Integrating P2P Energy Trading with Probabilistic
Distribution Locational Marginal Pricing

Thomas Morstyn, Member, IEEE, Alexander Teytelboym, Cameron Hepburn and
Malcolm D. McCulloch, Senior Member, IEEE

Abstract—This paper proposes a new local energy market de-
sign for distribution systems, which integrates peer-to-peer (P2P)
energy trading and probabilistic locational marginal pricing.
Distribution locational marginal pricing and P2P energy trading
have each been proposed as potential alternatives to traditional
retail pricing, to improve coordination between prosumers with
distributed energy resources. Unidirectional locational pricing
provides a scalable approach for coordinating demand, con-
sidering constraints and losses; while P2P energy trading al-
lows prosumers to negotiate mutually beneficial bilateral energy
transactions that increase the utilisation of their flexible energy
resources. This paper proposes a market design combining the
benefits of these two strategies. First, a new strategy for day-
ahead locational marginal pricing is developed, which manages
the uncertainty associated with local generation, demand and
upstream prices by introducing a spread between the prices
charged for energy imports and paid for energy exports. Then,
local P2P energy trading platforms are integrated to additionally
enable direct prosumer-to-prosumer trading, with transaction
fees penalising energy transfers according to probabilistic dif-
ferential locational marginal prices. Case studies are presented
for a multi-phase low voltage distribution network, showing how
the design can create value for prosumers, and the system as a
whole, by reducing the curtailment of renewable generation.

Index Terms—Distribution locational marginal pricing, distri-
bution system operator, local energy market, peer-to-peer energy
trading, point estimate method, transactive energy.

I. INTRODUCTION

HIS paper proposes a new local energy market design

for distribution systems, which integrates peer-to-peer
(P2P) energy trading and probabilistic distribution locational
marginal prices (DLMPs). The proposed market design en-
ables prosumers to directly negotiate bilateral energy trans-
actions that account for network constraints and uncertainty,
without requiring a central operator to check and approve
transactions.

Energy markets are undergoing a fundamental transition due
to the emergence of ‘prosumers’ within electricity distribution
networks [1]. Prosumers are small-scale consumers with dis-
tributed energy resources (DERs), such as renewable sources
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and home batteries, along with smart meters and energy
management systems that enable them to proactively manage
their energy demand. If properly coordinated, prosumer-owned
DERs could offer significant value by reducing losses and
alleviating network constraints which might otherwise require
renewable curtailment or costly infrastructure upgrades [2].

Existing energy market arrangements do not facilitate active
coordination within distribution networks. Prosumers are too
small to be integrated into wholesale market dispatch, and
instead are serviced in the retail market with long term
contracts that specify a fixed energy price or a set of time-
of-use prices [3]. Retail time-of-use pricing helps coordinate
DERs relative to aggregate demand at the transmission system
level, but does not account for local demand conditions [4].

This has led to interest in local energy markets to incentivise
coordination between distribution network prosumers. In this
paper, the entity responsible for arranging a local energy
market is referred to as the distribution system operator
(DSO). Local energy market designs can be broadly divided
into designs based on (i) centralised dispatch [5]-[8]; (ii)
distributed dispatch [9]-[14]; (iii) unidirectional pricing [15]-
[17]; and (iv) P2P energy trading [18]-[27].

Local energy market designs based on centralised dispatch
require prosumers to provide sufficient information to the
DSO for their DERs to be directly scheduled (e.g. gener-
ation/demand bid curves and constraints) [5]-[8]. The DSO
can solve an optimal power flow (OPF) problem to calculate
an efficient and feasible schedule for the DERs. The dual
variables associated with the OPF energy balance constraints
at each bus can be interpreted as DLMPs [28]. The DLMPs
are a desirable pricing mechanism, since they satisfy allocative
efficiency, meaning that they price demand at the marginal
cost of supply [29]. Alternative pricing strategies based on
cooperative game theory and fairness criteria have also been
proposed [30]-[32].

Distributed dispatch strategies remove the need for the DSO
to collect detailed prosumer information, instead making use
of iterative negotiation and local decision making [9]-[14].
A range of iterative market mechanisms have been proposed
including Stackelberg games, where the DSO pursues profit-
maximisation [9], [10]; mean-field games, where the DSO
seeks to flatten aggregate demand [11], [12]; and distributed
optimisation [13], [14]. Distributed optimisation based on dual
price variable adjustment (e.g. dual decomposition, alternating
direction method of multipliers) resembles an auction process,
and can be used to find the centralised dispatch solution and
associated DLMPs. However, to achieve convergence these



mechanisms generally require prosumers to cooperatively aug-
ment their objective functions with penalty terms, rather than
making purely utility-maximising decisions [33].

Scalability is a concern for distribution system dispatch,
since the complexity increases with the number of DERs.
Distributed designs can help improve scalability compared
with centralised designs by taking advantage of parallel pro-
cessing. However, the number of iterations required to reach
convergence increases with the number of resources, which
means that at larger scales the communications overhead will
dominate the computation time [34]. Coordinating the vast
number of DERs that are expected within future power systems
will require at least partial decoupling between coordination
mechanisms at different physical scales [35].

An alternative approach, which decouples distribution sys-
tem dispatch from small-scale resource coordination, is to
calculate DLMPs based on day-ahead forecasts and send these
as unidirectional price signals to prosumers [15]-[17]. This
approach is based on the observation that the DLMPs are
compatible with incentivising individual prosumer decisions
that match the centralised dispatch solution [29]. However,
directly implementing DLMPs calculated from the day-ahead
OPF problem has two limitations. First, in the case of in-
accurate forecasts the DLMPs will not incentivise efficient
operation. Second, even with accurate forecasts, if the optimal
dispatch has multiple solutions (known as dual degeneracy),
unidirectional pricing is not guaranteed to incentivise decisions
which are collectively efficient or even feasible [36]. For
example, consider a system with multiple storage systems
which are scheduled to export power across several time
intervals. If DLMPs are sent to the storage system owners
unidirectionally, they may individually select the same interval
to export energy, resulting in network constraint violations.

Recently, there has been interest in local energy market
designs based on P2P energy trading, which would allow
prosumers to directly negotiate energy transactions with one
another [18]-[27]. P2P energy trading offers advantages in
terms of prosumer autonomy, the ability to express individual
preferences, market transparency and competition [37].

Dealing with network constraints is challenging without re-
introducing a centralised mechanism. In [21], P2P transaction
fees based on the electrical distance between distribution
network zones are introduced. The design in [38] introduces
a separate market for distribution system flexibility, where a
DSO can incentivise prosumers within a certain zone to reduce
their scheduled demand. These designs only indirectly address
network constraints, which depend on the network topology
between the prosumers. In [22] and [23], iterative mechanisms
are introduced that place the DSO in the loop to check the fea-
sibility of P2P market outcomes. In the case of infeasibility, the
DSO either blocks certain transactions or updates transaction
fees, and directs the prosumers to engage in a new round of
P2P negotiation. These approaches address the need to manage
distribution network constraints, but reintroduce the DSO as a
central authority, limiting scalability and market transparency.

The local energy market design proposed in this paper
integrates P2P energy trading platforms into a distribution
network with unidirectional locational pricing. The proposed

market design incorporates network constraints, losses, de-
mand uncertainty and upstream price uncertainty, without
requiring a DSO to check and approve transactions. First, a
new probabilistic strategy for day-ahead locational pricing is
developed, which manages uncertainty by introducing a spread
between locational import and export prices. Then, local P2P
energy trading platforms are integrated to additionally enable
multi-period day-ahead P2P trading and single-period intra-
day P2P trading, with transaction fees penalising energy trans-
fers according to the probabilistic differential DLMPs. Case
study simulations are presented showing how the proposed
strategy can address voltage constraints within a multi-phase
low voltage distribution network, and how introducing P2P
trading can create value for prosumers, and the system as a
whole, by reducing the curtailment of renewable generation.

The novel contribution of the paper has three main compo-
nents:

1) A novel DSO pricing strategy is proposed based on day-
ahead three-phase probabilistic dispatch. The method is
scalable since prices are calculated day-ahead and sent
unidirectionally to prosumers. It is shown that by in-
creasing the spread between import and export prices, (i)
the potential for network constraint violations is reduced,
despite load/generation uncertainty and dual degeneracys;
and (ii) the likelihood that the DSO’s revenue will not
cover its costs is reduced, despite upstream price uncer-
tainty.

2) A novel strategy is proposed for managing three-phase
network constraints within P2P energy trading markets
that involve purely bilateral negotiation and fully au-
tonomous decision making by prosumers seeking to max-
imise their utility. This extends the authors’ previous work
from [18], which proposed a purely bilateral P2P market
design, but did not address network constraints. Unlike
existing approaches, a central authority is not introduced
in the loop to check and approve transactions. Instead,
probabilistic transaction fees posted day-ahead incentivise
feasible outcomes, without compromising scalability and
prosumer autonomy.

3) A novel local energy market design is proposed which
combines these two strategies. It is shown that by en-
abling local P2P energy trading between prosumers sub-
ject to the DSO pricing strategy, not only do the pro-
sumers achieve higher utility, but that overall economic
efficiency can also be improved.

The rest of this paper is organised as follows. Section
I presents the structure of the proposed market design. In
Section III, the new strategy for unidirectional pricing based
on probabilistic DLMPs is developed, and in Section IV,
it is shown how P2P energy trading can be incorporated.
Simulation case studies are presented in Section V. Section
VI concludes the paper.

II. MARKET STRUCTURE

This paper considers a distribution network with a DSO
that is responsible for setting day-ahead locational import and
export prices and P2P transaction fees. Local P2P energy
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Fig. 1: High level block diagram of the proposed local energy market design.

trading platforms allow prosumers to negotiate bilateral energy
transactions. Fig. 1 shows a high level block diagram of the
proposed market design.

Under the proposed market design, the DSO estimates prob-
abilistic DLMPs associated with day-ahead dispatch, consid-
ering the uncertainty associated with upstream energy prices,
local renewable generation and local demand. The DSO then
sets prices that prosumers are charged for energy imports, and
prices that they are paid for energy exports, based on the mean
values of the DLMPs and a spread calculated based the DLMP
standard deviations and a ‘price-spread scale factor’. A larger
price spread increases the likelihood the DSO will operate with
positive revenue, despite the uncertainty of upstream energy
prices. The price spread also helps reduce the likelihood
that network constraints will be violated, since prosumers
are incentivised to use local flexibility to reduce their net
demand/generation, e.g. by shifting local generation to reduce
demand, or by curtailing excess generation. These prices are
sent to prosumers unidirectionally, as a scalable mechanism
for coordination. Under the proposed market design, the DSO
will honour the prices which it sends to the prosumers. This
means that the DSO is exposed to upstream price uncertainty,
but the prosumers are not. Increasing the price-spread between
imports and exports increases the likelihood that the DSO’s
revenue will cover its costs, which is necessary for sustainable
operation.

The price spread incentivises prosumers to increase their
individual self-consumption, and therefore would incentivise
conservative DER utilisation without additional market mech-
anisms. This is addressed by allowing local P2P energy
trading platforms to operate within the distribution network.
This enables the prosumers to additionally engage in multi-
period day-ahead P2P trading based on their expected genera-
tion/demand, and during operation to engage in single-period
P2P trading based on their updated (e.g. 30 minute ahead) gen-
eration/demand predictions and day-ahead market obligations.
Conservative transaction fees are set by the DSO based on
probabilistic differential DLMPs to reduce the likelihood that
P2P trading will result in network constraint violations. During
operation, the DSO curtails DERs it can directly manage (e.g.
community-scale PV plants) if necessary to ensure network
constraints are not violated.

The imposition of the P2P transaction fees posted day-ahead

by the DSO will influence how the prosumers can exercise
their flexibility. However, the local P2P trading platforms still
achieve desirable objectives including: (i) scalability, since
P2P negotiation is based purely on communication between
trading partners, with prosumers making individual decisions
in parallel; and (ii) prosumer autonomy, since at each step of
negotiation, prosumers make autonomous decisions to max-
imise their individual utility.

The spread between import and export prices is controlled
by the price-spread scale factor. Since the DSO operates as
a regulated monopoly, the electricity market regulator would
need to specify the scale factor, or limit its allowable range, so
that the DSO is able to make sufficient profits for sustainable
operation, without making excessive profits at the expense
of prosumers. The paper does not propose a particular value
for the scale factor. Instead, Section V shows how varying
the price-spread scale factor impacts network constraints; the
relative profits of the DSO and the prosumers; and overall
utility, with and without P2P energy trading. The introduction
of a spread between import and export prices is inspired
by retail energy pricing, where excess supply is commonly
remunerated at a lower ‘feed-in price’, incentivising behind-
the-meter self-consumption [39].

IIT. PROBABILISTIC DISTRIBUTION LOCATIONAL
MARGINAL PRICING

In this section, a multi-phase multi-period day-ahead dis-
tribution system OPF problem is formulated. Then, the mean
and standard deviation values of the DLMPs and differential
DLMP probability distributions are estimated and a conserva-
tive strategy for unidirectional pricing is proposed.

A. Day-Ahead Multi-Phase Distribution System Dispatch

The DSO uses a multi-period day-ahead distribution system
OPF problem as the basis for calculating probabilistic DLMPs.
It is assumed that the DSO is operating in a regulatory
environment which gives it the objective of maximising overall
social welfare. To achieve this, the dispatch problem should
account for upstream energy prices, network constraints, and
the prosumers’ costs and constraints.

Let 7 = {1,...,T} be the set of optimisation intervals,
each of duration A¢. The distribution network has buses N =
{0,..., N}, where bus 0 is the slack bus. The network has
three phases, ® = {a,b,c}. Let Y € C3(N+T1x3(N+1) be the
three-phase admittance matrix. The admittance matrix can be
partitioned into Y = [;,/1‘\),‘; }/J‘x’v ] where Yy € C3%3.

Let P = {1,..., P} be the set of prosumers in the distri-
bution network. It is assumed that each prosumer has some
combination of an inflexible load, a PV source and an energy
storage system. The storage systems are modelled with a linear
relationship between output power and energy stored, and
degradation costs that are proportional to energy throughput,
which is a standard approach for convex optimisation [40]. The
fixed-point linearisation from [41] is used to obtain a linear
formulation for the network constraints.



The multi-period day-ahead distribution system OPF prob-
lem can formulated as a linear program
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Here, for simplicity, it is assumed prosumers have wye connec-
tions, that PV sources and energy storage systems operate with
unity power factor and only network voltage constraints are
included. Reactive power decision variables, delta connected
devices and line constraints can be incorporated using equa-
tions from [41]. The decision variables are the energy storage
system charging and discharging powers p$*, p&* and the PV
generation pt,’ for each prosumer i € P and interval ¢t € 7.

The objective (la) is to minimise the net cost of energy
traded upstream and battery degradation. S\Ot is the predicted
price of energy at the grid connection point and pgt is the
real power import on phase ¢ at the grid connection point
(p%, < 0 indicates real power is exported). ¢/ > 0 is
the cost of degradation associated with energy throughput
for prosumer %’s energy storage system. The objective (la)
implicitly assumes that the local market is small relative to
the upstream wholesale market, and therefore that upstream
energy prices are not directly impacted by local demand. A
simplified approach for modelling the impact of local demand
on upstream energy prices would be to include an additional
term for(D_4cq pg)t), where fo:(-) is a convex function mod-
elling the increased cost of obtaining energy upstream as the
net demand increases due to wholesale market merit order
dispatch (see e.g. [42]).

The prosumer operating constraints are given by (1b)—(1le).
For prosumer ¢ and interval ¢, the predicted available PV
generation is given by foftv . The energy storage system output
power is limited to the range [—psh, p%s], and the energy
stored is limited to [E;¢+, E';;]. Constraint (1d) requires the final
energy level to match the 1n1t1a1 energy level F;y. The energy
storage system charging efficiency is n¢" € (0,1] and the
discharging efficiency is 7** € (0, 1]. Constraint (le) defines
prosumer i’s net demand pli¢*, where pio?¢ is the predicted
inflexible load. Note that for each t € 7 and i € P, at least
one of pf and pd“ will equal zero, since, if this wasn’t the
case, there would be a feasible lower cost solution with one
at zero and the other at a lower value [8].

The network constraints are given by (1f)—(1h). To obtain a
linear power flow model, the nonlinear power flow is solved

using the Z-bus method [43], for intervals across the day
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for nominal operation with p5' = 0,p%°* = 0,p;, = Dy, .
For nominal operation, = (|01¢], - -, |th|) is the vec-

tor of bus voltage magnitudes, where @ = (0,05, ).
Por = (P&, P4, PE;) is the vector of real power imports at
the grid connection point. The vector of net power injected at
each bus and phase is given by p;, where p; = (p1¢,.-.,DPN¢t)s
and pi; = (pf,p%,p5), and p; are the nominal injections.
M;; € R3 relates prosumer i’s predicted net demand to the
demand on the phases of bus [ (e.g. M;; = (37 3 d) for a
balanced 3-phase connection and (1,0, 0) for a single a-phase
connection). ||, |u| are vectors of upper and lower voltage
limits.

The DLMPs can be obtained from the dual variables associ-
ated with the solution of (1) [29]. Let vP*, vJ*I* pltl* P pe
the vectors of dual variables associated with constraints (1f)—
(1h), at the optimal solution. Then, the vector of DLMPs is
given by

N\ = Alt( + G Do * + KT (V) [O]x Vt\yl*)) )
where A; = (A1s, ..., Ane) and Ay = (A%, A2 AG). AS, spec-

ifies the marginal cost of supplying an increase in the energy
demand on phase ¢ of bus [ during interval ¢, accounting for
the losses and active network constraints associated with the
optimal solution. The differential DLMP A)\fn‘ft = )\ — /\lq;
gives the marginal cost of an energy transfer from phase ¢ of

bus [ to phase v of bus m during interval .

B. Point Estimate Method

The DLMPs are uncertain, since the day-ahead OPF prob-
lem depends on variable upstream energy prices, the available
PV generation and the prosumers’ inflexible loads. Note that
even using state-of-the-art forecasting methods, there is a
significant level of uncertainty associated with load forecasts at
the low voltage distribution network level [44]. Here, the point
estimate method from [45] is used to estimate the means and
variances of the DLMPs. Point estimate methods were previ-
ously proposed for estimating probabilistic LMP distributions
in [46]. The advantages of point estimate methods are limited
computational burden, the ability to account for correlations
between sources of uncertainty and the applicability to general
model functions.

It is assumed the DSO is able to model the sources of
uncertainty with random variables (e.g. using historical data).
Random variables are introduced for each time interval to
model the upstream energy prices 5\015, t € 7. Itis assumed the
physical proximity of PV sources in the distribution network
means their available generation is uniform at each interval.
Therefore, the PV generation uncertainty can be modelled by
a single random variable for each time interval i’f vteT,
which is multiplied by the capacity of each prosumer’s PV
source pi”,i € P to obtain the individual available PV
generation pt, = 2V'pl",i € P,t € T. In general, the
full prosumer load variability could be modelled with random
variables introduced for each prosumer and interval. To reduce
the number of random variables, each prosumer is assigned a
normalised load profile based on historical data nload teT,



and their total energy demand over the day is treated as a
random variable :cload 1 € P which scales this normalised
load profile, so that p Al"ad = gloadpload /At t € T. This
approach only requlres one random variable per prosumer,
reducing the computational burden, with the trade-off of not
accounting for the full range of potential load variability.
The Appendix describes how the point estimate method is
used to estimate the means and standard deviations of the
DLMPs s> Oxe and differential DLMPs p INVARLINCIr
Uncertalnty ‘associated with the upstream energy prlces PV
generation and prosumer inflexible loads have been consid-
ered, since these vary during operation. In this paper, it has
been assumed that DER parameters which do not change over
short timescales are known by the DSO. This information
could be obtained using parameter estimation methods (see
e.g. [47]), or in future from a DER asset register [48], [49].
Alternatively, since the point estimate method can be used for
general model functions, it can be straightforwardly extended
to account for additional sources of uncertainty. For example,
if the DSO did not know the degradation cost of prosumer
i’s battery, but knew an interval [c??,¢%9] over which it
was likely to fall, it could be modelled as a uniform random

’
. deg deg -deg e .
variable, ¢; 7 ~ U(c;?,¢;"), rather than as a deterministic
quantity.

C. DSO Pricing Strategy

Under the proposed market design, the DSO sets day-ahead
locational prices, with a spread between the price charged
for importing energy and the price paid for exporting energy.
These are sent to the prosumers in a unidirectional manner.
The import and export prices for phase ¢ of bus [ during
interval ¢ are given by

imp,¢ _

)‘lt = .u)\;f’t + aa}\f’ta 3)
exp,¢ __

)\lt = [L)\zpt — OéCT/\ﬁ. (4)

The price-spread scale factor o > 0 is selected by the DSO and
sets the magnitude of the price spread relative to the standard
deviations of the DLMPs. For each time interval, the price
of importing energy on a particular phase and bus is given
by the mean value of the associated DLMP, plus its standard
deviation multiplied by the price-spread scale factor (DLMP
means and standard deviations are obtained from the point
estimate method). The export price is given by the mean,
minus the standard deviation multiplied by the scale factor.
This means that when the price-spread scale factor is zero.
the prices of imports and exports are both equal to the mean
DLMP values. When the price-spread scale factor is high,
prices are conservative, with import prices likely to be higher
than the DLMPs that would result from centralised dispatch,
and the export prices likely to be lower.

The import and export prices prosumers are exposed to
depend on their network connections. Assuming prosumer %
is connected at bus [, the equivalent import and export prices
during interval ¢ are given by

M ( zmp7 A;’;np,b’)\li:npm)? (5)
= MIGT NP NTT). (©)

zmp
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Network constraints and losses are accounted for using P2P
transaction fees set ahead of operation by the DSO. If the DSO
had fully accurate forecasts, DLMPs from a deterministic dis-
patch problem would be compatible with incentivising efficient
operation among prosumers pursuing utility-maximisation, due
to the incentive compatibility property of locational marginal
pricing [29]. The difference between the DLMPs of two nodes
would be equal to the marginal network cost associated an
additional P2P transaction between them. Under the proposed
market design, uncertainty is addressed by using conservative
P2P transaction fees which depend on both the mean and
standard deviation values of the differential DLMPs between
nodes. The means and standard deviations are obtained using
the point estimate method. The transaction fee associated with
energy transfers from phase ¢ of bus [ to phase ¥ of bus m
during interval ¢ is given by

50 = max{uA/\mt + aUA/\mt,O}. (7)
Here, a conservative restriction is imposed that P2P transaction
fees are greater than or equal to zero. Although day-ahead
differential DLMPs may be negative, in practice offering a
subsidy on P2P transactions can result in prosumers over
provisioning these transactions, which can be costly for the
DSO. For an energy transfer from prosumer 7 at bus [ to
prosumer j at bus m during interval ¢, the equivalent P2P
transaction fee they are exposed to is given by

St Ofmt Ot
6ijt = Mz; [‘#ﬁn St 5?7$Lt‘| Mmj (8)

6l7nt 6l'nLt 6lvnt
Under the proposed market design, the DSO sets import
and export prices on a day-ahead basis. This removes the
need for the DSO to directly dispatch resources or approve
transactions during operation. The price-spread scale factor
needs to be selected using historical data in anticipation of
real time operation to balance different market objectives. As
will be shown in Section V, a higher price-spread scale factor
will increase DSO revenue, and will incentivise prosumers to
operate their DERS to reduce the maximum power which they
import and export. Therefore, a scale factor should be selected
which is high enough so that the DSO will have positive
net revenue, which is necessary for sustainable operation, and
the likelihood of network constraint violations is reduced, but
which is not so high that overall efficiency is significantly
reduced due to prosumer DERs being operated in an overly

conservative manner.

IV. PEER-TO-PEER ENERGY TRADING

In this section, it is shown how P2P energy trading platforms
can be integrated into the local energy market design. Pro-
sumers engage in a multi-period day-ahead market where they
trade discrete bilateral forward contracts and schedule their
energy storage systems based on renewable generation/demand
predictions. During operation, single-period P2P markets allow
prosumers to trade based on updated predictions and day-
ahead P2P obligations. Under the proposed market design,
prosumers must fulfil contracts negotiated in the day-ahead
market during operation. This can be done using their own



energy resources, by trading with peers, or by trading with
the DSO. For example, if a prosumer had sold a day-ahead
P2P contract, but during operation the prosumer did not have
sufficient generation to satisfy it, they would need to buy
energy to cover their energy delivery obligation. Multiple
P2P platforms can operate in parallel within the distribution
network, coordinated by the locational prices and transaction
fees set by the DSO.

A. Day-Ahead Prosumer Preferences

In the day-ahead P2P market, the prosumers are connected
by a set of potential bilateral energy contracts X¥'. Each
contract * € X' specifies the transfer of a discrete quantity
of energy Agq during a particular trading interval ¢, € T
from a seller s, € P to a buyer b, € P. Each bilateral
contract has a buyer price A\’ and a seller price \:. For
prosumer i, X%, = {x € X¥|b, = i} is the set of available
upstream contracts, and X', = {x € XF|s, = i} is the
set of available downstream contacts. These can be further
divided into contracts associated with particular intervals,
XP, = {ze XE |t, = 1}, XF,, = {z € XF |t, = t}.

The preferences of prosumer 1 € P in the day-ahead P2P
market can be formulated as a mixed-integer linear program,

max Y, er (A ai” — Am”@ftm )+ Cpexr, (A — 255 ) g
— Y pexr, (N + 25 )i, — Atcf (pgf + pi®)  (9a)
st At(pg — ply + pith — i)
=" — 4"+ Ypexr,, dis — Ygexr,, Gz (9b)
¢iz € {0,Aq}, 0<¢q;”, 0< q”"p (9¢)

(1b), (1c), (1d).

The decision variables are the energy storage system charging
and discharging powers p$', p&is ¢ € T, the PV generation
ph/ .t € T, the energy quantltles planned to be bought from
and sold to the DSO ¢!/, ¢5*?,t € T and energy quantities
associated with the potential P2P contracts gz, € X%, U
XF. . g, = 0 indicates a rejected contract, while ¢}, = Aq
indicates an accepted contract. For a downstream contract x €
XiF_,, dib,t, 18 the associated P2P transaction fee from (8)
between agent ¢ and the buyer b,. Similarly, for an upstream
contract z € X% ., 6 ;. is the P2P transaction fee between
the seller s, and agent 1.

The objective (9a) is to maximise the net revenue from
energy trading with the DSO and other prosumers, less the
cost of battery degradation. (9b) is a power balance constraint
and (9c) puts limits on the energy quantity decision variables.
(1b)—(1d), are relevant individual prosumer constraints from
the day-ahead OPF problem.

B. Intra-Day Prosumer Preferences

Intra-day P2P markets are organised for each trading inter-
val. X[ is the set of potential bilateral energy contracts for
the intra-day market for interval ¢{. In the intra-day markets,
the prosumers have the opportunity to engage in P2P trading
and adjust their PV sources based on updated predictions of
their load p!??? and available renewable generation pl,’.

The preferences of prosumer ¢ € P in the intra-day P2P
market for interval ¢ can be formulated as a mixed-integer
linear program,

o NPT NG T, 00 = S
— Spexn, (b + 25 g, (10a)

s.t. At(ple™ — pby + p — pis)

= fosnp - q’Lt P+ erXR Qiz — erxiit Qiz
+ ZTEXF. &y — erXF qimv (10b)
giz € {0,Aq}, 0<¢;", 0< q””P (10c)
0<py <Pj- (10d)

The decision variables are the PV generation pf,’, the energy
quantities bought from and sold to the DSO ¢!/, ¢5*” and the
energy quantities associated with the available P2P contracts
Giz,v € X2, U XE,. It is assumed that the prosumers
keep their energy storage system schedules decided during the
day-ahead multi-period P2P market, pS**, p%s*. The contract
energy quantities agreed in the day-ahead market are given by
q;,x € Xth U Xz—)t

C. P2P Negotiation

Algorithm 1 shows the iterative P2P negotiation mechanism
from [18] which the prosumers use to reach agreement on
energy contract quantities and prices in the day-ahead and
intra-day P2P markets. The mechanism is based on a deferred
acceptance algorithm for networked matching markets [50].

Algorithm 1 P2P Negotiation Algorithm

1: Initialise:
X, the set of potential bilateral contracts
AN 0z e X

2: done + false

3: while done is false do

4: done < true

5: for each 1€ P do > Done in parallel
6: alx, qis + (9) or (10)

7: for each z € X do > Done in parallel
8: if qb « > Qs.. then

9: done false

10: if A2 > XS then

11: As — AL+ AX

12: else

13: A A4 AN

14: return qu7qu,)\i7)\§7w e X

The negotiation mechanism allows prosumers to make
autonomous utility-maximising decisions, and is fully dis-
tributed, since each contract’s price is adjusted based only
on the decisions of its buyer and seller. The granularity of
the market price increment A\, contract energy unit Ag and
trading interval duration At offers a trade-off: more granu-
larity creates additional opportunities for mutually beneficial
P2P transactions, but increases the negotiation time. The
negotiation mechanism is guaranteed to finish within a finite
number of iterations. This can be seen by considering that:
contract prices always increase; prior to completion at least
one contract will have its prices increased at each iteration; and
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Fig. 2: The case study distribution network, with 57 prosumers (15 with single-
phase inflexible loads, 40 with single-phase inflexible loads, PV sources and
battery energy storage systems and 2 three-phase community-scale PV plants).
The prosumers are divided between two P2P trading platforms.

that prosumers will reject all upstream contracts with buyer
prices greater than the DSO import price for that interval.

Note that in the case where prosumers operate under the
DSO pricing scheme without being part of a local P2P
platform, their decision making is captured by (9) and (10)
with X XF = &.

V. RESULTS

Simulation case studies are presented to demonstrate the
operation of the proposed market design. The design is im-
plemented for the IEEE European Low Voltage Test Feeder,
shown in Fig. 2 [51], with 57 prosumers. 55 are residential
prosumers with single-phase connections. Of these, 40 have
PV sources (4 kWp) and batteries (4 kW, 8 kWh), and 15
only have inflexible loads. There are also 2 community-scale
PV plant prosumers (60 kWp) with three-phase connections.

Residential load and PV generation data, with 30 minute
resolution, is obtained from the Customer-Led Network Rev-
olution Trial from June 2014 [52]. This data is used to
develop the probability distributions the DSO uses for the point
estimate method. The averages of the load and renewable gen-
eration over the month are used for the prosumer predictions
for day-ahead trading. It is assumed that the phase voltages
at the grid connection point are balanced with magnitude of
1.00 pu, and that the network has phase voltage magnitude
limits of 0.95 pu to 1.05 pu [53]. The upstream energy prices
at each 30-minute time interval are assumed to follow normal
distributions, with mean values that vary between £0.1/kWh
and £0.2/kWh (in proportion with the monthly average load).
The upstream energy price has a standard deviation which is
equal to 25% of the mean value for each time interval. For the
PV generation, the maximum standard deviation occurs during
the time interval in the middle of the day, and is 30% of the
rated power. For the individual household loads, the standard
deviation is 47% of the daily mean value. It is assumed that
the prosumer batteries start the day at 50% charge and must
end the day with the same charge, and have degradation costs
¢¥°9 = £0.05/kWh. Note that for the case studies battery
charging and discharging losses have not been considered.

The prosumers are divided between two P2P platforms
and can negotiate bilateral energy transactions with other
prosumers that are part of the same platform. The P2P trading
platforms have trading intervals At = 30 minutes, contract
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Fig. 3: The equivalent locational import and export prices faced by the
prosumers over the day. Each line represents the prices faced by a different
prosumer. (a) For a price-spread scale factor of 0. In this case, the prices of
imports and exports are the same. (b) For a price-spread scale factor of 1.
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Fig. 4: The net power exported to the main grid when the price-spread scale
factor « is 0 without P2P energy trading, and when the scale factor is 1, with
and without P2P energy trading.
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Fig. 5: The maximum and minimum phase voltage magnitudes across the
network when the price-spread scale factor « is 0 without P2P energy trading,
and when the scale factor is 1, with and without P2P energy trading.

energy units Ag = 0.5 kWh and price increments A\ =
£0.05/kWh.

The DSO uses the day-ahead OPF problem to estimate
the probabilistic DLMPs and then calculates unidirectional
locational import and export prices and P2P transaction fees.
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spread scale factors, with and without P2P energy trading. Note that for the
case studies, all violations are of the upper voltage limit.

Fig. 3a shows the mean DLMPs for the phases the prosumers
are connected to over the day. These are used as import and
export prices when the price-spread scale factor o = 0. Fig 3b
shows the import and export prices when the scale factor is 1
(the mean DLMPs plus and minus one standard deviation). The
DLMPs diverge during the middle of the day when the export
on certain buses is constrained by the network voltage limits.
It is assumed that the DSO can directly communicate with
and curtail the community-scale PV plants during operation
if necessary to enforce the network constraints (by solving an
intra-day version of (1)). However, in this case the DSO must
remunerate the PV plants as if they had not been curtailed,
which negatively impacts DSO revenue.

Fig. 4 shows the net power exported to the main grid for
three case studies: (i) with a price-spread scale factor of 0,
without P2P trading; (ii) with a scale factor of 1, without
P2P trading; and (iii) with a scale factor of 1, with P2P
trading. Fig. 5 shows the maximum and minimum phase
voltage magnitudes across the network for each case. Note
that when the scale factor is 0, there is no price-spread and
P2P energy trading does not affect the exported power and
voltage profiles (although it does affect the relative revenues
of the DSO and the prosumers).

When the price-spread scale factor is 0, the prosumers
are exposed to the DLMPs in Fig. 3a. The prosumers are
incentivised to discharge their batteries when the price of
energy is highest, which occurs around 1 am for the particular
price profile in this case, and they are incentivised to charge
their batteries when the price of energy is low during the
middle of the day. The DSO also curtails the community-
scale PV plants during the day as required to prevent the
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Fig. 8: The net DSO revenue for different price-spread scale factors, with
and without P2P energy trading. The error bars show the variation given the
upstream energy price variability (90% confidence intervals).
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Fig. 11: The price of anarchy for different price-spread scale factors, with
and without P2P energy trading. The error bars show the variation given the
upstream energy price variability (90% confidence intervals).

maximum voltage limit from being violated. However, the
upper voltage limits are still violated around 1 am, due to
multiple prosumers discharging their batteries. The voltage
violations are addressed with the scale factor increased to 1,
since the prosumers are incentivised to use their batteries to



increase their individual self-consumption. However, without
P2P energy trading, the price-spread causes individual pro-
sumers to excessively curtail their renewable generation during
the day, resulting in underutilisation of the available network
capacity. Introducing P2P energy trading allows prosumers
to organise mutually beneficial local transactions, reducing
renewable curtailment.

Fig. 6 shows the net exported energy over the day and Fig. 7
show the maximum voltage limit violations as the price-spread
scale factor is increased, with and without P2P trading. Fig.
8 and Fig. 9 show the net DSO revenue and the net utility
of the prosumers. Note that DSO revenue includes upstream
trading, trading with prosumers and P2P transaction fees. Fig.
8 includes error bars showing the revenue variation given the
upstream energy price variability (90% confidence intervals).
Prosumer utility includes energy trading with the DSO, P2P
trading, P2P transaction fees and battery degradation costs.
Fig. 10 shows the total net utility, which is equal to the sum
of the DSO revenue and the net utility of the prosumers.

To understand the benefits of the proposed market design,
first consider the case when the price-spread scale factor is
zero. This corresponds to a standard unidirectional pricing
strategy using DLMPs. From Fig. 8, it can be seen that the
DSO consistently has negative net revenue, which will not be
sustainable. Also, from Fig. 7, it can be seen that there are
voltage limit violations. Increasing the scale factor from 0 to
0.25 increases the average overall net utility by 9.2%, due to a
reduction in renewable curtailment, which can be seen in Fig.
6 as an increase in net exported energy. From Fig. 7 it can
be seen that the worst-case voltage limit violations are also
significantly reduced. However, as shown in Fig. 10, when
P2P trading is not enabled, increasing the scale factor beyond
0.25 reduces overall utility, since it incentivises conservative
DER utilisation. Enabling P2P trading increases overall utility
by reducing the curtailment of renewable generation. Without
P2P trading, increasing the scale factor from 0.25 to 1 results
in an average reduction in net utility of 28.9%, whereas with
P2P trading the reduction is only 7.4%.

Fig. 8 shows that P2P energy trading reduces the DSO’s
revenue when the price-spread scale factor is below 2. Without
P2P trading, battery owners are only incentivised to buy energy
from the DSO for storage if it lets them reduce their own
energy demand during time intervals with higher prices. When
P2P energy trading is enabled, battery owners can buy energy
from the DSO for storage at intervals with low prices, and then
sell it to other prosumers during intervals with higher prices.
This reduces the DSO’s revenue, with the effect being most
pronounced when the price-spread scale factor is zero.

Fig. 10 shows that without P2P trading, a significant re-
duction in utility occurs when the price-spread scale factor
increases from 1.75 to 2. This is caused by the export price
at one of the community-scale PV plants becoming negative
during an interval with significant generation, causing a step
increase in curtailment. With P2P trading, it remains profitable
for this energy to be traded to prosumers with batteries for
later export, until the scale factor increases from 2.75 to 3.
When the price-spread scale factor is between 2 and 2.75,
P2P trading increases the DSO’s revenue, since it enables a

significant amount of PV generation to be traded locally, rather
than curtailed, and the P2P transaction fees are relatively high.

To calculate a price of anarchy under the proposed market
design, the centralised day-ahead dispatch problem (1) was
solved using expected values for the random variables. Then,
the price of anarchy was calculated as the percentage reduction
in overall utility under the proposed market design compared
with the centralised dispatch solution. Fig. 11, shows the price
of anarchy for different price-spread scale factors.

The negotiation time for day-ahead and intra-day P2P
trading depends on the number of iterations required for
Algorithm 1 to converge, and the iteration time. With the
prosumer decision problems ((9) or (10)) solved in parallel,
the iteration time is given by the slowest prosumer decision
problem solution time, plus communication overheads. The
case studies were completed on a dual-core 1.6 GHz Intel Core
15 CPU with 8 GB of RAM, using a serial implementation. The
decision problem solution times have been tracked to calculate
the computation time which would be required for a parallel
implementation. Note that practical implementation requires
intra-day negotiation to be completed within the 30-minute
trading interval duration. The number of iterations required
to reach convergence increases with the price-spread scale
factor, while the individual decision problem solution times did
not vary significantly. For a price-spread scale factor of 0.5,
day-ahead P2P trading took 124 iterations, with a worst-case
iteration time of 5.96 s. Excluding communication overheads,
this would give a parallel computation time of 12.3 min. Intra-
day P2P trading took up to 104 iterations, with a worst-case
iteration time of 1.78 s, giving a parallel computation time
of 3.1 min. The longest computation times occurred for a
price-spread scale factor of 3. In this case, day-ahead trading
required 366 iterations, with a worst-case iteration time of
6.01 s, giving a parallel computation time of 36.7 min. Intra-
day trading required up to 744 iterations, with a worst-case
iteration time of 1.78 s, giving a parallel computation time of
22.1 min.

VI. CONCLUSION

This paper has presented a new local energy market de-
sign for distribution systems, combining unidirectional pricing
based on probabilistic DLMPs and local P2P energy trading
platforms. The unidirectional pricing scheme provides a scal-
able strategy for a DSO to incentivise coordination between
prosumer-owned DERSs, accounting for network constraints
and sources of uncertainty. It has been shown that integrating
local P2P energy trading platforms can create value for pro-
sumers, and the system as a whole, by reducing the curtailment
of renewable generation.

An important area for future work would be to design a
strategy allowing a regulator to select a price-spread scale
factor which best balances their particular objectives for the
market. The aim would be to select a price-spread scale factor
which achieves a desired trade-off between overall economic
efficiency, DSO profits and the probability of network con-
straint violations. A promising approach could be to formulate
this as a bi-level decision problem, with the regulator’s prefer-
ences defining the upper-level objective. There are likely to be



challenges to overcome, particularly in terms of computational
complexity and predicting how the market will respond to
different scale factors. There is also the potential for the scale
factor to be updated and refined over time in response to new
information.

Another area for future work is to model the upstream mar-
ket in more detail. In this paper, only 30-minute energy trading
has been considered. However, there is also the potential to
allow prosumers to provide upstream ancillary services, such
as frequency response and voltage support. Also, it has been
assumed that the local market is small relative to the wholesale
market, so that local demand does not directly impact upstream
energy prices. However, this may not be a good assumption if
DSO operated local markets become widespread and provide
a significant share of overall generation and flexibility. One
approach for managing this would be to include DSOs within
wholesale market bidding, with DSOs responsible for buy-
ing/selling the net energy imports/exports of the local markets
they manage.

APPENDIX
Let X = (Xy,...,X,) be the vector of random variables,
3 S ~pv sload ~load
(Xl,...,Xn) = ()\017...,>\0T7$11w,...71'1,1)}}73310@ geeey Iga )

X has mean vector px, covariance matrix C'x, skewness
vector vx and kurtosis vector kx, Using the Cholesky de-
composition C'x = LLT, the correlated random variables in X
can be transformed into uncorrelated ones X', with statistical
moments given by [46]

px =L 'ux, Oxr = L7 Cx(L7Y)T, (11)
Yx! = Z;L=1(LZJ'1)37XJ'U§(J~7 (12)
kx; = S0 (L ) w0 (13)

L; ]1 is the element at the ith row and jth column of L.
For each X7, uncorrelated estimate points x(, ;_, z; , , and
associated weights wg, w;_, w; 4, are given by [45]
Tio =[x/, wo =1 —wiy —wi_, (14)
1
Tig = Hx; &0y Wit = grr Ty (15)
1
T = px: +&i—ox;, wi— = A Tl (16)
, 37%, / 37%,
X! X/ Tx! X/
§i+: 21+ K/ng 417€i—:721+ K’lef 47/
The 2n + 1 uncorrelated estimate vectors are given by
X0 = (2o, 7h0), (17
X = (20 Tigs o) i € {1,...,n}, (18)
X! = (2l s i, xhg)i €{1,...,n}. (19)

The associated correlated estimate vectors are obtained by
applying X = B7!X’ to (17)—(19). Then, DLMPs and
differential DLMPs are calculated by solving (1) for each
of these. For a given output y; with values for the estimate
vectors of yjo, Yji+, Yji—, @ € {1,...,n}, the mean Hy,; and
variance 053_ are estimated as [45]
i (Wi +wim)) yjo
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