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Local Energy Markets (LEMs) have been proposed as an effective solution to coordinate distributed energy
resources within emerging smart local energy systems. However, LEMs are still at an early stage of development
and are not widely implemented yet. Extensible open-source software tools are needed to simulate different
market designs and evaluate their feasibility and effectiveness. This paper presents OPLEM, an open-source
Python package for modelling and testing LEM designs. It offers a modular and flexible framework to create
and test market designs adapted for distribution networks. OPLEM integrates two distinct models—one for
designing and simulating local energy markets, and another for network operation. Unlike existing tools,
OPLEM platform offers a comprehensive solution that bridges the gap between market design and network
operation assessment, enabling stakeholders to gain deeper insights into the interactions between market
dynamics and grid performance. Additionally, the inclusion of participant and asset models further enhances
the tool’s versatility, allowing for a holistic analysis. Thanks to its modular structure, OPLEM allows the
development of customised LEM designs and initially incorporates four popular LEM designs: Time-of-Use
pricing market, centralised dispatch with distribution locational marginal pricing, bilateral peer-to-peer market
and auction market. By combining market design and network modelling functionalities, the tool empowers
users to explore various scenarios and optimise market clearings to enhance both economic efficiency and grid
reliability.

1. Introduction

The race towards net-zero raises two major technical challenges:
how to ensure supply reliability while relying on clean intermittent
generation [1] and how to make the grid ready to support electri-
fication of heating and transportation, which involves the massive
integration of energy-intensive appliances such as heat pumps (HPs)
and electric vehicles (EVs) [2]. Local Energy Markets (LEMs) [3] have
been proposed as an effective solution to coordinate distributed energy
resources (DERs) within emerging smart local energy systems (SLES).
LEMs can be broadly defined as markets that enable localised trading of
electricity among prosumers (consumers who proactively manage their
electricity demand/generation/storage) and other participants within
a specific geographic area or community. These markets facilitate
peer-to-peer energy transactions, allowing participants to buy, sell, or
exchange electricity based on their needs, preferences, and available
resources.

Several overarching classifications of LEM designs are delineated
in the existing literature [4-6] with the most common being dynamic
pricing, centralised economic dispatch (CED) and peer-to-peer (P2P)

trading. Dynamic pricing involves adjusting the price of electricity
based on various factors such as demand, supply, and market con-
ditions. It implicitly encourages customers to shift their consumption
from grid-stress periods to less-stressed periods of the day. In this
context, energy management systems (EMS) [7] can be used to schedule
the customer’s assets in response to dynamic pricing. An extensive body
of literature covers dynamic pricing business model and puts forth
various methods, including linear programming [8], game theory [9]
and reinforcement learning [4] to design dynamic pricing and EMS
strategies.

Centralised economic dispatch is widely used for resources allo-
cation at the transmission level [10], and can be extended to the
distribution level [11]. It involves optimising the generation of power
from various sources to meet the electricity demand at the lowest
possible cost and considers factors such as fuel prices and operating
constraints. In contrast to the transmission level, centralised economic
dispatch in distribution networks encounters a significant computa-
tional burden due to the breakdown of the linear DC approximation,
leading to a non-linear problem. Various solutions have been suggested
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Nomenclature

Indices and sets

t, T Index and Set for time steps, 1 € 7.

m, M Index and Set for flexible assets, m €
M.

n N Index and Set for network nodes, n €
N.

u Index of user u.

my,, M, Index and Set for flexible assets at

node n, m, € M,,.

m,, M, Index and Set for flexible assets of user
u, m, € M,
Parameters
t 1 i
Al.mp, Aoxp Import and export prices at the slack
bus level at time step ¢.
t t 3
Xrous Meir Import and export prices at the cus-
tomer side at time step ¢.
c Operational cost of flexible asset m at
time step 7.
A, b, Matrix and vector of polytope repre-
sentation of flexible asset m.
Agegrbagg Matrix and vector of polytope repre-
sentation of an aggregation of flexible
assets.

G', g0, K, k0, J' and j"¥ Coefficients of the approximate lin-
ear model at time step 7 for multiphase
distribution networks.

Upin> Umax> Cmax Minimum and maximum voltage lim-
its, and thermal limit.

Variables

jn power output of flexible asset m at
time step 7.

, power output at node n at time step 7.

p;mp, o, » import and export power with the grid

at time step 7.

Agreed price of energy exchange be-
tween buyer b and seller s in P2P
market, fee that buyer » and seller s
should pay to network operator for
trading energy at time step 7.

t f
Asﬂb’ fees,b

Aot 7 a7

p.n’ =v,n’ “v,n’ =c,n’ e,n

Dual variables associated to equality
and inequality constraints for network
operation.

by researchers to address this computational challenge. Ref. [5] for
example, presented two formulations of economic dispatch in a distri-
bution network, a non-linear exact formulation and a second-order cone
formulation based on convex relaxation. For both formulations, the
study analysed the interpretability of distribution locational marginal
prices (DLMPs) by decomposing them into explainable terms.

P2P trading [12-14] is another concept suggested for LEMs that
allows customers to trade and share energy with each other directly,
often facilitated by blockchain [15] or other decentralised technolo-
gies. This approach allows for decentralised negotiation and prosumer
autonomy.

It is worth noting that some papers combine two or more concepts
to cope with the challenges of the emerging energy systems. In [16]
for instance, a fusion of two designs, namely centralised economic
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dispatch and peer-to-peer (P2P) mechanisms, was undertaken. The
study extended the concept of economic dispatch allocating grid costs
to the P2P market participants exogenously in order to account for
common infrastructure and services costs. The paper [17] merged two
different pricing schemes: DLMPs and a fixed tariff to ensure social
fairness of price allocation between customers who opt for a dynamic
pricing scheme and those who remain using a fixed tariff.

Despite the abundance of literature in this field, researchers employ
varied settings (e.g., network topology, number of assets and their
technical parameters) and the source code of the designs are generally
unavailable. This hinders the fair comparison between the various
proposed designs and makes benchmarking a difficult process. To allow
replication, refinement and comparison between existing LEM designs,
extensible open-source software tools will be essential. The tools must
enable the simulation of different market designs and evaluation of
their feasibility and effectiveness. The existing tools consider the mar-
kets at transmission level only and provide solutions for spot markets,
reserve markets and balancing markets [18].

This paper extends the existing Open Platform for Energy Networks
(OPEN [19]) with advanced features tailored for LEMs. OPEN was
initially designed to integrate modelling, control and simulation under
the same platform, but lacked an LEM component, which is a core
concept in future local energy systems. The platform has undergone
a significant transformation and has been meticulously restructured
and enriched with new features specifically designed to model intricate
interactions with energy markets.

OPLEM represents a significant advancement in the field by seam-
lessly integrating two distinct models—one for designing and simu-
lating local energy markets, and another for assessing their impact
on network operation. Unlike existing tools, OPLEM platform bridges
the gap between market design and network operation assessment,
enabling stakeholders to gain deeper insights into the interactions
between market dynamics and grid performance. By combining market
design and network modelling functionalities, the platform empowers
users to explore various scenarios and market mechanisms to enhance
both economic efficiency and grid reliability. Additionally, the in-
clusion of participant and asset classes further enhances the tool’s
versatility, allowing users to define and model customised LEM designs.
This novel approach not only facilitates more informed decision-making
in LEM design but also supports the transition towards more sustainable
and resilient energy systems. To demonstrate its capability, OPLEM
initially incorporates four popular LEM designs with the initial release,
(1) ToU market (2) CED market, (3) P2P market and (4) auction market.
Additionally, it integrates EV and HP models, representing two of the
primary flexible devices found at the distribution level.

The paper starts by reviewing existing market modelling and sim-
ulation tools for energy systems in Section 2 to identify the gaps that
OPLEM is addressing. The platform structure is introduced in Section 3,
and descriptions are given for the key components of the proposed
software. Section 4 is dedicated to showcase three case studies of
different LEM designs built using OPLEM. Section 5 concludes the paper
and presents future directions for extension.

2. Review of existing tools

Simulation tools for energy systems can be classified into two
broad categories: tools for network modelling and tools for market
modelling. Table 1 gives a summary of the existing tools. The first
category covers software tools used for modelling and simulating elec-
trical transmission and distribution networks. Tools in this category
include pandapower [20], MATPOWER [21], PowerFactory [22] and
GridLab-D [23]. Each of these tools provides rich libraries to model,
design and simulate network infrastructure and consider the physical
constraints of the system with limited to no focus on the operational
constraints of the resources connected to the network. These tools,
while crucial for understanding the physical aspects of energy systems,
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do not incorporate market dynamics, which are essential components
for comprehensive system analysis and planning.

Market modelling tools have focused on CED at the transmission
level considering network constraints using DC approximation to fulfil
the supply-demand match. The DC approximation simplifies power
flow equations by neglecting voltage magnitude fluctuations and fo-
cusing solely on phase angle differences between buses. This yields
linearised power flow equations, rendering the optimisation problem
convex. This approach offers computational simplicity in optimal power
flow analysis, however, it assumes steady-state conditions with minor
voltage angle deviations and reactive lines, rendering it more suitable
for high-voltage transmission networks but less accurate for distribution
networks. PowerGama [24], PyPSA [25] and PLEXOS [26] employ
linear programming models to optimise generator dispatch and nodal
prices, while integrating network constraints via a DC power flow
model. Other tools such as ELMOD [27] and PRIMES [28] simulate
energy consumer and producer responses to various factors or objec-
tives such as economic development, carbon emission taxes and social
fairness to achieve equilibrium in supply-demand matching. While
these tools excel in optimising resource allocation and considering
network limitations, it is important to note that their reliance on DC ap-
proximation renders them less suitable for addressing the complexities
of dynamic market conditions within distribution networks.

Recently, with the assets integrated at the distribution level becom-
ing more active, there has been a pressing need for the development of
new tools tailored specifically for analysing local market dynamics at
the distribution network level. OPLEM was created to address this gap.
It offers integrated network modelling and market modelling within
a single platform, with a focus on distribution networks and local
markets. The key contributions of the tool are the following:

» A modular structure for market modelling: The market class
simplifies the development and testing of new market mecha-
nisms and enhances reusability between projects. It comes with
four market example designs, namely the ToU market, the CED
market, the bilateral P2P market and the auction market. It incor-
porates a receding horizon approach for market clearing, where
decisions are made by considering both current information and
future forecasts within a specified horizon. Additionally, it inte-
grates a power flow simulation method to assess the network’s
response to the market clearing decisions, ensuring comprehen-
sive analysis of the market’s impact on the network infrastructure.
Other market designs can be created with the help of the existing
methods, and new functionalities can be integrated thanks to the
modular structure.

Aggregation: Collections of heterogeneous flexible devices can
be represented using an equivalent virtual battery model. The
method is useful when the number of flexible devices increases
and incorporating their individual operational constraints be-
comes computationally prohibitive. The tool also comes with
a method that recovers feasible disaggregated device-level set-
points from an aggregate solution.

Modelling market participants with multiple resources: Individual
market participants may have a portfolio of resources spread
across multiple nodes of the network. The participant class within
OPLEM can be used to model different types of participants
present within LEMs.

Modelling of assets at distribution level: OPLEM allows for the
inclusion of diverse DERs. Notably, it provides ready-to-use mod-
els for EVs and HPs, which are pivotal in the ongoing efforts to
decarbonise the transport and heating sectors.

3. Platform structure

The UML class diagram of the platform structure is shown in Fig. 1.
The structure was designed to fit LEM features and characteristics.
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Table 1

Software tools for energy markets. TN: Transmission Network, DN: Distribution
Network, BL: Balanced-Linear, BN: Balanced-Nonlinear, ML: Multiphase-Linear, MN:
Multiphase-Nonlinear, CED: Centralised Economic Dispatch, ToU: Time of Use, P2P:
Peer-to-Peer.

Ref Software Level Market Network model
[20] pandapower TN, DN - BN
[21] MATPOWER TN, DN - BN
[22] PowerFactory TN, DN - MN, BN
[23] GridLAB-D TN, DN - MN
[29] OpenDSS TN, DN - MN
[24] PowerGama TN CED BL
[28] PRIMES TN CED BL
[27] ELMOD TN CED BL
[25] PyPSA TN CED BN, BL
[26] PLEXOS TN CED BL
[19] OPEN DN - ML, MN
[30] OPLEM DN CED, ToU, MN, ML
Auction, P2P,
Custom

The Network class encapsulates the physical infrastructure, the As-
set class specifies DERs and Participant and Market classes
are the two pivotal components for market modelling functionality.
Participant class enables users to define the entities participating
in the market while the Market class define markets and incorporates
features for market clearing and energy exchange. The details of inter-
actions between the different classes are demonstrated in Fig. 2. The
procedure starts by creating a network, which defines the physical
infrastructure of the power system to be modelled. We then con-
nect assets to the network infrastructure. The participants are
then declared, with each participant possessing a portfolio of the
connected assets. The market is defined by its type, the list of its
participants and other associated parameters. Depending on the
selected market, a market clearing method runs and the result of the
clearing is used to update the assets’ schedules. After the profiles of the
assets are updated, a network simulation runs to analyse the impact of
the market clearing on the network. The full documentation of the tool
methods and classes can be found in [31].

3.1. Network

The Network class models the electrical infrastructure of the sys-
tem. A network is a set of nodes connected to each other through
physical lines with specific characteristics. Different multi-phase low
and medium voltage networks are included with OPLEM and ready-
to-use, namely: IEEE13 bus feeder, IEEE123 bus feeder and European
low voltage feeder (EULV). Balanced networks can be loaded using
pandapower package. To analyse the power flow, two methods ex-
ist: a non-linear power flow method zbus() and a linear method
linear_pf () that uses the approximate linear model for multiphase
distribution networks from [32]. As many market clearing mechanisms
use linear programming, a method get_linear_parameters() is
included that retrieves the linear parameters of the approximate linear
model.

3.2. Asset

Once the network is created, the user can connect assets to it.
An Asset is defined by its unique identifier id, the bus-phases pair
(B, ¢) the asset is connected to. ¢ is a vector and its size determines
if the asset is connected to a single phase or multiple phases of the
bus . Additionally, the asset is defined by the simulation time step
duration dt and its horizon T, and the optimisation time step duration
dt_ems and its horizon T_ems. The temporal arguments must remain
consistent across all declared asset instances within the same system.
Four subclasses inherit from the Asset class, BuildingAsset that
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+ update_ems()
+ polytope()

+ baseline()

+ toup_baseline()

+ polytope()
+ max_demand_basel
+ toup_baseline()

Network_3ph i ==
sset arket
Participant
o0 i G ] +id +dt_market  +T_market
+ N_buses + N_phases i ik e -0..*----: +id L_marke: _market
+ bus_df +res_bus_df L 0.% < L] | B 0. + P_import + price_imp
+line_df +res_line_df + ; +Tﬂems - i +P_export + price_exp
+ transformer_df  + capacitor_df IS 5 RS + EMS() 13| + Participants
+ .. + polytope() +t_ahead_0
+ power_desaggregation() + network
+ linear_pf ()
+ zbus_pf () + simulate_network_pp()
+ linear_model_setup () ] + simulate_network_3ph()
StorageAsset BuildingAsset
+ get_linear_parameters() + Emax + Emin .
+ setup_network_eulv_reduced() + Pmax + Emin :er':]zxx :T(':n;;x
+ setup_network_ieee123() CED_market ToU_market
+ self_dis + eff_ch/dis - Tin - Tin_ems +nw_const +ToU = P_import
+ eff_opt_chidis -Pnet_ems - Qnet _ems - +FiT = P_export
+E_ems -Pnet_ems E—— + market_clearing() N P——
- L _ market_clearing
- update_control_t() + update_control()
+ update_control() + update_ems()

[

Auction_market P2P_market

ine()

+ offers +fees +fees

+ auction_matching() + P2P_negotiation()

NonDispatchAsset

CurtailableAsset

- get_trades()

+ Pnet_ems + Pnet_ems_pred
+ Qnet_ems + Qnet_ems_pred

+ Pnet + Pnet_pred + Pnet + Pnet_pred
+ Qnet + Qnet_pred + Qnet + Qnet_pred
+curt

+Pnet_ems + Pnet_ems_pred
+ Qnet_ems + Qnet_ems_pred

+ mpc_demand()

+ mpc_demand()

Fig. 1. UML class diagram of OPLEM. New market-oriented classes are yellow, and the attributes/methods from OPEN that were amended to accommodate the new market-based

features are highlighted in blue.

models buildings with flexible heating, StorageAsset that models
energy storage assets such as batteries, CurtailableAsset for loads
and resources that can be curtailed such as PVs and wind turbines and
NonDispatchableAsset for inflexible loads and non-dispatchable

generation.

In contrast to OPEN, OPLEM incorporates additional methods to ac-
commodate the new market features including polytope () method
for flexible assets, baseline methods for the storage and the build-
ing assets, and mpc_demand () for non-dispatchable and curtailable

assets.

+ update_ems (): This method calls the update_control ()
method that takes control references as inputs, and updates an
Asset object’s output power profiles and state variables. The
update_ems () takes the input references sent by the schedul-
ing algorithms and converts them to the simulation time scale
for the purpose of the control. The update methods have an
optional argument enforce_const (set by default to True)
that allows the user to decide whether the update method should
enforce the asset operational constraints. This option when set to
False will be useful for applications that model the operational
constraints of the assets as soft constraints and allow the user to
capture the deviations to evaluate them. A popular example of
such applications is reinforcement learning (e.g., [33,34]). When
applied on curtailable assets, the method takes the curtailment
schedule as an input and updates the Pnet_ems accordingly. The
method accepts an optional argument ¢, (set by default to 0) to
define the starting time of the update. It is useful for applications
that use a receding horizon strategy.

polytope(): A polytope representation of asset operation con-
straints is a geometric way of describing the limits and conditions
under which an asset can operate, using a multi-dimensional
shape made up of linear inequalities. This method was defined
for storage and the building assets. It follows the model presented
in [35] and returns the matrix A,, and vector b,, of the polytope
representation of the asset operational constraints: {p,|A,,p, <
b,}, with p, is the power schedule of the asset m. This polytope
representation includes power and energy (resp. indoor temper-
ature) constraints for storage (resp. thermal) assets. Matrix A,,

for instance include parameters such as charging/discharging
efficiency and self-discharging rates for storage asset and building
thermal resistance and coefficient of performance for building as-
set. While b,, integrates parameters such as maximum/minimum
capacity, maximum/minimum charging rates and initial/final
state of charge (SoC) for storage asset and minimum/maximum
allowed indoor temperature and maximum power for building
asset. It is useful in the sense that it facilitates the incorporation
of the assets’ operational constraints in optimisation strategies.
The method accepts an optional argument ¢, (set by default to
0) to define the starting time step of the representation, which is
useful if the method is called to generate the assets constraints
for an optimisation working under a receding horizon.
mpc_demand (): returns the up-to-date schedule of the non-
dispatchable and curtailable assets composed of the observed
value of the current time step #, and the predicted values for the
rest of the horizon.

HP_maxdemand_baseline (): runs a linear programming op-
timisation that returns the baseline schedule of a building asset,
with the objective of minimising the peak demand under the
operation limits of the asset.

toup_baseline(): depending on the asset type, this method
runs a linear programming optimisation that returns the optimal
schedule of the flexible asset with the objective of minimising the
costs in response to a time of use (ToU) tariff.
flexibility(): computes the (upward or downward) flexibil-
ity that the flexible asset (building or storage asset) can provide
for a flexibility window TY,,,, depending on which type of assets
it was called for.

EV_baseline (): returns the charging schedule of the EV under
the strategy of charging as soon as plugged in. The connection of
the EV to the charger starts the charging process.

3.3. Participant

Participants can be declared following the initialisation of assets,

with

each participant owning a portfolio of assets. The participant

is one of the core elements of the market concept. In future energy
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Network

Create Network
instance

Connect assets to network through (bus, phases)

Create Asset
instances

Partcipant has a list of assets

Participant

Create Participant

—> R
instances

Market has a list of participants

Create Market

> X
instance
- polytope () r----r--+- . l
Z if aggregation if aggregation
& is activated is activated
9 i
| ' =
é polytope () 5 bocooood » E:
5] mpc_demand () | l > 7
o - &
Ql (CEELELLE EEE EEEEE LR R LR R R LR if network constraints are activated------- - - > ‘0
;
g EMS () ----for ToU markets---» il
ia) 5
4—‘| dat ( ) » k’Q\
update »
& ) I R >
if aggregation if aggregation
is activated ) F is activated
*-t--+1-power_disaggregation()r-r--1--- l

»simulate network()

Store results in the local folder Results/[Market]

mc.p: market clearing dataframe

schedules.p: list of lists of assets' schedules

Ebatt.p: state of charge of batteries

Tin.p: indoor temperature of the buildings voltage.p: network voltages after market clearing

Fig. 2. Interaction diagram of OPLEM displaying the different interaction flows between the tool classes.

markets, different types of participants will be involved, including the
active participation of the end consumers and the emergence of new
commercial roles such as aggregators. The Participant class was
conceived to be inclusive and able to model different roles.

3.3.1. Attributes

A participant in OPLEM is characterised by its identifier id and a
list of its assets. Examples of different entities that can be modelled as
participants using this class are:

+ A homeowner: if all the assets in the list are connected to the
same bus.

» An aggregator: if the assets in the list are connected to different
buses.

+ An energy retailer: if all the assets in the list are of type generation
and/or storage.

This structure allows the co-existence of heterogeneous assets owned
by entities with different interests. For example, it can model:

* A retailer with generation and centralised storage at bus b;; = 0,
who has the objective of maximising profits, and

» Customers with different assets, including storage assets, at dif-
ferent buses b;; # 0, who have the objective of minimising costs
or maximising autonomy.

Using the tool, we can also model the local energy community (LEC)!
concept effectively. For instance, it is possible for a household to make
their PV part of the community while excluding their EV. This can be
achieved as the following:

+ Asset creation: Assets such as EVs and PVs located at the house-
hold level are created with the b;; of the bus to which the house
is connected.

+ Household participant: A Participant instance is created for the
household, the assets attribute for this instance includes the

1 A local energy community (LEC) is a group of energy consumers, produc-
ers, and prosumers that operates under a shared framework and collectively
optimises energy resources within a localised area.
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EV and other assets that the house owner does not wish to make
part of the community.

» Community participant: A participant instance will be created for
the community, the assets attribute for this attribute includes
the PV of the above household and assets contributed by various
households. This community instance will have different assets
located at different nodes of the network.

3.3.2. Energy management system

The EMS () method runs an optimisation programme that minimises
the energy bill of the participant subject to the assets’ operational
constraints. A compact formulation is presented in system of Egs. (4) in
the next subsection. The programme returns the optimal dispatch of the
participant’s resources under a specific pricing scheme. Its arguments
include the import/export prices and import/export power limits that
can differ from one bus to another.

3.3.3. Aggregation

Participant class includes a method for asset aggregation. The
feature will be useful to accelerate the computation in the case where
multiple flexible resources are connected per bus. Two methods are
added:

+ polytope (): returns the outer approximation of the aggregated
matrix A, and vector b,,, of the polytope representation for
aggregation of flexible assets following the method presented
in [35]:

ol t Toms
{Pagg = [Paggs -+ + Py -+ » Pag 11 AaggPage < Dage}:

where p = Ymem P, is the aggregated power output of the set
of assets at time step #, M set of aggregated assets and p!, is the
power output of asset m at time ¢.

power_disaggregation(): recovers a feasible disaggregated
power schedule for each asset in the aggregation from the aggre-

gated solution (Appendix).

3.4. Market

The market class was created and conceived to be general and
adaptable to different types of markets. The three main attributes of
the Market class are:

» Participants: Each market has a list of participants.

» t_ahead_0: This attribute allows for the option of running a
receding time horizon simulation. If it is equal to O, then the
market will run for all the time steps of T,,,,,.; horizon. Otherwise,

the market clearing will run from the time step t_ahead_0 to

the end of the horizon.

network: the network is an optional attribute to specify, and

it is useful in particular cases, such as in a centralised economic

dispatch (CED) market that accounts for network constraints,
or to return the results of the power flow simulations after the
market is cleared.

Other attributes include prices of imports and exports over the opti-
misation horizon and import/export power limits. The methods that
are common for all the markets are the ones related to power flow
simulations and receding horizon simulations:

+ simulate_network_pp(): runs a power flow simulation for
pandapower networks. The method returns a dictionary con-
taining the voltage magnitude, voltage angle, real and reactive
power injections at each bus and the real and reactive power
injections at the slack bus. It can be called if a network instance
was associated with the market and the network in question was
created using Pandapower.
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Fig. 3. Programme flow diagram for a receding horizon market application.

+ simulate_network_3ph(): runs a power flow simulation
for OPLEM three phase networks. The method returns a list of
network instances (one for each time step). The network instances
contain the results of the power flow in res_bus_df. This
method can be called if a network was specified when initiating
the market instance and if the specified network was created
using the OPLEM Network_3ph class.
rh_market_clearing(): runs a receding horizon version of
the market clearing. Fig. 3 shows the programme flow diagram
for a receding horizon market application.

The network simulation methods accept an optional argument sin-
gle_iter, which if set to True, will run the power simulations for
one optimisation time step, while it will run the simulations for the rest
of the horizon if set to False. Setting the option to False is more
suitable for day-ahead applications, as this will simulate the network
flow for all the steps of the horizon. For receding horizon applications,
information is updated every iteration, and thus the method can be
called every iteration with the parameter set to True which will run
the simulation for the current time step only with the most updated
information.

Four market subclasses inherit from The Market class, they present
the most popular energy markets found at the distribution level and
they are detailed in the following subsections. Note that these markets
were created for demonstration purposes and using the Market class,
users can create other customisable markets and not be limited to the
four markets available on the platform.

3.4.1. CED market

In the centralised economic dispatch market class, the market clear-
ing optimises all the resources’ schedules within the network to min-
imise the cost of energy. It returns the assets’ optimal schedules and



C. Essayeh and T. Morstyn

the distributed locational marginal prices (DLMPs). DLMPs specify the
marginal cost of supplying an additional unit of electricity at specific
locations within a distribution system. They reflect supply-demand
patterns and are influenced by the losses and physical constraints of
the distribution network. This type of market accounts for network
constraints and it requires complete knowledge of assets’ information.
The market_clearing() method runs the optimisation problem (1)
and returns the assets’ schedules and the market clearing table.

2 (Af'mp Amp_/lfexp pr+ 2 2 Ct (pm,,)>

O = neN mem,
2 7, ()
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The objective of problem (1) is to minimise the cost of energy at the
slack bus and the operational cost of assets while ensuring all the
constraints (network constraints and assets’ operational constraints) are
validated. AN is the set of connected (bus, phases) pairs in the distri-
bution network, M,, is the set of flexible assets at (bus-phase) pair #,
= [t_ahead 0,T,,,.] is the clearing horizon of the modelled system,
(P;mp -pl, ) is the net power seen at the slack bus which can be positive
if there is a net import or negative if there is a net export, and 4 o /l’gxp
the import/export slack bus energy price at time step 7. The second term
of the objective function refers to the operational costs of the assets that
follow a linear pattern with C!, is the cost function of operating asset
m, at time t. p}, is the power at node n at time step ¢ and is equal to
the sum of flexible assets power pmn connected to the node n. G, g
K’, k0, J' and j* are the coefficients of the approximate linear model
at time step ¢ for multiphase distribution networks [32] retrieved using
the method get_linear_parameters(). Power balance, voltage
and thermal limit constraints are presented in the respective equations
inside the brackets. The power vector p' = ’1p’2 ,p’N]T and the
power at each node n depends on the asset connection:
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The last constraint presents the set of operational constraints for the
assets where the matrix and the vector 4,, and b,, are obtained by
calling the method Asset.polytope (). The DLMPs are represented
/1[ * /1 A.t * )

v,n’=ov,n’ “e,n’ =c,n

Single a-connection

by optimal dual variables of the problem (A}, u; T
using the following equation:
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The assets’ schedules are structured as a list of lists, with the first
level of lists referring to the participants and the second level refers
to the assets of the participant (See Fig. 4(a) for an illustration). The
market clearing table is a pandas dataframe with six columns:
index, time, seller, buyer, energy, and price (see Fig. 4(b)). Each row
stores the trade (energy, price) that took place at time ¢ between
seller s;;, and buyer b,,. The s;; and b;; correspond to the id of the
participant instance. We note that for the case of the CED market,
participants trade energy with the upstream market only, which means
that either the seller or the buyer column will have the id = 0 that cor-
responds to the upstream market. When the CED market accounts for
network constraints, the prices in the market clearing table correspond
to the distributed locational marginal prices (DLMPs) and are stored
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schedules

A
e N
participant 1 participant 2 participant N
schedules ’ schedules T schedules
A
g N
asset 1 asset 2 asset i
schedule schedule |’ ™ ' | schedule

(a) An illustrative example of the schedules output structure:
after running a market clearing method, the assets’ schedules
will be stored as a list of lists, with the first level of lists
referring to the participants and the second level referring to
the assets of the participant. The asset schedule p,, is a numpy
array storing the active power of the asset over the market

horizon.
time seller buyer energy price
24 12 0 2 24873 0.0958
153 12 0 8 29892 0.0958
452 12 0 21 04902 0.0958

(b) An example of a market clearing dataframe: each row stores
the trade (energy, price) that took place at time ¢ between seller
s;, and buyer b;,. In this case (ToU market), participants 2,8
and 21 buy their energy from the upstream market at 12 pm at
the set price of £ 0.0958/kWh.

Fig. 4. Outputs of the market clearing methods.

in the folder Results/Central/. The user can control whether
the market_clearing() method accounts for the network con-
straints or not through the boolean argument nw_const. Moreover,
the user can specify which lines and nodes are constrained through
the v_unconstrained_buses and i_unconstrained_buses
optional arguments.

3.4.2. Time of use market

The ToU market operates in contrast to the CED market. Every
participant manages its resources in response to a ToU tariff with no
knowledge of other participants’ information and no consideration of
the network constraints. The ToU_market calls for the EMS () method
in the Participant class that runs the optimisation problem (4).
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The sub-subscript u refers to the participant and M, the set of flexible
loads participant « has. The output power of flexible asset m, at time ¢
is p!, and C’ is the cost function related to operating the asset, A7 U is
the time-of-use price, /1 the Feed-in-Tariff (FiT) price and p,mp/ P exp
are respectively 1mport/export power at time step #. 4,

to the polytope representation of the asset m,. The aggregate inflexible

and b, refer
load of the participant is noted pu inflext
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Fig. 5. EULV network is adopted for the case studies. Different icons refer to the
different assets connected to a bus. Colours refer to connected phases, red for Phase
A, green for Phase B and blue for Phase C.

The market clearing returns the assets’ schedules and the market
clearing table as was explained in Fig. 4. The price column shows the
ToU value of the corresponding time step if the upstream market is
the seller and the Feed Tariff (FiT) value if the upstream market is the
buyer.

3.4.3. P2P market

This subclass runs a bilateral peer-to-peer energy trading as was
proposed in [36]. This P2P decentralised strategy is an iterative price-
adjusting mechanism that returns a stable set of bilateral contracts be-
tween peers. The process starts with each participant defining multiple
potential trades with other participants; a buyer for instance will define
several potential trades with several sellers, and each buyer/seller sets
an initial price. The price of these trades is then adjusted by the price
negotiation mechanism, based on buyers and sellers accepting or reject-
ing trades at their current prices at each iteration. At convergence, each
contract specifies the price /1; , agreed by both peers (seller and buyer)
to exchange a discrete amount of energy. The final outcome accounts
for the peers’ preferences and maximises their individual utilities.
Preferences include comfortable indoor temperatures and preferred EV
charging schedules. An algorithm for the P2P negotiation mechanism
can be found in ([37], Algorithm 1). The numpy matrix fees holds
the fees that the participants should pay to trade with one another.
They may vary across distinct trading contracts, and can therefore be
used to discourage transactions anticipated to contribute to constraint
violations. Each contract fee is shared by the participants and a seller
will receive a payment of (4! i ee! ,b/2) while the buyer will pay
(/1"& s+ S ee;b /2). The fees are considered in the utility.

The P2P_negotiation() is the method that runs the iterative
algorithm of P2P negotiation until convergence (i.e., reaching a stable
outcome). It accepts different arguments:

» trade_energy: is the discrete amount of energy which is the
same across all the trades.

+ price_inc: the amount by which the prices are incremented in
each iteration.

» N_p2p_ahead_max: the maximum number of P2P offers/bids
that a peer can set for the time ahead.

The aforementioned arguments impact the results of the market clear-
ing. A smaller price_inc and trade_energy will lead to more
opportunities for P2P trading, but will take more time to converge,
while a design with a large price_inc and/or trade_energy will
converge faster but may miss opportunities for mutually beneficial
P2P trades. Similarly to the other markets, the P2P_negotiation()
returns the list of schedules and the market clearing table. In this case,
participants can trade with each other with the price value listed in the
price column, ’12,1;'
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3.4.4. Auction market

The auction market is slightly different from the other markets.
In the other markets, the offers are implicitly implemented within
the design, while the auction market needs this information as an
argument. The offers argument is a table with five columns: index,
time, participant, energy and price. The sign of the energy determines
if the participant is a buyer or a seller.

The auction_matching() method matches the buyers and sell-
ers based on the list of offers. Two types of priorities are considered.

« price-based priority: the buyer with the highest bid price is
matched to the seller with the lowest offer price.

+ demand-based priority: the buyer with the highest bid demand is
matched to the seller with the highest offer surplus.

Algorithm 1 summarises the main steps on the matching procedure in
an auction market.

Algorithm 1 Auction Matching Algorithm (price-based priority)

Input: offers, list of buyers and sellers with their respective bids
and asks.
Output: List of matched buyer-seller pairs and transaction prices.
Step 1: Sort Buyers and Sellers
Sort buyers in descending order of their bids’ prices.
Sort sellers in ascending order of their asks’ prices.
Step 2: Match Buyers and Sellers
for each buyer b in sorted buyers list do
for each seller s in sorted sellers list do
while bid of b > ask of s do
Match buyer » with seller s.
Record the transaction price.
if bid energy of b > offer energy of s then
Subtract the energy from total bid energy of b.
Remove s from the list of sellers.
else
Subtract the energy from total offer energy of s.
Remove b from the list of buyers.
Break the inner loop.
end if
end while
end for
end for

The method returns the market clearing table, and each row stores
the trade (energy, price) between seller and buyer at time step 7.

4. Case studies

Three case studies were developed in OPLEM to demonstrate its ca-
pabilities. The first case study presents a comparison between the ToU
market, the P2P market and the CED market. The second case study
compares the computational requirements for a scheduling task of a
charging station with and without the aggregation feature, and the last
case study investigates the flexibility potential of residential HVACs to
participate in a long-term local flexibility market (e.g., sustain product
that aims to defer network reinforcement [38])

The simulations were run on a laptop with a Processor Intel® Core™
i7 @ 2.80 GHz, with 32 GB RAM using picos python package for solving
optimisation problems.

4.1. Market design comparison

4.1.1. Setup

Three markets are compared using OPLEM: ToU, P2P and CED
markets, the code source for the three market studies can be found
at the root of the tool repository https://github.com/EsaLaboratory/
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Fig. 6. Energy levels of the 17 batteries stay within their limits. Indoor temperatures of the 17 houses with HPs are kept within the zone of thermal comfort. Voltage magnitudes
exceed the maximum voltage limits at midday for the ToU and P2P markets and remains within an acceptable range for the CED market thanks to the incorporation of network

constraints in the economic dispatch.

OPLEM. The European Low Voltage Test Feeder (EULV) with 55-load
buses is selected as the network infrastructure in the study. In addition
to the inflexible load (taken from [39]), 60% of the load buses are
randomly selected to have photovoltaic panels, 30% have batteries and
30% have heat pumps. Fig. 5 shows the network setup and Table 2
summarises the assets parameters used for the case studies.

For the import prices, we take the hourly wholesale prices of day
29/06/2021 from the EPEX spot website [40], the export price is FiT
tariff taken from OFGEM reports [41] (6.79 cents/kWh).

4.1.2. Results

Plots in Fig. 6 give an overview of the three market outcomes. In
Figs. 6(a)-6(c) we see that the operational constraints of the storage
assets for the ToU, P2P and CED markets are respected. Similarly, the
comfort limits constraints of the building assets (Figs. 6(d)-6(f)) were
not exceeded and this demonstrates the effectiveness of the poly-
tope () method. Also, we can see that the consideration of network
constraints in the clearing of the CED market case study helps keep
the voltages within the limits (Fig. 6(i)), while we notice a maximum
limit voltage violation for both ToU (in Fig. 6(g)) and P2P (in Fig. 6(h))
markets during the period of high PV generation. In Fig. 7, we take a
closer look at the assets’ schedules for two participants. The participant
in Fig. 7(a) owns three kinds of assets: a non-dispatchable load, a

curtailable PV generation and a battery storage. For all the markets,
we can see the battery charging in the period of high PV generation
and discharge during the period of price increase. The battery curve
in the case of the CED market shows more charging during the PV
peak period to avoid curtailment or network violation due to excessive
export, while for the other markets, the majority of PV generation was
injected into the grid. The battery of the participant in Fig. 7(b) shows
different behaviour for the three markets. In ToU market, the battery
is charging overnight to benefit from the cheap energy rates, while in
P2P market, the charging is delayed until midday to benefit from the
cheaper P2P energy rates. In the CED market, to avoid the violations of
voltage constraints resulting from the excessive injection of generation,
the battery is scheduled to charge during the generation peak period.

In Fig. 8, we can see that the total exports between the ToU market
and CED market are mostly the same, except for the peak period
(around 10 am-1 pm) during which the CED market directs some of
the excess generation into the batteries charging to avoid exceeding
the voltage limits as demonstrated in Fig. 6(i). The total export of the
P2P market exceeds the total export of the ToU market with fewer
network violations. This is explained by the fact that P2P market
enables mutually beneficial local transactions to be arranged, which
increases the utilisation of energy storage.

With ToU and CED markets, participants are able to trade only
with the upstream market, while for P2P, trading is allowed between
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Table 2
Case studies parameters.
Parameter Value
PV panels Nominal power 8 kw
Capacity 8 kWh
Batteries Rating power 4 kW
Degradation cost 0.005 £/kW
Rated capacity 5.6 kW
Coefficient of performance 2.5
Heat pumps Building heat transfer (R) 2 °C/kW
Building thermal mass (C) 2 kWh/°C
Min/Max indoor comfort temperature [19] 16, 18 °C
T, 17 °C
Price increment 0.06 £
P2P parameters Number of groups 2
Discrete amount of energy per trade 1 kWh
Maximum number of allowable potential trades per participant 500
ToU P2P Central
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(a) Schedules of a participant showing the charging of the battery during the peak generation of the PV, and less export for the case of the

CED market.
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(b) Schedules of a participant showing the battery delaying the charging until 12 pm to take benefit of cheap P2P prices compared to ToU
market.

Fig. 7. Different behaviours of batteries under the three markets.

participants. With the selected P2P parameters (shown in Table 2),
352 kWh was exchanged locally in the P2P market, and this helped
reduce the network violations as can be seen in Fig. 6(h), even though
no participant had information about the state of the network. The
P2P market can be seen as a middle ground between the ToU and
the CED market. When the parameters trade_energy, price_inc
and N_p2p_ahead_max are selected such that they balance the trade-
off between computational effort and local community autonomy, it

can help mitigate network constraints, increase energy autonomy and
improve community revenues without the need to centralise data and
scheduling at a central point.

4.1.3. DLMPs

To demonstrate the calculation of DLMPs, we ran a CED market
clearing that is slightly different than the original setup; the HPs and
batteries are omitted and only loads and PV panels are kept to see the
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Fig. 8. DSO revenue, total exports, and computation times for the three markets.

Table 3
EV parameters for the aggregation case studies.
Parameter Description Values
Noge Number of aggregators {1,2,4,5}
Ny Number of EVs {20,40,60,80,100}
Nors Charging/discharging efficiency [0.8,1]
E,ox> Prax Capacity & rated power 36 kWh, 6.6 kW
SOC,,,. State of charge at arrival [0.2, 0.9]
[ Time at arrival between 5 pm and 9 pm
Liep Time at departure between 6 am and 9 am

impact of the excess generation on the DLMPs. Fig. 9 shows the DLMPs
retrieved as a part of the CED market clearing method. They follow the
import price curve in the night period when there is no generation, and
vary in the period of generation (8 am to 4 pm), with prices close to 0
around midday, which is associated with curtailment to limit the export
of energy that would otherwise cause voltage violations. We note that
this information is available only if the optional argument nw_const
is set to True when initiating a CED market instance.

4.2. Aggregation

Algorithm 2 ToU response without aggregation
Vev € EV's

A,,, by, = polytope(ev),
Variables: (peu)eUGEVS
solve optimisation problem:

min EteT ZevEEV& ptToUpzv

St AP <by, Vev€EVs
return (pev)eveEVs

Algorithm 3 ToU response with aggregation

Agggrbage = polytope(EV's)

Variables: pagg’ (Pev)eUEEVs
solve optimisation problem:
min - Yier ProyPags

St AgggPagg <D
return p,,,
(Pev)eveEVs < power_disaggregation(pagg)
return (peu)eueEVs

agg

In this section, the application of the aggregation feature in the mar-
ket design is demonstrated. EVs with different charging rates, different
arrival and departure times and different states of charge at arrival
are connected to different charging stations. Charging stations in this
case play the role of aggregators. Table 3 summarises the parameters
of the case studies. Each charging station optimally schedules the
charging/discharging profiles of its portfolio of EVs in response to
a ToU price signal. Two approaches are compared: the conventional
optimisation in which the charging station EMS has to incorporate

11
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Fig. 9. Import prices, export prices and distributed locational marginal prices resulting
from clearing the CED market.

the technical constraints of all the EVs as depicted in Algorithm 2,
and the alternative approach that calls for the polytope () method,
perform the optimisation and returns a disaggregated solution as out-
lined in Algorithm 3. The number of charging stations was varied
between one and five, and the number of EVs in the range of [20,
100], i.e., for 20 EVs, if the number of charging stations is two, it
implies an equal distribution of the 20 EVs between the two charg-
ing stations. Fig. 10 illustrates the time required for aggregation and
optimisation as a function of the number of Electric Vehicles (EVs)
participating in the aggregation. The left panel displays the time it
takes to compute the aggregated (A,,,, b,,,) across different scenar-
ios, parameterised by the number of aggregators, and the right panel
depicts the optimisation time under similar scenarios and includes an
additional scenario without aggregation (no agg). The plots showing
the computation time of optimisation featuring aggregation include
also the time it takes to recover a feasible disaggregate solution (using
power_disaggregation() method) from the aggregated solution
DPage- The time required for aggregation increases as the number of EVs
(N EVs) rises, with higher number of aggregators generally requiring
less time. For more than 2 charging stations (e.g., aggregators), it
takes up to 30 min to compute the aggregated polytope. This trend
highlights the computational benefit associated with the presence of
more than one aggregator. Similar to aggregation, the optimisation
time also increases with the number of EVs. Notably, the ‘no agg’
scenario demonstrates lower optimisation time compared to the case
where one aggregator exists, however, scenarios with other aggrega-
tion levels (1 to 5 agg) show progressively lower optimisation times
compared to the ‘no agg’ scenario, emphasising the trade-off between
aggregation benefits and computational efficiency. The analysis pro-
vides valuable insights into the scalability of the aggregation process,
it is crucial for understanding the balance between selecting optimal
number of aggregators and maintaining computational efficiency in
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Fig. 10. Computational time for aggregation. (left) Time for computing the aggregated polytope, (right) Time for optimisation without and with aggregated polytopes, including

time to recover a feasible disaggregate solution.

real-world applications. Specifically, the analysis demonstrates that
utilising multiple aggregators is computationally more efficient than
having no aggregator, while having no aggregator is more efficient than
using a single aggregator.

4.3. Flexible capacity of residential HVACs

In this case study, the potential of a medium-sized house heat pump
to participate in a local flexibility market and provide flexibility to a
system operator within the time frame of [7 pm, 10 pm] is investigated.
This is particularly of interest for assets managers aiming to respond to
calls for tenders issued by DSOs that seek flexibility provision over a
long term to defer network upgrades. The heat pump with parameters
from Table 2 is selected for the study, the ambient temperature profile
of Edinburgh for the year 2019 from [42], and the UK E7 Tariff as a ToU
price (7 h of cheaper energy between midnight and 7 am) with night
rate and day rate being 9.76 p/kWh and 20.03 p/kWh respectively.
Fig. 11 shows the results of the feasibility study. The ambient tem-
perature was split into two seasons: winter and summer. The baseline
consumption was calculated using either maxdemand_baseline ()
or toup_baseline(), and the available flexibility using flex-—
ibility (). Therefore, the computation of available flexibility per
sample (i.e., day) involves running two optimisation algorithms and
takes an average of 0.3 s. For a one-year assessment, this totals to
109.5 s.

The results show a high variance in the available flexibility when
the adopted baseline is a maxdemand_baseline (), especially for
the summer period, while the flexibility is uniform for the
toup_baseline (). The available flexibility has a median value of
0.18 kW, except for the summer period when using
maxdemand_baseline() as a baseline, where the median drops
to 0.11 kW. The mean values are respectively 0.17, 0.11, 0.18 and
0.14 kW for winter maxdemand_baseline(), summer maxde-
mand_baseline(), winter toup_baseline() and summer
toup_baseline (), with the case of winter toup_baseline()
returning the most uniform results. In the UK scenario, due to the
minimum bid quantity of 10 kW, this asset cannot independently enter
the market as a participant and must be aggregated with other assets. If
an aggregator manages this asset among others, it is advisable to adopt
the baseline schedule that minimises daily energy consumption costs
rather than minimising peak demand. This approach offers reduced
variation and yields consistent available flexibility across seasons.

5. Conclusion

In this paper, OPLEM, an open-source platform for LEMs is pre-
sented. The tool was developed in a modular way to accelerate the
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Fig. 11. Potential of a heat pump to provide flexibility under different baselines in
two seasons, winter and summer.

creation, simulation and testing of LEMs. It addresses the need for
a standardised LEM modelling software that enables the replication,
refinement and comparison of LEM designs. The platform can serve as
a standard environment to benchmark existing and new LEMs and help
the research community focus on innovation instead of spending time
re-creating the simulation environment. The key features of OPLEM
include methods for flexibility computation and energy baseline com-
putation, a polytope representation for flexible resource operational
constraints and four energy markets. The features can be used differ-
ently and extended to respond to the designer’s needs. To highlight
the wider potential uses of our software platform, three case studies
were demonstrated. Case study 1 compared three market designs in-
corporated with the tool, along with an analysis of network simulation,
and interaction with connected assets. This comparison illustrated the
versatility of OPLEM in handling various market scenarios and their
impact on network operations. Case study 2 demonstrated the use of
the aggregation features for charging stations that operate multiple
EVs, showing how the platform can optimise the management of DERs
by aggregating assets to improve computational efficiency and market
participation. Case study 3 leveraged the flexibility features incor-
porated within the tool by demonstrating a flexibility assessment of
medium-sized home heat pump. This case study emphasised OPLEM’s
ability to assess and utilise the flexibility of DERs to enhance grid
reliability and efficiency. These case studies collectively underscore
the comprehensive capabilities of OPLEM in modelling, testing, and
optimising local energy market designs, thus paving the way for its
application in diverse real-world settings. For future releases of the tool,
OPLEM is aimed to be made Al-compatible to allow the integration,
testing and benchmarking of Al-powered LEM solutions. Another area
of extension is creating a graphical user interface. It will be useful
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for stakeholders from different backgrounds (policy-makers, local au-
thorities) as it will help them use the tool without the need for a
programming background.
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Appendix. Feasible solution recovery
The formula that recovers a feasible solution p from an infeasible

approximate aggregate solution p,,, is presented in [35] and is as
follows:

M
min DPaee — ). D,
Pmsm=1,....M 88 ; " 5)
st. A,p,<b,, n=1....M

where p,,, refers to the outer approximation.
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