bid price satisfies the convergence criterion ". The smaller this latter value, the more precise the bid price’s
difference between two iterations:
Diff B D

bijkC1;t

bijk;t

bijkC1;t

;

Diff S D

sjkC1;t
i

sjk;t
i

sjkC1;t
i

I

these are the bid prices tested at the end of each iteration.
The broker calculates the new amount of electricity that will potentially be
exchanged as well as all the dual variables. This information is then transmitted to
buyers and sellers and used to let them deduce their new bidding price. At the end
of all the iterations for a time t, the reward and payment functions are determined.
This iteration is reiterated for each period of time. The iterative double auction is
described in detail in Algorithm 1. The initialization of primal (D, G) and dual
(˛, ˇ, ) variables is determined by the broker. ˛ and ˇ are chosen to satisfy the
complementary slackness described in (3.18) and (3.19), while D and G must satisfy the constraint (3.5) for any value of . As an example, one can choose ˛ D 0,
ˇ D 0 and gj i D dij for any .

4 RESULTS
The iterative double-auction algorithm has been implemented in Fortran for a convergence criterion " D 0:0001 and with a gradient method step size of 0.05. The
auction simulation takes into account five buyers and five sellers, which represent
Singapore’s aforementioned five districts. The auction is implemented each hour of
a given day; here, we use a summer’s day, August 15, 2015, as our reference day.

4.1 Convergence
4.1.1 Social welfare
The double-auction mechanism converges after fifty-five iterations for this convergence criterion. However, as shown in Figure 3, convergence can be considered
compliant after nineteen iterations to achieve a more relaxed criterion.
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Algorithm 1: Iterative double auction
Input : ", s
Output: D.kI t /, G.kI t/, B.k C 1I t/, S.k C 1I t /, ˛.k C 1; t /, ˇ.k C 1; t /,
.k C 1; t/
Initialize ˛.k D 0; t/, ˇ.k D 0; t/, .k D 0I t/, D.k D 0I t /, G.k D 0I t /,
kD0
for t D 0 to T do
Solve Problem EB (Input W D.kI t/; G.kI t/; Output W B.k C 1I t /)
by (3.5)–(3.20)
Solve Problem ES (Input W D.kI t/; G.kI t/; Output W S.k C 1I t /)
by (3.5)–(3.21)
Solve Problem Al (Input W B.kI t/; S.kI t/; ˛.k; t /; ˇ.k; t /; .k; t /;
Output W D.kI t/; G.kI t/) by (3.5)–(3.16) and (3.5)–(3.17)
Update dual variables through the gradient method
Calculate Diff B, Diff S
k DkC1
repeat
do these things
until Diff B < " and Diff S < " k D k 1;
end
Calculate reward price and payment price

4.1.2 Impact of 
As presented in Section 3.3,  is one of the dual variables (in S$/kWh) and is considered equivalent to the buyer’s bidding price when the other dual variables ˛ and
ˇ equal 0. Two simulations were run with two different values of . The first one
employed  equal to 0.25 and the other used  equal to 0.6. The results do not change,
but the second simulation converges after eighty-four iterations and the social welfare
profile has different values for the earlier iterations, as displayed in Figure 4.

4.2 Blockchain platform fee
The final bidding prices between buyer 1 and other sellers are plotted in Figure 5
to highlight the difference between buyer and seller bidding prices. This means that
the blockchain platform buys electricity from sellers at one price and sells it to buyers at a higher price, so the iterative double-auction mechanism is weakly budget
balanced. This revenue can be considered as the maximum blockchain fee chargeable for using the platform. Thus, users wishing to be provided with electricity
Journal of Energy Markets
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FIGURE 3 Number of iterations’ convergence for all areas and social welfare evolution.
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FIGURE 4 Social welfare profile and number of iterations with  equal to 0.6.
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through a P2P configuration would have to pay a maximum blockchain platform
fee of 0.10 S$/kWh, which represents 24% of their total selling price.

4.3 Microgrid incentive
According to Figure 6, electricity trading within the same area leads to a higher
amount of electricity being exchanged at a lower price, since the buyer can receive
1.36 kWh at the tariff 0.424 S$/kWh instead of 1.316 kWh at 0.432 S$/kWh. As a
result, users obtain a 2% discount for trading within the microgrid to which they
are linked, which leads to 25 cents in savings per day while receiving an extra
www.risk.net/journals
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FIGURE 5 Areas’ bidding price comparison between sellers and buyers.

FIGURE 6
areas.
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1 kWh per day. Thus, users are incentivized to buy electricity from their own area
through this discount on the grid charge, since using their area’s microgrid instead of
the national grid is less costly.

4.4 Location and seasonality in solar generation
According to the data provided by the Energy Market Authority and the NREL’s
PVWatts calculator, the amount of electricity generated by solar PVs varies greatly
according to district (see Figure 7), since the solar PVs’ installed capacity is heterogeneously spread over the city. It should also be highlighted that, according to
Figure 8, there is only a slight difference between the amount of solar electricity
produced in winter and in summer, that difference being 28.53 MW at the peak of
each profile’s day. Surprisingly, more electricity is generated on December 24 than
on August 15. This might be due to Singapore’s tropical rainforest weather, however,
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FIGURE 7 Solar generation on August 15, 2016 for Singapore’s districts.
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FIGURE 8 Singapore’s central district solar generation for two representative days.
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so the amount of electricity produced would depend more on the cloudiness of the
day than on seasonality (Energy Market Authority 2017; Pop et al 2018).

4.4.1 Peers’ contribution across the platform
The amount of electricity exchanged within one area varies slightly between the
beginning and the end of the day. This can be explained by the amount of solar
energy that is produced during a day. From 07:00 to 08:00, the energy generated is
multiplied by twelve. Similarly, it is divided by five from 17:00 to 18:00. For the rest
of the day, the electricity variation does not exceed 200%. A double auction was run
using five areas selling and buying at 13:00 (August 15), when solar production is at
its maximum. Table 1 displays the amount of electricity traded by each area at that
time, both with each other and via self-production.
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TABLE 1 Amount of electricity exchanged for five stakeholders.
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FIGURE 9 Buyer electricity demand for August 15, 2016.
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Figure 9 shows that stakeholders exhibit the same behavior. As highlighted before,
more electricity is exchanged when a double auction takes place within the same
area. It should be noted that the amount of electricity received by all areas depends
on their solar generation and therefore the amount of flexible distributed generation
allocated to the bidding pool.

4.5 Tariff comparison
First, it should be noted that the P2P tariff only applies to bids between 07:00 and
18:00 due to the settings of the case study and users’ willingness to trade the produced solar power during this interval. To highlight this point, Figure 10 shows that
P2P tariffs do vary throughout the day, following the profile of electricity exchanged
during that day, with peak solar production hours being as low as 0.1242 S$/kWh.
Therefore, the bidding price depends on the amount of electricity generated, the total
demand and users’ solar production.
Journal of Energy Markets

www.risk.net/journals

Community energy retail tariffs in Singapore
FIGURE 10 6  6 users’ configuration: comparison of tariffs on August 15.
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Finally, because the P2P tariff is unavailable for the first and last hours of the day,
the ToU tariff is the cheapest available tariff at these times. However, from 08:00 to
17:00 the P2P tariff becomes competitive as the amount of solar generation increases,
being at central hours of the day 41% cheaper than the ToU or the default-regulated
tariff.

4.6 Summary
This iterative double-auction algorithm has been implemented with bidders’ privacy
being ensured. As a result, buyers and sellers are the only ones who know their own
utility or cost functions. Moreover, bids are supposed to be sent simultaneously to
the broker in each iteration.
For both , the results are considered to be converging after around twenty-two
iterations, which means this is a really fast process that requires almost instantaneous
computational time. This finding aligns with results found in the literature regarding
iterative double auctions, such as in Faqiry (2017), where convergence is achieved
between seven and thirty-five iterations, depending on the step size chosen; and in
Iosifidis et al (2015), where the algorithm converges after a maximum of 117 seconds and for less than fifty iterations, depending on the number of users involved
in the energy trade. As a result, this algorithm converges to the optimal point of
the social welfare problem, satisfying constraints (3.4)–(3.6) and consequently the
complementary slackness conditions (3.10) and (3.11), as specified in Faqiry (2017).
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Moreover, the high speed obtained and the few iterations needed to run the algorithm,
as described in detail above, reveal the effectiveness and efficiency of this iterative
double-auction algorithm.
It should be noted that, with the particular cost function set for sellers, their bidding price always corresponds to the real cost of producing energy plus the grid
charge. This means that they are described as selfless through this function. The difference between these two prices varies between 0.06 and 0.11 S$/kWh, depending
on whether the deal is within the same area, ie, made via a microgrid, or between two
different areas. Being positive, this difference shows that the iterative double-auction
mechanism is weakly budget balanced, as is supposed by various papers (see Iosifidis
et al 2015; Srinivasan et al 2016). As a result, the presence of an average, positive
price difference in this case study can also be found where the value equals S$0.35.
This price represents the maximum amount that a broker will earn while operating
the transaction. Therefore, the maximum blockchain platform considered would be
0.08 S$/kWh, which is the minimum difference between the bidding prices of the
buyer and the seller.
According to Figure 10 and all of the data from the auction simulation, the bidding
price is always lower when energy trading happens within the same area, ie, through
self-supply. Moreover, the amount of energy exchanged within and between microgrids is higher than that for energy trading through the national grid. This assumption
is due to the incentive introduced in the cost function, where the grid charge is 30%
less expensive if electricity trading happens within the same region, ie, if energy
trading is transmitted and distributed through a microgrid.

5 CONCLUSIONS
In this paper, an electricity market is simulated using an iterative double-auction
algorithm that resolves a social welfare optimization problem based on the Kelly
auction mechanism. It is adapted to the case of Singapore’s district-to-district FRC,
simulating the interaction between the country’s five areas: these are considered to
be prosumers who both generate solar energy and require a certain amount of electricity. Each region is considered to be a buyer as well as a seller, and they can
provide services for themselves, as they may be considered microgrid balancing districts. The exchange of electricity with districts other than themselves is carried out
via the traditional grid. A blockchain platform, which is used as the trading platform between users, plays the role of auctioneer (or broker) during the auction. This
auction requires the presence of an auctioneer (the blockchain platform) and has to
incentivize trading within the same area, which means that the electricity distribution
goes through a microgrid instead of the traditional grid. The calculated P2P tariff is
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then compared with a regulated tariff, the default tariff and a retail tariff based on the
ToU pricing design.
The algorithm converges after fewer than twenty iterations and maximizes the
social welfare optimization problem to find a solution that satisfies all of the constraints. This is an effective approach since it does not require considerable calculation time. The auction satisfies the condition of privacy. On the one hand, the
algorithm does not require full information on all users since each user bids a price
according to the amount of electricity exchanged, calculated by the broker, and keeps
for itself its utility and cost functions. On the other hand, privacy is also made possible by using a permissioned blockchain, where participants are licensed before
joining.
A reasonable P2P tariff is proposed, which for hours where the production of solar
energy is brought into the mix provides the lowest tariff available to prosumers. As
this distributed business model is being discussed across the industry, we propose
that the blockchain platform fee should be between 0.05 and 0.08 S$/kWh. Without having introduced incentives, the P2P value proposition offers a competitive rate
during solar production hours compared with the default and retail ToU tariffs. It
is assumed that introducing storage as a distributed resource could lower the current value proposition for this tariff by enabling it to become competitive during the
remaining hours as well.
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