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Abstract

Increased penetration of renewable energy-based plug-able and Distributed Energy Resources
(DER) brings new challenges to distribution systems. To address these changes, the power system
experts promote Transactive Energy (TE) models. Transactive Energy is a concept of providing
control over energy exchange by integrating electricity markets and auction mechanisms. Numbers
of studies on TE have shown a positive effect of TE management systems on distribution system
efficiency, security, and reliability. However, it is still difficult to suggest TE model that will
consider majority of distribution network constraints. The constraints include power allocation,
voltage stability, network losses, congestion constraints and others. In the past Optimal Power
Flow (OPF) method was used for distribution system management. Therefore, this thesis
concentrates on modelling and simulation of feasible TE framework. In addition, more attention
will be given for energy scheduling utilizing Distribution Locational Marginal Price (DLMP). The
DLMP is key parameter that determine true cost of energy accounting topology, power losses,
congestion, and other parameters. Therefore, this work will examine DLMP based Transactive
Energy framework for distribution systems with enthusiastic or smart prosumers. The framework
uses MAS as the basis on which the proposed Transactive Energy (TE) model, i.e. DLMP based
TE Management System (DTEMS), is implemented. DTEMS uses a novel metric known as nodal
earning component, which is determined by the optimal power flow (OPF) based smart auction
mechanism, to schedule the TE transactions optimally among the stakeholders by alleviating the
congestion in the distribution system. Based on the individual contributions to the congestion
relief, DTEMS ranks the prosumers and loads as Most Valuable Players (MVPs) and assigns the
energy trading price according to the category of the player. The effectiveness of the proposed TE
model is verified by simulating the proposed DTEMS for a modified 33 bus radial distribution

system fed with various plug-able energy resources, prosumers, and microgrids.
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Chapter 1 - Introduction

1.1. General Information

Increased penetration of renewable energy-based plug-able and Distributed Energy Resources
(DER) reshapes modern distribution systems. As a result, multiple microgrid systems are formed.
These microgrids can effectively transact energy with each other to obtain positive benefits and
enhance distribution system reliability, security, and resiliency. To enable these advancements in
a multi microgrid system, the work proposes a novel blockchain-based TE framework that can
regulate both the financial and physical layers. The main challenges faced by other TE models in
the literature are incapacity to handle distribution network physical constraints such as line
congestions, network losses, voltage stability, and power quality. Therefore, the work suggests the
methodology of system regulation using distribution locational marginal price (DLMP) allocation
for cyber-physical agents. The technique suggests providing additional incentives for agents that
help to improve the condition of the distribution network and preventing transactions that cause
problems to the system. Overall, the cyber-physical agents can obtain financial benefits by
contributing to the betterment of the distribution power system. The distribution system can benefit
in terms of energy exchange rates rises, power quality improvements, renewable energy
promotion, consumers paying less for energy, and producers paid more. Such results can be
achieved by more effective energy scheduling and reduction of operational costs. With the help of
the proposed TE framework, the energy exchange volumes rise due to enabling a more flexible
transactive market, which is not limited to fixed Time of Use (ToU) and feed-in tariffs. Power
quality is improved because of the integration of the DLMP component that prevents transactions
that causes voltage, congestion, or power loss problems. Renewable energy promotion can be
enabled by providing extra incentives for a specific type of power. The producers of energy can
sell energy for a price higher than Grid Buying Price (GBP), whereas consumers can buy energy
for a price lower than Grid Selling Price (GSP). This feature will result in financial benefits for
market participants, especially prosumers. Besides, to enable credible energy and financial

transactions in the suggested TE framework for distribution networks, the blockchain technologies
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integrated with smart contracts are investigated. The blockchain is a secure ledger for storing and
managing data about transactions and is the vital enabling technology for the TE frame along with

cyber-physical agents. More details are provided in subsequent chapters.

The idea behind building the Transactive Energy framework for distribution systems was
inspired by the energy trading in electricity markets and modern technologies such as loT and
Blockchain. In the beginning, it was found that more residential buildings started to install small-
scale PV panels and connect them with battery storage for local use. Later this business expanded
and neighborhoods started to inject electricity to the main grid and obtain incentives in terms of
feed-in tariffs. However, people reflected that feed-in tariffs were significantly lower than Grid
Selling Price and started to think about the ways to transact energy between neighborhoods and
getting maximum profit. The latest idea led to the foundation of Transactive Energy systems where
energy buyers and sellers could freely trade energy between each other in a competitive market.
Multiple articles related to the Transactive Energy Markets were written in the past decade. In the

next subchapter, a detailed literature review on these articles will be provided.

1.2. Problem Definition

The rapid development of distribution systems both in terms of an increasing number of active
units and infrastructure leads to the necessity of effective control and management of distribution
systems. To address these challenges multiple attempts were made, where Transactive Energy was
a general trend in the literature of the past five years that have the potential to address the problem.
However, in the literature to the best of the author’s knowledge, there is a lack of a complete
framework that can integrate four key components: end units (players), physical topology
(distribution network), market (regulation, scheduling), and communication (multi-agent systems).
In the existing literature typically, there is a focus only on one or two components. Therefore, the
primary goal of the work is to propose a complete state-of-the-art TE framework that is able to

effectively integrate within four components.

Another problem is that it is often not clear what is the practical benefit of constructing the TE
framework in real life. Often, the benefits of end-users from TE frameworks are explained in the

literature, whereas, there is no clear benefit for DSO and providers of TE systems. These bring to
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the debate of economic feasibility of TE systems. In the current work, the financial advantages of

the proposed TE framework for all major stakeholders will be considered.

The last problem is related to the regulation of the market considering physical constraints. In
the literature, one of the effective solutions is utilizing the DLMP parameter. The DLMPs are often
associated with a fair price regulation mechanism for markets in distribution systems. However,
to the best of the author’s knowledge, there is no work that absolutely integrates DLMP into the
TE framework. Therefore, this work will bring a novel TE framework with highly integrated

components such as DLMPs, agents, market, and physical layer.
1.3.  Aims and Objectives

The primary aim of the work is to develop an integrated TE framework for distribution systems.
It is essential to consolidate four key enabling components of TE systems which are: end units
(players), physical topology (distribution network), market (regulation, scheduling), and
communication (multi-agent systems). To integrate four components of the TE framework certain
steps were made. Firstly, the role of players should be determined, in this work players are cyber-
physical (or virtual) agents that can participate in the TE market as energy buyers or sellers.
Therefore, the strategy for each player agent should be developed and effective communication
with other agents in the multi-agent system should be explained. Another objective is to clearly
demonstrate the communication of agents when they are actively participating in the TE market.
Since one of the challenges written in the previous subchapter was the integration and benefit of
DSO and other stakeholders their role, communications, and benefit should also be explained.
Overall, the players, market, and communication should be highly integrated. Furthermore,
physical network constraints should also be integrated into the whole system. To integrate the
physical system DLMP parameter have to be introduced. Unlike, in another system, DLMPs are

directly associated with player agents and accounted in the TE market.

Despite, the integration of four key elements there are still some limitations that can be solved
intuitively. The constrain defining one agent for each energy unit limits subjects that control
multiple energy units, besides this constraint disable multiple energy units in one node. These

constraints can be overcome by consolidated strategies and the addition of shadow nodes.
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1.4. Novelty and Contribution

Most of the proposed TE systems in the literature [1]-[9] are based on decentralized power
exchange and offers benefits for all market participants while utilizing the energy harvested from
renewables efficiently. However, those TE systems are only feasible when the major parties like
DSO and TE service providers altruistically refuse to have profit. Therefore, this work introduces
a novel method by utilizing a special “nodal earn component” that supports building an effective
TE framework. The nodal earn component indicates profit made by each node per one kWh of
energy while participating in the electricity market. The node is usually supervised by one of the

player agents: Load Agent (LA), Generator Agent (GA), and Flexible Agent (FA).

The work proposes a method of distributing this nodal earn component to satisfy major TE
network stakeholders. Also, individual risk-based bidding strategies are developed for player
agents. Besides, the concept of Value of Player (MVP) is proposed as an additional market
regulation tool to discourage under-bidding and over-asking. This tool also supplements the idea
of rescheduling the nodal earning component. The proposed TE system offers congestion

management by utilizing DLMP metrics.

The major contributions of the work are listed below:

« Enhanced Multi-Agent-Based TE trading architecture with a high level of
integration of the energy market to energy scheduling.

« A customized Risk-Based bidding strategy for trading agents such as consumers,
DGs, and energy storage systems Transactive energy scheduling with congestion
management, and loss reduction.

« DLMP based energy market with 3 cost components that encourage fair process,
loss and congestion reduction in distributed systems.

« Anovel TE profit (earning) management, called MVP based earning distribution,

with the inclusion of the share of TE stakeholders.

1.5. Thesis Outline

The rest of the master thesis work is organized as follows. Chapter Il proposes the literature
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review on the points of issues related to the following work. Chapter 111 represents the details of
the proposed DTEMS architecture and the designated roles of various agents. The energy market
structure and the TE model followed also represented in Chapter I1l. The case study system is
presented in Chapter IV, whilst simulation results and discussion are provided in Chapter V.

Lastly, Chapter VI shows the insights of the overall work.
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Chapter 2 — Literature Review

2.1. Agent Theory and Multi-Agent System

The trend related to the integration of the smart systems for simplification processes related to
the system control, interaction of the separate systems, as well as providing interaction between
the systems and giving the self-control for the different units leads to the improvement of the
systems. The creation of the agents is used to solve problems related to the systems’ configuration
and moving in the direction of those improvements. The fact of creation agents for internal control
of the systems solves challenges related to the collision between the control unit related to the
centralized control of the system. On the other side, implementation of the agent-based systems

limits information collection to one point or saying in particular to location limitation [10] — [12].

e Schedule _ _ _ ___ R
TOffers TBids/oﬁers
GA FA
Generators Storages
A A
------- Rie ao- 00 00 60 00 G5 05 GD b 40 05 @6 G - @8 Sl 6560 e (o) SR - G0 b . N, GO G} S @ 9090 A

Figure 2.1.1. Multi-agent system’s communication
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The agent-based systems are giving the ability to transition to the human-free self-sustainable
models, where agents are acting as controlling models and used to represent the system for the
outside world. The application of the agents also includes an agent to agent communication, where
agents will follow the assigned roles in the communication process. Following the instructions
preassigned for the agents gives the ability to maintain the system in the working conditions [13].
The example of the agent’s communication is represented in Figure 2.2.1, which represents the
system represented in the following work. The FAs, Las and Gas represented in the figure are
represented by the agents for the other parts on the system, where DSO and LMA also represented

by their agents.

The system represented in Figure 2.1.1 depicts also called the multi-agent system, where
different parts of the whole structure are represented by their agents, and the communication
between the agents is allowed according to the preassigned structure. Authors in [14] state that the
formation of the autonomous structure implies of implementation of the multi-agent system with
desired coordination and cooperative connectivity between the agents. The implementation of the
multi-agent system is also can be used for the autonomous action of the different agents with
independent actions without combined work, as represented in [15]. In [16] the low of control
includes the requirement of assigning agents to the appropriate units. All of the opportunities
gained by the agents achieved for the local maximization of the unit, which as well can lead to
system optimization and achieving the goal without any unexpected types of failures.

2.2. Transactive Energy systems

Increased penetration of renewable energy-based pluggable and Distributed Energy Resources
(DER) causes distribution systems transformation. The pluggable resources include DERs,
Electric Vehicles, microgrids, and prosumers. A promising solution represented as a coordination
mechanism among all smart energy resources of the system is widely known as Transactive Energy
(TE) [1]. TE is the new effective approach in providing control of energy flow and exchange
concerning market-based standard values of the energy. TE improves system reliability, thus
enables the optimal integration of green DERSs using negotiation contracts among stakeholders and
enhances the renewable energy hosting capacity of the distribution system [1]. However, the TE

system must be reliable and transparent to all the players and stakeholders in the system. In the
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current literature, various TE approaches have been reported [2]-[9], [17]. For instance, the authors
of [2] have articulated the shortcomings of the existing methods and proposed a new framework
to integrate TE optimally into a coupled natural gas and power system. For this, the overall system
is modeled as an agent-based Virtual Power Plant which participates in day-ahead and real-time

markets and regulates profit and energy imbalances.

Similarly, another article [3] proposes a framework for the day-ahead transactive market. In this
framework, Distribution System Operator (DSO) participates in wholesale electricity market
operations to trade the TE and interact with distribution level prosumers, including microgrids,
DERs, load aggregators and demand response aggregators. Upon obtaining all the responses from
local aggregations, DSO determines the distribution of DLMPs and payoffs. The work in [4]
suggests a transactive energy framework for the optimal scheduling of DERs in a virtual power
plant. The schedule of DERs obtained as an off-line solution is adjusted to minimize the real-time

imbalance.

Reference [5] proposes a smart contract based on Ethereum blockchain. In this approach, the
smart contracts enable energy producers to sell the excess of energy to the highest bidder through
a Vickrey second price auction. Authors in [6] present a similar approach, where they introduce
different contribution metrics to rank the prosumers by their energy production and consumption
profiles. The TE is scheduled so that prosumers with higher metric gets the more substantial
benefit. A similar work dealing with assigning priorities to the prosumers is presented in [7], where
the priorities were defined based on the energy shortage and game theoretic strategy to maximize

the profit for all parties.

It is important to note that the TE models strongly rely on a reliable communication network
and require distributed computing environments such as Multi-Agent System (MAS). Power
system experts widely discuss the application of MAS to TE market management systems and
some significant approaches have been reported in [8] - [9], [17]. For example, transactive energy
management systems (TEMS) to control flexible loads, EVs, generators, and energy storage
systems were proposed in [8]. In which a heuristic iterative multi-agent method was used for
TEMS, where the authority to make a decision is given to all customers. The work in [9] has
proposed a hybrid model for energy scheduling for multiple microgrids. Similarly, in [17] a

comprehensive agent-based energy management system for multi-microgrid networks is
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presented, which aims at reducing the energy imbalances using DERs, such as Demand Response
(DR) and Distributed Energy Storage Systems (DESSs). Another approach in [18] utilizes DLMP

for transactive energy management in distribution systems.

Multiple attempts towards the establishment of TE markets were made by authors working in
power engineering, information technology, and data science fields. Some works are focused on
power infrastructure, other related to communications, also some works emphasize auctions and
game theory. In the literature review, different TE approaches have been found for Research
Proposal [19]-[24]. For example, the authors in [19] have proposed a structure to incorporate TE
optimally into a coupled distribution system with multiple microgrids. The architecture includes
inter-Microgrid market trading in day-ahead and continuous markets. However, the centralized
approach used in the article indicates a single point of failure and potential malfunction in the

continuous market clearing.

To address a single point of failure, reference [20] proposes a smart contract based on the
decentralized blockchain platform. In this approach, the smart contracts enable energy producers
to sell the excess of energy to the highest bidder through a Vickrey second price auction. Authors
in [6] present a similar approach, where they introduce different contribution metrics to rank the
prosumers by their energy production and consumption profiles. The TE is scheduled so that
prosumers with higher parameter gets the more substantial benefit. However, the current work is
limited to a small system with only a few players and does not consider prosumers like battery
systems or electric vehicles.

Optimally scheduling prosumers like electric vehicles in the distribution network is a major
challenge in TE model development. The work in [21] suggests a transactive energy framework
for the optimal scheduling of Electric Vehicles (EVs). The objective is to quickly respond for
power imbalances and adjust Electric Vehicle schedules accordingly. In contrast, reference [22]
presents a multi-agent TE management system that schedules not only electric vehicles but
renewable energy sources and batteries. The scheduling of these DERs is performed on the IEEE-
37 bus feeder. However, these methods ignore some constraints related to flow congestion and

power losses.

A similar approach was used by authors of reference [23], where they proposed a multi-agent

based TE model for managing Virtual Power Plants (VPP). They have adopted the standard day
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ahead market to estimate the VPP schedule and bidding in the market. Another article [24]
proposes an optimization model with the integration of Distributed Energy Resources (DERS) into
distribution systems with consideration of real-world network constraints such as losses and
voltage violations. However, authors have adopted the traditional Economic Dispatch algorithm
which is not as flexible as the auction model. There are also other articles about the TE

environment, some of them talk about modeling TE systems.

The existing literature is lack of integrity regarding modeling feasible TE environment. The
primary reason is that authors who write articles have different backgrounds: math, computer
science, electrical engineering. Where some authors advance on modeling DER schedule
optimization algorithms, others prefer to model on network optimization. To address this problem,
some article has suggested multi-agent based TE models [19], [24]. In the multi-agent approach,
different agents perform different tasks related to optimization. However, these articles are lack of
novelty regarding modeling. Modeling was adopted from existing standard ED or OPF

optimization models.

To address abovementioned limitations authors, suggest focusing on intelligent multi-agent
based TE system with advanced modeling for different agents. In [6] authors have already adopted
the multi-agent approach with auction models. However, some network constraints like power lose
were ignored, and the internal optimization model for agents is lack of complexity. Therefore,

there is still a demand for both a feasible and advanced TE model.

For a feasible TE model, authors suggest including the real-world constraints and provide proof-
of-concept by simulating in existing distribution systems like IEEE 14, 30, 37, 118 bus systems.
Moreover, the TE model must be fair for every stakeholder in the system. In addition, the proposed
model should be resilient and scalable. The model should be able to handle the complexities
brought by higher DERs penetration in distribution systems.

2.3. Bidding Strategies

Restructuring of the traditional power industry, which is started at the beginning of the 90s, was
aimed to introduce transparent competition in the power markets. The creating of the mechanisms
to trade openly gave the ability to improve economic efficiency and stabilize the electricity

exchange. Ideally, the mechanism of the market used to manage and control energy trading and
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tries to maximize the social welfare of the market participants by avoiding possible loopholes for
cheating. To say in a more simple form, the well-designed market should be able to identify the
monopolistic unit and try to concentrate on the small units of energy production. The barrier to
enter the market can be categorized, where the large size of the trader can be not accepted [25].

From the side of the market participants, the main objective is proper identification of the
bidding strategy for achieving the benefit of market participation. Many types of research propose
different bidding strategies, where some of the states that investigation of the sealed bid auctions
with the steady level pricing can be considered as an optimal strategy [26]. The first work, which
raised the question of the bidding was the [27], where the analysis of the power generation units
was provided for the proper identification of the optimal bid selection pattern. The authors of the
work assumed that each generation unit can be considered as the block with the constant price for
the energy generation, and the system for simulation was selected with the symmetrical demand
variation. The authors identified the bidding model with modification of the random generation,
where the bid prices were varied according to the dynamic parameters of the generation units,
where the unit commitment costs also were taken into account. The work, represented in [28]
proposed simple suboptimal bidding, where only two auction participants were taken into account.
Unfortunately, after a short analysis, it is able to identify, that the number of market participants
cannot be increased, and it is not possible to extend the proposed bidding and market architecture
to the general market system with several participants.

Some works aimed to introduce the bidding based on the implementation of artificial
intelligence, where the purpose was to ensure that the bidding history of the market participant
will play into the hands. An example of this is the use of neural network technology, where the
data bank is the main engine of progress. The first trading round for every market’s participant, in
this case, should be done as the random bidding, till the moment when the neural network will be
able to generate a new price for bidding [29]. Authors in [30] criticized the idea of the
implementation of the random bidding, even as the first steps of the market rounds, and proposed
the two-level optimized bidding. The first level in the bidding optimization is the identification of
the constraints of the system and limits of the possible bidding. The second level of bidding
optimization is depending on the objectives of the units. Thus, in case if every unit wants to

maximize the social welfare, the bid values are identified in the consolidated form, where the
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estimation of the bids is made after consultation with other units in the system. Those systems
main assumption is that every unit will bid honestly, without trying to deceive other market

participants.

The bidding model for the units participated in the energy market can also have a form of the
uniform price clearing, where the probability of winning in the auction depends is identified
according to the previous MCP. The bidding, in this case, is still done as the random generation
between the acceptable limits, while the main change is done in the limits directly. Thus, auction
participants will not try to submit bids that will be lower than the previous MCP, as it will not

result in any positive aspect for the participants [31].

In the case of the Continuous Double auction, where generation units submit their bis prices
and load units submit their ask prices the financial intuition for the market participants should be
taken into account for the development of the bidding model. The authors of [32] propose the use
of the Zero Intelligence bidding model, where agents participating in the market will ignore the
situation in the market and identify bid and ask prices as a randomly generated, based on the
uniform distribution between the given limits. The proposed zero intelligence approach is
extremely simple and does not provide high efficiency, however, it can be used as a profitable
trading tactic. Modification of the Zero Intelligence bidding strategy is called a Zero Intelligence
Plus bidding strategy and mainly aims to determine the more profitable bid and ask prices. The
margins of the uniform distribution of the improved strategy depend mainly on the market

conditions and can be modified using different learning functions [33].

Other bidding models for the energy auctions can include belief-based bidding or using fuzzy
logic for identification of the bid and ask prices. Besides, authors in [33] proven that Zero
Intelligence Plus based bidding is more profitable compared with the abovementioned techniques.
Unfortunately, the Zero Intelligence Plus bidding does not consider any risk associated with the
bidding and characteristics of the auction participants bid and ask prices do not include an
eagerness to win, rather only participate in the trading. The strategy that solved this issue is called
as the Risk-Based bidding (RBB) strategy [34]. The asks and bids in the RBB developed with
considering the risk related to the agents, and selection depends on the past experience of the

players. Results of [35] proven that the RBB can demonstrate the effectiveness of the bidding
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model-based prices selection for the double auction, and moreover shows that RBB brings

experimental balance for the trading process.
2.4. DLMP fundamentals

Distribution Locational Marginal Pricing concept usually refer to formulation of energy prices
in distribution systems for both energy buyers (loads, demand responses, HVAC) and energy
sellers (distributed generations, batteries, etc.). The price formulation considers not only energy
costs (A7) but also other costs associated with losses (1/95%), congestion (1€°™), voltages (1V°%),
and reactive power (1?2). The DLMPs are subject to continues change due to dependencies of its
components to any change in distribution systems. E.g. when one node in distribution system starts
to inject more energy, it affects the losses in the system and maybe cause of congestion in some
lines. Therefore, DLMPs despite having potential to become advanced incentive mechanism for

energy players in distribution systems are difficult to effectively track and utilize.

In the literature, authors from [36] propose DLMP decomposition into 3 sectors. Namely,
Energy Cost Sector (ECS), Voltage Cost Sector (VCS), and Loss Cost Sector (LCS). They have
analyzed economic effect of DLMPs on distributed resources in case of Demand Response and
Voltage stabilization. The case study on 10 bus feeders was conducted, the primary finding was
that DLMP based power markets can help in efficient operation of distribution systems. Where

DRs are critical causes of reduction of DLMPs in network.

Another interesting work reported in [37] suggest DLMP computation not only at each bus, but
for each phase. The rationale behind separate DLMPs for each phase comes from unbalanced
nature of distribution systems. The authors proposed new method of phase DLMP decomposition
method using three-phase current injection robust method (TCIM). The method initially uses
power flow to obtain voltage values then optimal power flow is conducted to get DLMPs. To verify
the results IEEE 13-bus feeder was selected. The results have shown that three-phase DLMPs can

be beneficial for active market participants like distributed generations and demand responses.

The complete day-ahead market model that utilizes DLMPs for congestion management and
voltage control were suggested by authors in [38]. Initially authors have developed market clearing
and scheduling model using optimization function with certain constraints. Then in market pricing

part DLMPs were obtained using sensitivity factors. Finally, they managed to decompose DLMP
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into five costs components associated with: active power, reactive power, loss, voltage, and
congestion. The proposed model was verified in IEEE 33 bus radial feeder, the effect of five
components of DLMPs was demonstrated. From the results it can be noticed that DLMPs have
capacity to alleviate congestions and provide voltage support.

There were some other articles [39]-[41] related to the role of DLMP in distribution systems.
E.g. authors from [39] attempted to trace DLMP using Lagrange multipliers from three-phase AC
optimal power flow problem, the results on 60-bus system have shown that DLMPs have potential
to drive the cost of energy down and assist in formation of power marketplace in distribution level.
In works [40] and [41] alternative approach of derivation of DLMPs were proposed. Where, in
[40] Jain’s fairness index based on DLMPs were utilized for regulation of social welfare in
distribution systems. The model was simulated in IEEE 37-bus system and it was found that the
model convergence without knowledge of generation or load parameters. Similarly, authors in [41]
has also proposed alternative method of tracing DLMPs using quadratic programming. The results
have shown that congestion in distribution system can be alleviated using the approach. Moreover,
quadratic programming for decentralized aggregators optimization results converges with

centralized DSO optimization, therefore, decentralized applications are possible.
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Chapter 3 — Methodology

3.1. Multi-Agent System Architecture for TE system

Conventional SCADA systems alone cannot handle the complexity added by high penetration
of pluggable DERs to the distribution system operation. To take complex decisions, Multi-Agent
System (MAS) based approaches are widely used. A combination of multiple intelligent agents,
which are operating interactively, becomes a powerful tool to improve the performance of complex
systems [42]. Since decentralized systems can compute tasks in parallel and do not have a single
point of failure. Moreover, the systems built using MAS are independent, highly reactive, pro-
active, and scalable. The proposed DTEMS also uses MAS as the underlying architecture over

which the TE model is implemented.
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Figure 3.1.1. Multi-agent based transactive energy management framework

The agent architecture of the DTEMS is presented in Figure 3.1.1. In this architecture, the
pluggable resources including prosumers are delegated and controlled by individual agents. These
agents target to achieve specific goals set by the owners, say prosumers and DERs. Therefore, as

shown in Fig. 1 the distinct loads, generators and storage units are represented by LAs, GAs, and
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FAs respectively. These agents broadcast their bidding strategies to TE Market Agent (TEMA),

which is accountable for scheduling the TE in the system. TEMA consolidates the received data

and passes to the Distribution System Operator (DSO) to obtain required DLMPs.
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Figure 3.1.2. Data exchange layout for agents in TE system
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DSO determines DLMP value for each node by solving the Optimal Power Flow (OPF)
described in detail in the latter section. Upon on solving the OPF, the congestion (1°™) and loss
(2!255) components of DLMP are determined and shared with TEMA including the nodal DLMPs.
Upon receiving the data from DSO, TEMA implements the proposed TE mechanism in which it
organizes the energy auction market using the bidding strategies collected from LAs, GAs, and
FAs, and determines the TE trading contracts. Figure 3.1.2 depicts the information exchange
process in the proposed DTEMS. It is worthy to note that all communication occurs through
TEMA.

The latter parts of the section detail the roles of the agents and their rational bidding strategies

to interact with the TE market.

3.1.1. Load Agent

LAs act as retailers or aggregators for the end-users with controllable low priority loads and
without on-site generation. In general, there can be multiple LAs representing end-users across the
distribution system. It is assumed that the end-users have Home Energy Management System
(HEMS), such as the system proposed in [44], to coordinate with LAs for effective integration and
trading of DR (NegaWatts). HEMS of the corresponding end-user executes the load operation
commands directed by LAs. The end-users submit the information about their flexible load’s
information to LA via HEMS.

Upon registering with an LA, the HEMS submits the sub-hourly load profile of the premises
along with the flexible load information set by the owner. This information includes power ratings,
operating time, target time before which the device must be operated. Using this information, LAS

clusters the loads into (P, (i, t)), low priority or flexible loads P, (i, t)), and least priority or super
flexible loads P (i, t)). Therefore, the total amount of power Py (i, t)) required by LA is given by
Equation (3.1.1).

P.(t) =XN, P(i,t), kelc, f,sf} (3.1.1)

where, N is the number of loads registered with the LA. After identifying the overall power

requirement, LAs determine the bids for each load group by following a bidding strategy called
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risk-based bidding (RBB). The bids for each load category have different levels of risk, i.e. the bid
for high priority loads carries low risk whereas the bid for the least priority load group carries high

risk.

3.1.2. Generator Agent

In the proposed DTEMS, GAs delegate the generators as energy sellers in the TE market. Based
on the data provided by the Distributed Generator (DG) owners, GAs develop energy offering
strategies. In the case of conventional generators, the energy generation is a quadratic function as

represented in Equation (3.1.2).

Ci(t,P) =Aj; xP?+ B P9+ C;y  Vie{1,2,...,Npg} (3.1.2)

where, Cl-(t, Pg) is the cost of energy generation by DG in (¢/kWh) during the market interval t
and 4;, B;,, and C;, are the corresponding coefficients of the cost model. GAs convert the cost
function into piece-wise-linear form and submit data as (E;, ask;) pairs to TEMA at the beginning
of each trading interval. In general, the energy offers may differ from the incremental costs of the
generators as DGs are profit-motivated and the model of the market followed by DTEMS is a
stable energy price market. Therefore, GAs change offers using a strategy that maximizes the
benefit of DGs in the market. Similar to LAs, GAs are assumed to follow the Risk-Based Bidding
(RBB) strategy explained in subsection 3.1.4 to choose and revise the asks progressively in the

proposed TE market.

3.1.3. Flexible Agent

FAs represent the pluggable resources that can draw the power from the distributed system or
feed the power into the system. Therefore, these agents express prosumers in the TE market. The
prosumers include end-users with on-site energy generation, Building to Grid (B2G), Distributed
Energy Storage Systems, such as V2G enabled Electric Vehicle (EV2G), and smart microgrids.
Prosumers such as EVs was found to be highly effective for DR programs in energy markets [44],
and transactive systems [45]. In case of supplying energy to the grid, prosumers act as the energy
sources and the corresponding FAs takes the role of a GA and calculates the energy offers based
on the incremental costs provided by the end-users or the cost of accumulated energy in case of

storage systems.
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In the case of drawing energy from the system, the FAs take the role of the LAs. If the prosumers
have flexible loads, then accordingly FAs choose the priorities and bids as described in subsection
3.1.1 of Chapter 3. In the absence of flexible loads, the whole load demand is assigned high priority
and place in the market with the corresponding bid. In both cases, FAs follow the risk-based

bidding strategy described in subsection 3.1.4 of Chapter 3 to quantify the bids.

3.1.4. Risk Based Bidding

The TE trading agents participate in continuous double auctions conducted by TEMA and use
RBB as a bidding strategy. This strategy allows agents to place bids according to the degree of
risk. In this strategy, player agents do risk-return tradeoff. Players that are looking for higher
momentum profits has a lower probability of winning transaction. This strategy is determined by

target price 1, which is derived from the risk model and price estimate p *.

Each TE trading agent that participates in TEMA has a limit price [;, that indicates the
maximum price the buyer is willing to pay or c;, minimum price seller agrees to sell for. The first
auction round starts when all agents submit their bid and ask prices. When the bid of the buyer is
higher than the ask of a seller the transaction pairs are formed. In every auction, round buyers and

sellers submit bids according to Equations (3.1.3) and (3.1.4) respectively.

; 0p + (min{ly, 04} — 0,)/n  if 1st round
bid; = { ’ e 3.1.3
i op + (T —0p)/n otherwise (31.3)
ask, =190~ (op — max{cjx, 0p})/1  if 1st round (3.1.4)
! 0q + (0 —T)/7 otherwise o

where 7 € [1, «) is a constant, that determines convergence of bids toward transaction price and t

is the target price.

In other auction rounds, LAs, GAs, and FAs estimate their target price 7 for the loads based on
risk - r(t) and eagerness - Eag. The current risk factor for the next auction round r(t+1) is estimated
by Equation (3.1.5).

r(t+1) =r(t)+Eag*(6() —r(t)) Vie{l,2,..,Nps} (3.1.5)
where, Eag € (0, 1) is an eagerness to secure round, and 5(t) is the desired risk factor, which found
by Equation (3.1.6).
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§@) =(1+0)p, A= (—kk) (3.1.6)
where, p is risk factor for the last bid, and k is the step size.

In case when a player fails to win transactions, he becomes more eager and rises a bid to secure
the chance of winning in the next transactions. The proposed eagerness model, represented in the
Equation (3.1.7), is subject to current trading interval t;, deadline when the player must finalize

bid/ask tp, and operation time for the load/generator t,,,.

Eag = EF = (t;/(tp — top + 1)) (3.1.7)
where, EF € (0, 1) is an eagerness factor indicating traders' bias towards eagerness. Lower priority
loads can rise priority when load switches the state to a higher priority as the deadline approaches.
E.g. low priority load - a washing machine that has to run for 3 hours in any interval from 1:00 pm
to 11:00 pm, does raise its priority when a deadline (8:00 pm) is approaching. If the LA did not
manage to win auction rounds for any period from 1:00 pm to 7:00 pm it automatically rises
priority of the load in auction rounds from 8:00 pm to 11:00 pm interval. The sample bidding
strategy for 3 categories of the load is provided in Table 3.1.

Table 3.1. Bidding strategy for LAs

o ) Eagerness o _
Load Bid in 1%t round Risk Priority Rise
Factor
C1 High Low High Impossible
) ) Depends on )
Cc2 Medium Medium Possible
load
) Depends on )
C2 Low High Possible
load

Target price t is estimated based on the risk model, where the estimated price p* is found
according to the moving average method with respect to the history of past transactions. More
details about the moving average method are presented in [46]. Target price for buyers’

adjustments reflecting past sales is given in Equation (3.1.8).

T= {(z TN yren (3.1.8)
ik

—p)*x(A-(r+1D*e™) +p* ifre(=10)
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where k = (p* *e™%) /(I —p*) — 1

Target price for sellers is given in Equation (3.1.9).

e e

p*+ (" —gIrxektif r e (=1,0)

where k = log[(a™* —p")/(p" — cjx)] — 6, and 6 € [—1, o) is function indicating the rate of change

concerning risk. A lower value of 8 means higher the cost of the gradient
3.2. Transactive Energy Model

This section presents the novel TE scheduling method with the congestion management model.
It also includes DLMP based auction algorithm for scheduling TE and application of nodal earning

component.

3.2.1. Problem formulation

The primary objective suggested to follow by DSO for TE scheduling is to reduce costs by
minimizing losses, maintaining power balance, and avoiding congestions and voltage drops. In
addition, the network topology should be operating with a radial topology. The objective function
is given by Equation (3.2.1).

Fopj =min Y, C; * Py (3.2.1)
The constraints for the objectives are provided from (3.2.2) - (3.2.11).

The system balance constraints:

NS PP — TR P — Piogs = 0 (3.2.2)
Line limits constraints:
Y1 Ski * Py < |PLy| (3.2.3)
The GA capacity constraints:
Pinin < PE% < Plnax (3.2.4)
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The LA demand response constraints:

Pinin < Pi* < Pipax (3.2.5)

The FA operation constraints:
0< P4 <piie (3.2.6)
0 <P <P (327)
Eip = Eyema +0fRLY — (U/nPLY (3.2.8)
ER % SOC; min < Ei¢ < ER *SOC; min (3.2.9)
Eit—r = Eit—o (3.2.10)

The voltage constraint:

ymin <y, < ymex (3.2.11)

For TE scheduling it is necessary to ensure that physical constraints are not violated. Moreover,
it is practical to support nodes that help to reduce losses and congestions in the network. Therefore,
in this work, DLMP components derived from objective function outcomes are integrated into the

auction mechanism. More details are provided in the following sections.
3.2.2. Transactive Energy Scheduling

TEMA collects strategies from LA, GA, and FA to conduct the electricity market by negotiating
with DSO regarding nodal prices and running a double-sided auction.

For the proposed TE scheduling model the first step is DSO conducting Economic Dispatch
after receiving LA, GA, and FA strategies from TEMA. After this step, the network is ready to
respond to potential contingencies by utilizing obtained DLMP metrics by rescheduling LA, GA,
and FA strategies. In the case of an uncongested network, the energy dispatch remains unaltered.
In the case of congestion, the proposed TE model deploys demand response through the

rescheduling of resources of LAs, GAs, and FAs.

33



3.2.3. DLMP based market formulation

From OPF results conducted by DSO Locational Marginal Prices for each node in the network
can be derived. Locational Marginal Price modeling is used for economic scheduling of energy
considering congestions and losses in a distribution network. When DSO identifies congestion in
a system, it can request TEMA to deploy the DR program by rescheduling LA, GA, and FA.
Therefore, energy for these agents is scheduled in a way to reduce congestions in lines according
to their Power Transfer Distribution Factor (PTDF). PTDF identifies critical nodes that can assist
in relieving congestion in the monitored line. The requested energy capacity - P£ from individual

LA, GA, or FA is used to relieve congestion by APL, is:

PE = APL, * PTDF, (3.2.12)
APL; = |PL;| — PL"® (3.2.13)
PTDF, = AP, ; /AP, (3.2.14)

where, PL, is power flow on congested line, PLT*** is the capacity of the branch I. AB,, is power

change at bus m caused power to change on the branch AP, ;.

The proposed OPF based auction algorithm utilizes DLMP, which is a nodal price model after
including 1) 4, — the cost of energy in the node; 2) A¥ — the price of losses paid by the node; 3)

A5°™ — the congestion price paid by the node. i.e.
APIMP — 2+ b + Afom (3.2.15)
Ay = dCy(P,)/dP; (3.2.16)

where Cp is cost functions submitted by GAs, and FAs, Py is the energy received at bus k. Loss

component of LMP is derived:
A=—-1. X LF, = =2, X (dL./dPL)) (3.2.17)
L. =YY", F?Z (3.2.18)

where:
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Fr=Yr 1a,;* Py (3.2.19)
ayi = (Zni = Zmi) /2 (3.2.20)

where LF, is the loss factor at bus k, PL; is the line flow at branch I. « is the line sensitivity factor
of line I, where z,,; and z,,; are self-impedance of two ends of the line. Congestion component of
DLMP can be derived:

A7 = Yii(ay; X TLy) (3.2.21)
TL,=nt—n~ (3.2.22)

where T, is total cost variation with 7* and without 7z~ line limits in line I. Where r are Lagrange

multipliers of line limit constraints.

To model the DLMP based electricity market, a concept of nodal Market Clearing Price (157¢¢)
is introduced. Where nodal MCP indicates real price paid by the node to receive one unit of energy.
This price is calculated by considering market clearing price and DLMP parameters like loss and

congestion components.

i MCP
Af”ce — l_TAiDLMP (3222)

where, A77i@ is the market-clearing price at node i, AP“MPis the locational marginal price at bus i,

A, is the cost of energy in bus r.

Market Clearing Rate - R is a scale factor obtained by scaling prices till last accepted ask equals

to its nodal price.

R = max; (07" /2,) (3.2.23)

p,LA
i

where, o is the price of last accepted energy ask price from seller i, 4, is the marginal energy

price at bus r.

3.2.4. Nodal earning component

TEMA conducts DLMP based double-sided auction (Figure 3.2.1), where buyers and sellers

get earning through participation in the market. Nodal earning component - A7*"™ represents the
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difference between nodal MCP and offer (or bid). The area of Es;*A{*™ in Figure 3.2.1 is

additional revenue made by seller i after participating in the market.

IC (¢/KWh)

—

‘ Offers

Eby{ Eb, (Eby Ebs i FEbs | Ebg
MCP A : F- : : : :

Bids
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_}‘_1 Earn
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Figure 3.2.1. Double auction and earning component

Therefore, in the proposed approach these extra earnings can be used as a promotion tool for

transactive energy implementation.

Algarn — MA—C;PA%MP _ /’lr (3.2.24)

where, AFM* is the locational marginal price at bus i, 4, is energy price at bus r.

It is essential to encourage agents to contribute to system betterment by providing incentives to
valuable contributors and depriving non-contributing agents. Therefore, evaluation of the
performance of agents is necessary to identify real contributors to the market. A{*"" parameter

evaluates individual contributions of LAs, GAs, and FAs to the whole system. In the proposed
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system personal contribution is considered high when |17%"| is relatively large compared to other
inputs. There are five levels of agents utility according to A{*"™: most valuable player (MVP), the
second valuable player (SVP), the third valuable player (TVP), the least valuable player (LVP)
and non-valuable player (NVP).

Probabili

A
TVP.
50%
M LVP SVP.
16% 16%
-2.366 -1.996 0.675 1.345 >
Z-SCcore

Figure 3.2.2. Value of agents based on contribution

Allocation of all agents is performed using the normal distribution to categorize contribution
(Figure 3.2.2).

z= (4" -w/o (3.2.25)

where z is normally distributed random variable used for standard normal distribution function,
A4 is the value that is being standardized, x is the mean of the distribution and ¢ is the standard

deviation of the distribution.

After ranking agents to a particular player value level, 174™ are assigned as 100% honored for
MVP, 75% for SVP and with a decrease of 25% for every other player value, so for agents located
in NVP range; there is no extra profit. The ones, who submitted low bids or help to clear
congestion, have a higher chance to get a high value of earning component and, thus, to be elected
as MVP.
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Through this method, a system has money for stable TE framework operation, due to an
adequate amount of revenue to be distributed among stakeholders such as DSO and TE service

providers.
For nodal earning components the share is decided individually by each node:
A = (a;+ b + cHAY ,ViEN (3.2.26)

where, a;, b;, c; € [0.00, 1.00] are elements of TE stakeholders that have shared in earning, where,
a is a share of players, b is a share of DSO, and c is a share of TE service providers. The primary
objective is to build a reasonable and reliable TE framework that satisfies all sides. TEMA is the
governing agent for optimally scheduling incentives among stakeholders and executing the MVP
algorithm.
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Chapter 4 — Case Study

IEEE 33 bus feeder is selected as a physical topology of the system. Optimal locations for
generator and storage elements in the distribution feeder is determined using the autoadd command
in OpenDSS.

A wide variety of distributed energy sources with different power profiles that are comparable
with the radial network were selected to demonstrate the feasibility of the TE framework. In the
given system some nodes have implemented MAS and eligible for participating in the proposed
transactive energy framework. Player agents supervise renewable energy sources, in particular,
LAs supervises EV, and various DESS, whereas GAs oversee HVAC and other controllable loads,

and FAs manage microgrids.

DG — Distribution Line
----Tie Line
2930 B132 38 . |
SO : X
if\GI’id, 1 1:0 1'1 1?2 113 14 1151:6 17,18
- : O
-------------------- . Prosumer

Figure 4.1. Modeled IEEE 33 bus system with generation, flexible and prosumers

In trading time interval 4t LAs, GAs, and SAs are submitting bids and offers to TEMA based
on their strategy. Table 4.1 shows generator offers, and Table 4.2 shows bids submitted by loads.

Table 4.1. Generator offers

Block 1 Block 2 Block 3
Bus Type
kW || kWh kW || kWh kW || kWh
1 GSP Inf|| 5.0 - -
3 Solar 9 || 3.0 - -
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4 EV 12 2.0 24 4.2 24 8.0
17 Battery 12/ 2.0 24 4.4 2419.0
13 Wind 96 || 2.0 - -

31 Controllable 50| 2.0 50| 6.0 50| 8.0

Agents develop their strategies to obtain
maximum individual profit based on
supply/demand forecasts

&
«

ﬁading interval t begiy
.

TEMA collects strategies (energy and
bids) from agents: LA, GA, and FA.

%

Next trading
interval

<
4

y

TEMA runs double auction based on
submitted agent strategies

\ l /
TEMA sends results of auction (schedule)\
to DSO

\ J

|

S A\
DSO conducts ED w/o line or voltage
constraints. In case of congestion DSO

errange tie line switching based on LODF.)

!

( DSO runs OPF problem and announce :
locational marginal values: A',
ACon pLoss and ALMP to TEMA

\. J

Y
(TEMA clears auction round and estimate\

nodal earn component values A€3™ for

agents

3 J

Yes

Request for
new round?

MA confirms optimal schedule for agents
and schedules nodal earn component

A3 to involve TE framework
stakeholders

Y

Nodal earn component A, is

rescheduled according to player value
based on normal distribution curve

v

(LMA declares and distribute incentives for)
TE stakeholders including players, DSO,

g

\.

TE framework providers and others

Figure 4.2. Flowchart for the TE framework
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Table 4.2. Load bids

Block 1 Block 2 Block 3
Bus Type
kW || KWh kW || kWh kW || kWh
7 HVAC 40|/ 10.0 30|/ 7.0 30| 6.0
15 EV 20 10.0 20|5.0 20 2.0
30 Industry 100 || 10.0 50| 6.0 50| 5.0
2 GBP inf|| 3.0 - -

Based on the submitted bids and offers TE runs OPF-based smart market to determine winner

and loser blocks.
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Chapter 5 — Results and Discussion

Market simulation for the 33-bus radial feeder is conducted using Matlab. Branch 2-3 is set to
have capacity PL, 3 = 3.06 MW.

OPF based market results are shown in Table 5.1.

Table 5.1. Market results

APrice Revenue Earning Aearn

Bus Pg (kwh) Cost (¢)

(¢//kWh) (¢ () (¢//KWh)

1 2760.7 5.000 13803.5 13803.6 0.0 0.000
3 96.5 5.671 547.2 289.5 257.7 2.671
4 36.0 5.715 205.7 120.0 85.7 2.382
17 36.0 6.056 218.0 120.0 98.0 2.722
13 96.5 6.019 580.9 193.0 387.9 4.019
31 83.9 6.000 503.4 4715 31.9 0.381
7 -100.0 5.884 -588.4 -999.8 4114 -4.114
15 -20.0 5.000 -100.0 -200.0 100.0 -5.001
30 -100.0 6.000 -600.0 -1000.0 400.0 -4.000
2 0.0 5.017 0.0 0.0 0.0 0.000

OPF results include locational marginal components A,., A%, 2£°™. These marginal components

of DLMP for agent deployed buses are shown in Table 5.2.

Table 5.2. Nodal marginal components (DLMP)

Bus 2, ACon A ALmP JPrice Jearn
1 5.000 0.000 0.000 5.000 5.000 0.000
3 3.000 0.343 0.059 3.402 5.671 2.671
4 3.333 0.383 0.093 3.810 5.715 2.382
17 3.333 0.412 0.291 4.037 6.056 2.722
13 2.000 0.245 0.163 2.408 6.019 4.019
31 5.619 1.943 -0.819 6.743 6.000 0.381
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}\earn

7 9.998 1.186 0.582 11.766 5.884 -4.114

15 10.001 -0.001 0.001 10.001 5.000 -5.001
30 10.000 0.790 1.210 12.000 6.000 -4.000
2 3.000 0.000 0.010 3.010 5.017 0.000

Results of the OPF-based market provide the optimal schedule for players. Earnings of market
participants are considered as pure profit. However, in the real world, these earnings should be
redistributed across multiple stakeholders. The significant stakeholders’ such as Players, DSO, and

TE providers were selected as in Figure 5.1.

Player share ® DSO share ® TE providers

5.001
)
4
3
2.345
2.010 2.000
. 1.608 i 1.600
1.335 1.361 :
1.191
1.068 Sana 1.089
1
267 238 272 -402 0092.228 . 354 6.000 400
0 — - - e il Il o000 -
3 4 17 13 31 ; 5 3

Bus Number

Figure 5.1. Distribution of marginal earn component

The schedule for distributed energy sources that have participated in the market includes the

A4 component that is subject to rescheduling.

When rescheduling the 1¢4"™ parameter, Players' incentives were subject to the value of a player
in the market. The player is considered as valuable when it has a relatively large A°*"™ parameter.
Higher A°4"™ parameter for GA indicates lower offers, and for LA, it is higher bids. Therefore,

these players are considered valuable for the market and eligible to become MVP. The scheduling
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A4 component is given in Fig.8. From these results it is seen that Bus 15 is MVP and has 100%
share for the profit, Bus 31 is LVP and has a 25% share, and other players are TVP with share
50%. Therefore, a;5 =1, az; = 0.25, a; = 0.5, where i ¢ Bus (15, 31) is inserted to Bus 17. The
share of DSO and TE service providers was chosen as 80% and 20% of the remaining schedule.

b15 = C15 = 0, b31 = 06, C31 = 015, bi = 04‘, Ci == 01, Wherel & BUS (15, 31)

The proposed TE framework is a feasible solution to implement it within existing radial
networks with the support of DSO. The proposed player value management system attracts higher
bids and lower offers that lead to an overall decrease in electricity prices. This TE framework
ensures that agents submit an honest bid and offers since underbidding results in getting Non-
Valuable-Player (NVP) status with 0% player-share for incentives.

44



Chapter 6 — Conclusion and Future
Works

The proposed DLMP-based transactive energy framework is simulated on a modified IEEE 33-
bus radial feeder. The results have shown, that LMP based auction markets can be applied for
optimal dispatch and can assist in congestion management and loss minimization for the system.
The congestion relieving method using agent-controlled demand response was proposed. A novel
approach of utilizing A°¢"™ parameter is offered, this method is developed in a way to promote
transactive energy in distribution systems. The proposed method considers incentives for major

parties that are involved in the transactive energy network.

To regulate the market operations, the player value parameter was introduced to award the most
valuable market participants. It was proven that dishonest players that practice underbidding are
losing due to the risk of becoming LVP or NVP with low A" player-share. Also, the results of
the proposed framework have shown that MAS can assist distributed energy resource owners to

form onsite energy markets and participate.

In future work, the proposed TE framework should be implemented in laboratory-scale nano-
grid to test the feasibility of the model. Besides, it is also important to conduct simulation for a
larger period to verify the system in the long run. Moreover, more focus on FA modeling should
be provided, that could cover more effective battery utilization. However, the most important step
to further develop the current work is to start testing in special laboratories or small physical
regions. The author believes that the project can be executed in Kazakhstan’s distribution systems.
With the help of a local automated commercial energy meter manufacturer “Saiman company,” it
is possible to co-develop smart cyber-physical smart-meter. In addition, it is possible to cooperate
with Sigma Telas (Lithuania) company that provides a framework for Automatic Commercial
Energy Accounting (ACEA) for power transmission systems of Kazakhstan for the development
of decentralized TE framework suitable for the distribution system of Kazakhstan and CIS region

countries.
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1 8 & 4 @ @ 500 20000 1000 40000 1500 70000; %“Controlable
1 8 @& 4 -100 -10000 -78 -7000 -390 -3000 @ @; “HVAC

1 0 & 4 -60-6000 -40 -4000 -20 -2000 @ @;%EV charge

1 8 ©® 4 -30-3000 -20 -2000 -1 -100@ @ @; NIndustry

1 8 © 4 -2, -2000 -100 -1800 -50 -500 @ 08; %GSP

sl

%% convert branch impedances from Ohms to p.u.
[Pn, PV, REF, NONE, BUS_T, BUS_TYPE, PD, QD, GS, BS, BUS_AREA, W™, ...
VA, BASE_KV, ZONE, VMAX, VMIN, LAM_P, LAM 0, MU_VMAX, MU_VMIN] = idx_bus;

[F_BUS, T_BUS, BR_R, BR_X, BR_B, RATE_A, RATE_B, RATEC, ...
TAB' ﬂﬂﬂ', UI_SIATIIS, ﬁ, Qf, n: nrn "U..SE: m_ﬂ! Ll
ANGHTN, ANGMAX, MU_ANGMIN, MU_ANGMAX] = idx_brch;

[GEN_BUS, PG, QG, QMAX, QMIN, VG, MBASE, GEN_STATLS, PMAX, PMIN, ...
' , MULOMAX, MU_OMIN, PC1, PC2, OCIMIN, OCIMAX, ...
QC2MIN, QC2MAX, RAMP_AGC, RAMP_18, RAMP_30, RAMP_0, APF] = idx_gen;

[PW_LINEAR, POLYNOMIAL, MODEL, STARTUP, SHUTDOWN, NCOST, COST] = idx_cost;

Vbase = mpc.bus(1, BASE_KV) * le3; %% in Volts

Shase = mpc.baseMVA = 1e6; %% in VA

mpc.branch(:, [BR_R BR_X]) = mpc.branch(:, [BR_R BR_XI) / (Vbase~2 / Sbase);

%% convert loads from kW to MW

mpc.bus(:, [PD, QD)) = mpc.bus(:, [(PD, QD)) / 1le3;

mpc.geni:, [PG, 0G, QMAX, QMIN, PMAX, PMIN]) = mpc.gen(:, [PG, 0QG,QMAX, QMIN, PMAX, PMIN]) / 1e3;
mpc.gencost(:, [PW_LINEAR, NCOST]) = mpc.gencost(:, [PW_LINEAR, NCOST]) = le3;

ressmpe. gencost

Srunopf( 'bus33_new' )
Srunpf(*bus33_new')
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mkt.OPF = "AC';
mkt.auction_type = 1;
mpc = loadcase( 'bus33_new');
offers.P.qty = 9.08099999999x% [

@ 2000 4000;

960 0 0;

120 240 240;

120 240 240;

960 0 8,

500 500 500);
offers.P.prc = [

50 50 50;

20 45 70 )
sl.qty=1[60 @ Q];
%l.prc=[40 8 9];

bids.P.qty = 0.901%
40 30 390;
20 20 20;
108 50 50;
4800 2000 0;
% 0.000001 0 @
1;

bids.P.prc =

-

1;
[mpc_out, co, cb, f, dispatch, success, et] = runmarket(mpc, offers, bids, mkt);
reszdispatch
res2=mpc
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Part B. JADE codes

B.1. DSO code

package Tema;
import java.io.File;||

public class DSC extends Agent
{

float GSP, GBP;

String gsp. Ebp:

float OPF = @;

String opf;

protected void gbp()

ParallelBehaviour parallelBehaviour = new ParallelBehaviour();
parallelBehaviour.addSubBehaviour({new receive_start(this));
parallelBehaviour.addSubBehaviour(new run_OPF(this));
parallelBehaviour.addSubBehaviour(new send_OPF(this));
this.addBehaviour(parallelBehaviour);

class receive_start extends CyclicBehaviour{
public receive_start(Agent a){
super(a);}
Override
public veoid action() {
MessageTemplate mt=MessageTemplate.not(MessageTemplate.MatchSender(myAgent.getAID()));
ACLMessage msg=myAgent.receive(mt);
if(msg l= null){
if (msg.getConversationid() == "DSOPrices"){
gsp = Float.toString(GSP);
gsp = Float.toString(GBP);

ACLMessage msgl= new ACLMessage(ACLMessage.INFORM);
msgl.addReceiver(new AID("TEMA", AID.ISLOCALNAME));
msgl.setConversationId("GSP");
msgl.setContent(gsp);

myAgent,send(msgl);

ACLMessage msgl2= new ACLMessage(ACLMessage.INFORN);
msg2.addReceiver(new AID("TEMA", AID.ISLOCALNAME));
meg2.setConversationId("“GBP");
mzg2.setContent(gbp);
myagent, send(msg2);
131}
class run_OPF extends CyclicBehaviour{
public run_OPF(Agent a){
super{a);}
gOverride
public void action() {
MessageTemplate mt=MessageTemplate.not(MessageTemplate.MatchSender(myAgent,getAID()));
ACLMessage meg=myAgent.receive(mt);
if(msg != null){
if (msg.getConversationid() == "OPF"){
//Running OPF in the Matlab
OPF = 1;
opf = Float.toString(OPF);

11}
class send OPF extends CyclicBehaviour{
public send_OPF(Agent 2){
super(a);}
gOverride
public void action() {
//Sending OPF results to the MAtlab (actually data is already in Matlab,
//and this code is just to show communication)
if (opF 1= @) {
ACLMessage msg= new ACLMessage(ACLMessage.INFORM);
msg.addReceiver{new AID("TEMA", AID.ISLOCALNAME));
msg.setConversationId("OPFresults™);
msg.setContent{op¥);
myAgent . send(msg);
block();

923
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B.2. FA code

package Tems;

import java.do.File; |

public class FAl extends Agent
{

int level = @;

int val = @;

float bid, load;
String Bid, Load;
String results;
protected vold setup()

i
ParsllelBehaviour parallelSchaviour « new ParallelBehavicur{};

poralislfehavicys. sddSubbehaviour(new receive_stact{this));
perallelBehavicur . addSubBehavicur (new send_bid(this));
parallaliehavicer, addSubBehavicur(new send_load{this));
parallelBehavicer.addSubBehaviour(new rec_bid Ok(this));
parallelfehavicur . addSubBehavicur (new rec_losd_Ck(this));
paralleliehavicus, sddScdBehaviour(new rec_result(this});
this.addBehaviour(parallalBenavicur);

}
class receive_start extends CyclicBehaviour{
public receive_stort(Agent a){
super(ali}
#Ovarride
public void action() {
MessegeTerplate mtc=MessageTemplate, not (M geTerplate Matc (myagent  getald()));
AoLMessage msgemyAgent. recelva(nt);
1f(esg 1w mull){
if (msg.getConversationId(} == “TEMAStart®){
System,out.println{"FAl received message from TEMA regarding stert”™);
level = 3
val = 1;
block(};
nh

class send_bid extends CyclicBehaviocur{
public send_bid(Agent 2)}{
super{a);}
verside
public void action() (
if(level = 1) {
ACLMessage magls new ACLMessage(ACLMessage. INFORN);
gl addRecelver(new AID("TEMA"™, AID.JSCLOCALNAME));
sagl.setConversationld( FalBic”);
Bid « String.valueOf(bid);
ragl.setContent(Bic);
wyAgent . send(megl);

}
else if(lovel == 2) {
block{);}

)
¢lass send_load extends CyclicBehaviour(

public send_load{Agent a)¢

~ super(a);}

SOverrice

public void sction() {

if(val == 1) {

ACLMeszage mogle now ACLMessage{ACLMessage.INFORM);
nsgl.addReceiver(new AID(“TEMA", AID.ISLOCALNANE));
negl, setConversationld(“Fatval”);
Load = String, veluelf(load);
megl.setContent(Lload);
myAgent.send(®sgl);

}
else if(val == 2) {
bleck();}

}
clann rec_bid Ok extends CyclicBehavicur{
public rec_bid_Ok(Agent a){
super(a);}
pOverrice
peblic void sction() {
MessageTemplate ni=MessageTerplate, not(MassageTemplate. NotchSender(syAgent  getAID()));
ACLMessage msgemyAgent.raceive(mt);
if{msg le aull){
if (msg.getConversstionld() == “FAlbidok"){
level = 25
block(),;
i
class rec_result extends Cycliclehaviour{
public rec_result{Agent »)}{
superia);)
#overrice
public woid action() {
MesssgeTemplate nt=MessageTenplate, not(MessageTenplate NotchSender(myAgent, getAID()));
ACLMessage megzmylAgent, receive(at);
if{msg = null){
if (msg.getConversationld() == “FAlresult”){
results = wsg.getContent();
Block();
1))
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B.3. GA code

package Taea)
Leport java,io.Fils;
public class GAl extends Agent

{

int level = 8;
int val =
float offer, geo)

Serisg Offer, Gen)

string results;

protected void setupl)

{ Farallelehaviour parallelberaviour = mew ParallelBehaviowr();
paralleiSehaviour, addSubBeraviour(new receive_start{this));
parallelBehavioor, addSubBeraviour(new send_offer(this));
parallaliahavioos . addSubBemaviour(ned send_gen(this));
parallelBehavioos. addSubBebaviour{new rec_offer Ok{this)),
parallelfshavioor, addSubberaviour(new rec_gen_Ck(this)):
parallellehaviour, sddSubbehaviour{new rec_resuit{this));
this.addBehaviovr(parallelSehaviour);

3
class racelve start extesds CyclicBehaviour{
pubslic recelve_start(Agent a)(
super(e);}
suerride
public voig action() {
HessageTerplate mteMessageTemplate.sot(MessageTerplate MatchSender(mydgent. gataID{}));
ACLMessage »sgemyAgent,roceive{st);
LF(msg lw null){
1fF (g, getConversationld() == “TéMStart"){
Systew.out, println("0A1 received wessage froe TEMA regerdisg start”);
level = 3;
val=1;
block{);

nn
cluss seod_offer sxtwnds CyslicBahaviow(
public send_offer{agent a){
super{al;}
#verside
public vold action{) {
£F(lavel w» 1) {
ACLMessagn magls nuw ACLMessagel AL sage. JAFORN)
vegl. addfeceiver(naw AID(“TEMA", AJD.FSLOCALMAME));
vegl setConversationld{ “Gai0ffer”);
offer « String. velueGf(offer);
wsgl.setContent(Offer);
eyAgent. send{msgl)]

Zhn 1€(1evel == 2) (
black():}

class xu{z_m extends CyclicBehaviour{
public sens_gen{Agent a){
super(a).}
pOverrids
public volid sction() (
1f{vel == 1) {
ACLMessage migls new ACLMessape(ACLMessage. INFGRN)
ozl addReceiver(new AID(“TEMA®, AID, ISLOCALMANE));
acgi.setConversationId( "Galval®);
G » String.valuedf(gen);
migl.sutContent (Gan);
myAgent, send(migl})

]
else 1f(val == 2) (
block();}

1
class rec _offer Ok oxtenss CyclicBebavioury
peblic rec_offer_Ok(Agent a){
super(a);}
Oyerride
public void action() {
ate

a5 R ate.not( ate (myagent. getaIn{}));
ACLMesSSage wigeayAgent.recelvaiet]);
1f{mig 1= null){
iF (g, getConversationld() == "Galefferon”){
level = 3;
block();
n»n
class rec_gen Ok extends Cyclichehaviour{
public rec_gen _Ok{Agent a){
super(a);}
FOverride
pubblic vois sction() {
VatsageTurplate MassageTerplate. not(MessageTurplate Motchsunder{myAgent _getald{}));
ACLMessage wagsmyAgent. receive{st);
if{msg 1 null){
1f (mag.getConversationld() == “Galgenok"){
val = 2;
Block();

nn
cluss ruc_result wxtends Cyclicbenaviour|
peblic rec_result(Agent a){
super(a);}
#Override
public woi¢ action() {
MassageTurplate mi-MassageTenplate. sot(MassagaTasplate MotehSender (myAgent . getaID{))),
ACLMessage togamydgent . recelve(st);
1f{meg 1= null){
if (rug.getlonversationtd() == ‘GAlresult”){
results « mig.getContent();
block();
n
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B.4. LA code

package Tema;

import java.io.File;

pidlic class LAL extends Agest
{

int level « 3;

int val « @

float bid, lced:

string §id, ioed;

String results;

protected void setup()
{

Parallsltehavi parallielbehavi = new Parallel i

1%
paralleltuheviour, addsubbehavicur (sen m-in_mn(thh));‘

parallelsensvivur, addsubbehavicur(sew tend Bid(this));
parallelssheslour, addsubbehavicur(zen sand_lcad(this));
parallelssheviour addsubbehavicur{sew rec_bid Ox(this));
parallelseherlour . addsubBehavicur(sen rec_load Ok{this}),
parallelfehaslour. agdSubBehavicur(sew rec_result(this)};
this. addBehaviour (purallelfahiilov);

}
class receive_start exteeds {yclizBenaviour(
public receive_start(agent a){
super{a);}
#Override
public void action() {
1ate

Al:llt:m'numm.r:d;(n):
t4{mg 1= null}{

late.not(MestageTenplate MotchSender(syAgent, getAID())};

tf (mog.ge jenzd() == °T )
Systes,ouf, printla("LAT received message from TERA regarding start®);
lavel = 3;
val = 1;
klock(};

M
class send bid extends CyclicBehaviour(
public send bld(agent o)(
supse(ai,}
#Override
public vedd acticn{) {
16(2avel ww 4)
ACLMessage miglie sew ACLMassage(ACLVeszage. JNFOSW) |
rogl.addRacesver(sen ALD{"TEMA™, AID.ISLOCALNAME)),
esgl o setConversationle( "LALEid");
Bid = String.valweOfibid);
gl setContent{Bid);
oyAgent.send(eagl);

}

else 1f(level «u 2) {
block{};}

}

cluns send_load wxtends CyslicSehavicur{
public send_losd{Agent 4){
sepur{a);}
EOunr=Llde
public vold sction() {
Af{val == 1) {
AL Message ragls hew ACLMessage(ACLMEssage. INFORN) |
migl.addRecalves{new AID("TEMA", AID.ISCLOCALNAME)),
migl.setConversationld( Lalval®);
Load = String.valuedfiload);
migl.setContent(Load);
mpAgent.send{msgi);

}
else 1f{val == 2) {
block();}

n
cliass rec_bigd Ok exterds CyclicBehaviour(
public rec_big_Ok(Agent a}{
super(a};}
#Cverride
public votd sction() {

MessageTenglate ntabmrrageTenplote. not{Message late
AL Message wygsmyhgent receive(mt);
Af{mag |5 mull){
1f (mig, getComversationid{) == "LAlbideh*)(
Jevel = 2;
bleck();
0
class rec_load Uk extends CyclicBehaviow{
pablic rec_load_Ok(Agent o){
super(al;}
verride
public void action() {

7

(eyhpent. pethlID(}));

MessageTenplate stabmrragnTerplate. not{Message late
ACIMessage mxgzmyhgent receive(mt);
if{=sg 1= mull){
Af {msg.petComversationid({) == "LAlloadok"){
vel = 3;
bleck();

N
cluss rec_result sxtends Cyclicfehaviour(
public rec_rewult(igent a)(
seper(a);)
#Cverslde
public vold setion() ¢

MessageTenplate steussigeTenplite. not{MessageTenslate MaTens

\FyRg

t.getAID(}));

ACLMessape sspempigunt racelve(nt);
if{wsg 1= muld){
1f {msg.getConversationId!) == "LAlresult™){
results = mog. getContent();
block();
T

At
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sackage

B.5. TEMA code

Tera,

tmpore Sava, lo.File)l
puslic clans TEMA sxtesds Agent

{

int 11 =@, 2@, 130, 1o, R2o@, g2od, giog, gSep

int 21 =0, 52 30,5320, 23120,0220,0020, 2=z, o3a10;

fsat Bidl, loadl, bidl, leasd, ®1d3, loadd;

Float offerl, gesl, offer, genl, offerd, gend, offard, gend, affers, gand;
String Didl, Lowdl, 3is2, loadl, Bid), Losd);

Steing Offerd, Genl, O0fferl, Genl, OFfer3, Gend, Offerd, Gend, OfferS, Ges5;
Flowt c5F » @, O2F = 0,

String grp. gbRi

fleat OPF;

String opf;

fleat rbidl, redsd, rbid), rofferl, rofferd, rofferd, roffesd, roffers;
Strisg ﬂm. lﬂldl. Aele3. Rofferl. Rofferl, Roffer3. Mofferd, RofferS:
pratected void setep()

Farallelietavicur garallellensviour « rew Parallelbehsvioar();
perallelfehaviour, aoesubbehaviour(new uns_iun(thh))-
sarallelfetaricur. our(new rec_losd LAL

1elferavicur, sdeSstiahaviour|new
olhlem-lmr nnmdnrlm
surnllal
urﬂlclwo-lmr'mlthlﬂwr(m
paralleltetarlour, sdesvbiataviour (o
garallelletusicur, sd2Sublahaviour (ne
garallslieraviour, sdesubianaviour(rew
gerallelferaviour, sdeschBahaviour|mew
sarellelletavisur, sdaSibBebtaviour|ne
garailelioraviour, adeswbbaraviour | new
sarallelteravicur, sdsSublehaviour e
garallelletavicur. sd2Scbbataviourre
perallelieravicur, sdSubberaviour(new
parallelferarlour, sdeSsbtateviour(me
gurall tzar [
oerallelferaricur. saeSubbenaviour (e
sarnileltereviour, sdaSubehaviour | m
garallelleravizer, sdsSubletaviour | new
mu.u.-.-xmr.muumur(m

lﬂ-"‘ | P
JolBaravicy
.ulhla-lmr.loiswhhlflwr(m
{rarallel ¥

)
c1ass send_stort extends CyclicBehaviow{
public sand stert{igent &}(
sperial;}
overriide
public void sctien() {
AF000 wn B 85 %1 «e @) {

rec ne I_AA2(thin) )
N‘.N-U‘“(uhl)-
rec_gen CAl{thia));
rec_gen_SA2{this));
rec_gun_BaS(this));
rec_gen FAZ(this));
rec_offer_FA3(this});
rec_offer_SA1(this});
rec_offer GAZ(tais));
rec_offer_6a3(this));
rec_offer _FA2(this]))
rec_offer_FA3(teix));
sand_Geid(this));
rec_BSP(this)});
rec_GAP(whin) )
inern_clc(this)))

ret OPF(this));

e Tun_int_OPF(this));
send_resultsithis)),

ACLMESSAEe wige Amw ACLMASSIgR(ALLMESS bge . JNFORN) |

mg.setCommersationls| " TIMAStart®);

mydgent . send(wig);
Bleck{);

m
class rec_load_LAL estends CycilcBehaviowrs
pualic rec_loet LAl{Agent a){
}

pudlic veld actien() {

PezcapeT
ACLMASSOge WIgewsagent. receivelvt);
Lf(mag v eull){

e Temp late

Af {omg getConmversationla() sa “LAJval®){

-1
Loadl » mag.getContuet();
Soad) & Float, voluedr(losdl);

ACLMezsage =igln mew ACLNeszage (ACLMessage . DNEORN)

gl azdisceiverines AI0(LAY",

ATD, TSLOCALNWT) ) .

Lsetlomersationld(“Lalleamoh™)

it
class rec_load LAY extends CyclicBehaviowr
public rec_loed LAZ{Agent #)(
superial;}
Foruerrlon
public vedd mhn(l {

Ao} )}

e

M.uuum nsgempAgest. chn(n),
Af(meg e mull){

A€ (mg . getConversationld!) ee “LAZVEL"){

12e1;
izedl = mag.getContest( ),
10002 « Float,voluedf{losdl);

ACiMaxsage wigis new alMes

eegl, addlecelver(new AID("LA2",
ragl. setlonmersationid(“LAlloudol

myAgent . sead(wagi);
block{);

M
class rec_load FAY exterds Cyclickehaviour{
peblic rec_losd PAL(Agert a){
waperin);}
SOwrride
peblic wvold .:!ino() {

ACLMexzage. IWORM) §
AID, ISLOCALRARE) ) |
L H

JGETAID( 1))

Kum mmz nmn[n];
mq Tn nuldd

1f (wig.getlonvercationld() == "Falval™){

18 = 1}
Loasl 2 wag.getContent();
15923 « Float wplvedf{ioadi),

AllMezzage magls mew AC

eyhgent.send(=agl);
block();
nn

w5gl . sdeRecelver rew ATD("FAL",
setConverastionte("Fatloadon )

(ACLMezzage. TNFORN]
ATD, TSLOCALWANE} ) §

(wyhgent getAID()));
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class rec bid LAL extends CyclicSwsaviour(
pehllc rec_bid_LAl{Agent a){
siperal;}
averride
peblic void sctlon{) (
MessapeTemplote wtufecsageTenplate sot{MecsageTenplate MatchSender(wydpent, getAID()})1
AL Metsage migmmyigent  receivei(es);
1f(msg | mld){
LF (mug.petComversationls() w» "LAIELA")(
LRI H
BLL » mag. gutContent();
b1l = Float,volewdf(Bidl);

ACLMessage magls new ACLMazsage(ACLMessage . INFORN) ;
wigl.a0dRecelvarines AID("LAL", AID. ISLOCALASME) )
magl.astConversaticnld( “LAlsdoe”);

myigent. sand(migi);
bh:k();

11
cluns .-.e_nz_m extends CyclicSubaviour(
peblic rec_bid_tA2(sgent s){
awper{a)i}
#Override
pebilic vois nuann {

wplave, roc| ageTewp yABANT . getAID{ )} )
N‘.vmuon m-w‘m u«lw(n).
tf(wsg 12 madd)(
1f {mag.petCowersationls() == “LA28ld")(
L H
$1d2 = sop. getCostent(),
2id] = Float.vatawdf(Riaz);

ACLMessage migis new ACLMessage(ACLMessage . INFORY) |
wigt addRecelverines AID(TLAZ", AID. JSLOCALAAME) )
magl.setConversationd{ "LAZeider”);
mptgent. send(wigl);
block():
M
class rec _bid FAL extesds CyclizBehwsicur|
Fublic rec_bid FAL(Agant a}{
super(a);}
override
public wolid actien() {

ap g at rageTeey rphgent . getATO(}) )3
AUMIsege wigemydgent receive(st),
{mg 1z mull){
1F (esg.getConversationld() == “Fa18ia"){
ks =13;
8143 = sog, getContent();
Bids = Plost.volueCf(Bids);

AliMastage ragle sew ACLPwasage(ACLPwEsage. IWORN)
wegl asdReceiver|mew AID("FAL", AID.ISLOCALNAAE));
magl.setlotersationld(“FAlbidok™);
mydgent, vend{ongll]
block{);
n
clans rec_gen GAL extesds CyclicBehaviour{
public rec_gen Sal(Agent 3}{
waper(s);)
Kvereide
public void ection() (
1ate

age 8 #to.not{Messag {wybgent. getAlD(}));
ACLMsssge magmmyAgent  rucuivelat);
Af{mag 1e mull){
1F (evg.getCenvuraationd() »» “Saivel™){
gl a1
Gend » wsg.getContent();
@en1 & Float,voluesf(Send);

ACiMencage wigls sew ACLMezsage|ACLMcange. TAVORN)

nﬂ. ofdhacedver{new AID("SA1", ALD.ISLOCALNANE));
1.satlorversationld( " ul.-nd- iH

Wnt send(esgl);

Elocki);

nn
claxs rec_gen 0AY extesds CyclicBehavicur|
public rec_pen 6A3(Apent 3){
wapar(al;)
Wverride
public wold sctien() (

agaTew ge ot
ACUNsSEge wagrwpdgent  racaive( L},
1f{meg Ja mull){
1F (msg.getConversationld() == “Sasval"){
g =1;
Gen3 = wig.getContent();
g3 = Floet.voluedf(Gend);

geTenplat yhgenT, geTATD(}1);

ACiMessage magls cew ACLPwzaage(ACLIwELage. TW-ORM)
wigl.osoReceiver{sew AID("GA3", AID.ISCOCALNARE));
rrgl. settomersationld( “CAlgmaok);

myRgant cerd(eagl)]

blocx({);

1223)
clans rec_gen FAY extesds CycliicRehavioury
public rec_gen_Fa2(Agent 3)(
wper(n);}
overrige
public wvoid actien() {
MessageTenplate wiei Template.not( 8! mpigent.getald( )},
ACLFe3zage wigemyagent, uuavo(ﬁ {5
fiesg 1o mll){
1F (mag.getConversatizald() == “ravel®)(
gt =1,
OQend = wig.gwtlentent(};
g8 = Float.voluelf(Gend);

AliMessape rrgle sew ACLMessage(iCLMessage. TAWVORM) |
wagl.mddbaceiver{sme AID("FAZ", ALD. ISLOCALNANE));
gl setlooversationid( “Fadgenak™);

ARAREE. send{ragl);
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class rec_gen PAY extends CyclizSesaviour(
public rec_gen_Fa3(agent »){
ali}
Kvarrise
public void action)

MesrapeTenplate wraMassageTenplate, motl age ate (PyAg
AllMessage nigemyagent. recelve(st);
1f{meg 1= sull)(
LF (ecg. panComversationle|) == “Fadval®}{
52
GeesS = rog.petContent();
gans x Ploat. valowdf(Gens) )

ACLMessage gl new ACLMes2age(ACLMes sage INFORN) |
magl addReceiver(new ATD(TFAIT, AID. TSIOCAIAMNE) )
s gl serCenversationld( “Fasguroh”),

myAgent. seng(megi )

pleck();

)
Class rec_offer G4l extends Cycliceravioun{
pablic rec_offar OAL{Agent «)(
ssper(a);}
pOvaryids
pudlic void ntial() s

MestageTespls Teoolat ¢ Tasel ¢
A\ Vesnage u;mm nu!v.(n),
1f{esg Te mull){
1f (wag.getConversationd() s= “GA10ffer”){
01 =1,
OFferl = mag.getContant{);
offerl = Float.yolueCf(Offer))

ACiMestage migle cew iCLressageliMessage. INFORN)
=5g1. eddhacelver{sey ALD("GA1", ALD LSLOCALNARE)),
=1gl, setlonvarsationtd( "Galo* ferne™)
myAgent  send(migl);
block{);
nn
class rec offer 0AZ extends CyslicBehavious{
pwlic rec_offer_Ga2(4gent a){
supwr(eii)
yerride
pultlic vold sction]) {

ACL o int);
tf(mag 1= meld}(
1F (wsg.get{omersstionld() we "GAZOFfer"){
ol = 1}
OFfer? = wig.getlontent
ufferd = Ploet. :nuuof(oﬂ-ra).

ACLMNsaage magin new ACLMessage(ACLIesSage . INVORM)
wigl adcReceivac(new ATD["GAZ™, ATO. ISCOCALMANT] )
#agl. satConversationld( "ealofferok "))
wyhgert. smd(magl);
plock( ),
2323
class rec_offer_Ga3 extends CyclicBehaviouri
public rec_cfder DAS(Agent #){
saper(a);}
#Overeide
public woid uﬁon() ,

BOTAIDN)) )

SATAIDG) )

sage ate =t peTenplate. not( geTemplate yhgent getATD(}));

s3ageTens te.not( Template 3 (eyh
ACiMwrzage IIW recaive(t )
1f{meyg Yo nuldl){
4f (rag.getConversatisnld() sz “BAIOHwr=)(
03 = 1
Cffers = mig.getContent()
offerd « Float, nmomm«m

ACiMessape pogle raw MLMessage(ACLMessage  TWORN) ;
#idl addiecalver{taw AID("SAS", AID.ISLOCALNSAE) ).
rgl, setc GAJatteror”];

PyAgeNnt. sendinsgl);

bleck{)

) 5)Y A
rlass rec_offer_FAl extends Cyslichehaviowr!
pabliic Nc_;F;r,lAz(A‘mt al
2
verrice
peblic void sction{) (

ate wreMasiage’ late ate.

ACiMaztage wagrmhgent. receiveies); - =
Af(nsg le R}
£F (mag.getComversationld(] =» “FAOFfer){
e
OFfurd = mig. gettontent(};
offard « Float. waloedf(Offerd);

ACLPwseage wugis new ACLMescape(ACiMessage . INFORN)
migl.addRecelverines AID{"FA2", AID, ISLMM
magl.setConversationld( *razofferck®)
wyigent. send(wsgl),
elosk();

M

(lass rec_offer_FA3 extends CyslicBehaviowr{
peblic rec_offe- PAt{Ageot a){
wperia;}
#ovarrioe
pebliic weis sction) {

AOTAIO() 1))

SRTAID() )},

AT Nezsape Nmm-r_;cd-;(n) 3
19nsg 1= mll){
1f (mug.getConversationld(] == “FAIOffar)(
o5 =4
Offurd » mag.getlontent();
offars = Float, wrluedf(Offers);

AC|\Message wigls new ACLMessape{AC|Mestage  INFORN) |
magt addRecelver(nes AID|"FAS", ALD. ISLOCALAAME] ) ;
mugl.eetConversatisnld! ‘radafferck® );
myigent. send(wsgl),
block( )

me

late EeTemslate SLAIO0))).

ol



class send_Grid extends CyclicBehaviour{
public send_Grid(Agent a){
super(a);}
averride
public void action() {
if(G5P == @ && GEP == @) {
ACLMessage msg= new ACLMessage(ACLMessage, INFORM)
nsg.addReceiver(new AID{"DSO", AID.ISLOCALNAME));
nsg.setConversationld{"DSOPrices™);
nyAgent.send(msg);

else {
block();

n
class rec_GSP extends CyclicBehaviour{
public rec_GSP(Agent a){
super(a);}
@verride
public void action() {
MessageTemplate nr=MessageTemplate.not(MessageTemplate.MatchSender(myAgent,getAID()) ),
ACLMessage msgsmyAgent.receive(nmt);
if(msg != null){
if (msg.getConversationId() == “GSP"){
gsp = msg.getContent();
GSP = Float.volueOf(gsp);
block();
11
class rec_GBP extends CyclicBehaviour{
public rec_GBP{Agent a){
super{a);}
#Override
public void action() {
MessageTemplate mt=MessageTemplate.not(MessageTemplate. MatchSender(myAgent.getAID()));
ACLMessage msgsmyAgent.receive(mt);
if{msg != null){
if (msg.getConversationId() == “GBP"){
gbp = msg.getContent();
GBP = Float.volueOf{gbp);
block();
nn
class intrn_clc extends CyclicBehaviour{
public intrn_clc(Agent a){
super({a);}
#override
public void action() {
if(l11=08 121088 13 1088 grl=-08k g2!=288 g3 I=9
S8 g4 ! P GE S !« D8R b) !w D BEA D2 !wR8E03 w0 [}
88 02 1= 0 88 03 1=9 &% 04 |= 08 B& 05 1= 9) {
ACLMessage msgw new ACLMessage(ACLMessage.INFORN);
msg. addReceiver(new AID("DSO", AID.ISLOCALNAME));
msg.setConversationId("OPF");
msg.setContent(gsp);
myAgent.send(msg);
1f{oPFl=0) {
block();
339

class rec_OPF extends CyclicBehaviour{
public rec_OPF{Agent a){
super(a);}
#override
public void action() {
MessageTemplate mt=MessageTemplate.not(MessageTemplate MatchSender(myAgent.getAID()));
ACLMessage msg=myAgent.receive(mt);
if{msg = null){
if (mzg.getConversationId() == "OPFresults”){
//Receiving OPF results
opf = msg.getContent();
OPF = Float.valueOf{opf);
3225
class run_int_OPF extends CyclicBehaviour{
public run_int_OPF(Agent a){
super(a);}
$Override
public void sction() {
if (OPF == 1) {
//Running OPF based double puction
//Schedule alpha parameter
//Simulations done in the Matlab
OPF = 2;
block();
193]
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class send_results extends CyclicBehaviour{
public send_results(Agent a){

super(a);}

Foverride
public void action{) {

nY

if (OPF == 2) {

ACLMessage migls new ACLMessage(ACLMessage. INFORM);
wigl, addReceiver(new AID{"LAL", AID.ISLOCALNAME));
msgl.setConversationld(“LAlresult”);

Abidi = Float.toString(rbidl);

msgl,. setContent(Rbidl);

myAgent.send(msgl);

ACLMessage magl= new ACLMessage(ACLMessage. INFORM) ;
msg2.addReceiver(new AID("LA2", AID.ISLOCALNAME));
meg2 . setConversationId("LA2result™);

Rbid2 = Float.toString(rbic2);
msgl.setContent(Rbid2);

myAgent . send(msgl);

ACLMezsage msgie new ACLMessage{ACLMessage.INFORM);
megd. addReceiver(new AID("FAL", AID.ISLOCALNAME));
msg3. setConversationIa( “FAlresult®);

Rbid3 = Float.toString(rbidl);

msg3. setContent(Rbid3);

myAgent.send(nsg3);

ACLMessage msgd= new ACLMessage({ACLMessage.TNFORN);
msgé.addReceiver(new AID("GA1", AID.ISLOCALNAME));
msgs, setConversationId( “GAlresult™);

Rofferl = Float.toString(rofferl);

magd, setContent(Rofferl);

myAgent, send(msgd);

ACLMessage n:gSe new ACLMessage(ACLMessage.INFORNM);
migs, acdRecelver(new AID(“GA2", AID.TSLOCALNAME));
msg5. setConversationld( “GAZresult"”);

Roffer2 = Float.toString(rofferl);

migs, setContent(Roffer?);

myAgent.send(nsgs);

ACLMes33g0 mugbz new ACLMessage(ACLMessage. INFORM)
msgh. addReceiver(new AID("0AL", AID.ISLOCALNAME));
msgh, setConversationId( “Gadresult”);

Roffer3 = Float.toString(rofferi);

magh, setContent (Roffers);

myAgent, send(nsgs);

ACLMessage msgls new ACLMessage(ACLMessage.INFORM) .
msg7, addReceiver(new AID("FAZ", AID.ISLOCALNAME));
msg7.setConversationld(*FA2result®);

Rofferd = Float.toString(rofferd);

mig7 . setContant(Rofferd);

myAgent,send(nsg?);

ACLMessage nogh= new ACLMessage{ACLMessage. INFORM)
msgs. addReceiver(new AID("FAZ", AID.ISLOCALNAME));
megs, setConversationld(“FAlresult™);

Roffers = Float.toString(roffers);

mzgs. setContent(Roffers);

myhAgent . send(msgi);
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