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Abstract 
Energy markets are in constant evolution and transformation. The dynamics have rapidly changed and both private 

companies and governments require appropriate tools and systems for management and monitoring. We propose a new 
approach to measure and manage energy trading financial risk. The approach is twofold: first we use complex modeling 
to represent the context and second, we implemented an information system to provide risk management tools anytime, 
anywhere. More in detail, we modeled trading agent’s interactions and observe in advance scenarios that could 
jeopardize the system equilibrium. We then find the optimal balance for energy trading. From an academic point of view 
we contrasted techniques like Nash Equilibrium and Game theory and from a practical experience; we developed a 
software platform in partnership with the government regulator entity in Colombia XM.  
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1. Introduction 

Studies about electricity markets and their evolution have 
been directed towards two major currents. First, the tendency 
to estimate the market variables such as stock price, the price 
of contracts, demand level, supply level, generation capacity, 
among others; by using statistical tools either with 
mathematical models or simulations. Second, calculating 
exhibits in the functional systems, in order to establish with 
some certainty, the magnitude of the problems that happen 
within the operation. In the results found by Tushar [21] the 
equilibrium between supply and demand through the use of 
game theory, where consumers play an important role in 
creating price, was a very important advance. However, to 
maximize the profitability of the consumer is an ambiguous 
result, because despite being located at the end of the cycle of 
energy, what users seek is the reduction in cost without 
generating returns through speculation or arbitrage, and 
commonly is not the purpose of the business, it means the 
consumers used the energy as a necessary good not like a 
profitable one [16]. 

 
For his part some authors [1], [2], [15] performed 

decomposition of the variables involved in process of creating 

prices, including phenomena such as social affairs, climatic, 
economic indicators, regulatory requirements, using 
mathematical techniques, statistics or new technologies, such 
as artificial intelligence. That decomposition aims at a certain 
level of certainty, projecting price developments in the future. 
Quantify risk exposures related to the operation, and financial 
exposures linked to power generation have captured the focus 
of the different works developed so far [7], [15], [16]. While 
the ideal scenario is that the market remains in equilibrium, 
where agents maximizes their returns with minimal transaction 
costs, and where the energy supply is reached without incurring 
losses; there is another factor concerning the adequate capacity 
to meet contractual obligations. That is, if indeed the agent that 
has commitments, has the financial strength to honor them. 

 
Energy markets determine the behavior of oligopoly and 

by the way induce various types of risks that compromise the 
operation in different markets and countries. Now, to establish 
what the consequences are, of exposure to different risks, 
sustainability becomes part of the discussions. All of the 
consequences they sought to be avoided, for example 
considering international agreements that establish "binding" 
commitments to reduce emissions. This leads many 
governments, trying to change their ways of generation in order 
to meet international requirements and sustainability. 
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Thus, the financial and economic problem has been 
addressed considering the interactions between agents from a 
purely functional or operational perspective. For Boreinstein 
and Bushnel [15],[16] it is evident that each agent, trader, 
generator or consumer should be at an established relationship 
level with other participants, looking for maximizing the 
results amid the laws of supply and demand. That said, there is 
a need to treat the physical phenomena from a financial point 
of view among the participants.  
 

Historically, some unmet demand events have occurred 
since particular agents faced problems in its financial position 
to honor contractual obligations, even though the reaction is 
immediate by the regulator. One of the biggest complications is 
the exercise of predict the demand, which is a critical variable 
for generating prices. To this end there are plenty of models 
with the aim of establishing the best strategy in the energy 
auctions, which optimizes the profitability of generators but 
excludes income from traders whose main function is 
brokering with a different risk exposure. 

 
In that way, the construction of an integrated model that 

determines the positions of financial risk of each agent, with 
their implications for the market is justified from the point of 
view of securing the energy supply. The rest of this paper is 
organized as follows: First we present a review of related 
research, followed by the methodology used, then we present 
the details of a proof-of-concept implementation of a forecast 
and risk management platform called RiskeR and we finally 
present our conclusions and future work paths. 

2. Related Work 

Energy markets are an oligopoly because participants 
often pursue strategies, and adapt those ones to changing 
market conditions [7][22]. Also performing replicating 
approaches that enable operation models in a complex frame 
given the large number of variables and situations to consider 
[11][22]. 

 
Game theory can represent strategic behavior, however, 

many of these models are very simplified and do not capture 
the complexity arising from the markets, but they bring partial 
signals of their behavior instead [17]. On the other hand, the 
agent-based simulation (ABS) overcomes some of the 
weaknesses of the model of market equilibrium centralized [9] 
where the main objective is the fulfillment of the demand but 
do not ensure the financial viability of service providers. ABS 
models can represent heterogeneous individual agents and their 
behavior, and the rules of the market and those agents act in a 
decentralized manner [6]. These models are increasingly used 
to analyze the decisions made by the generators, distributors, 
traders, regulators and consumers in a liberalized market [32]. 

 
The models often ignore market demand answers, the 

implied characteristics in the evolution of prices and 
restrictions intervals in the network [4]. The development of a 
ABS model, including the behavior of demand, price and 
availability, will allow progress in understanding how the 
energy markets operate and interact with new technologies and 
other factors underlying in the market. 

 
The problem of energy market models has focused on the 

estimation of price developments, changes in demand, 
simulation of market strategies from producing agents, defining 
energy policies, technology selection, among others [32]. 

However, exploring the interrelationships of the agents with 
the operation of the electrical system in the short and medium 
terms from the point of view of its financial strength, it is 
something that should be explored. 

 
The most important aspect that this paper addresses is to 
propose solutions that try to cover gaps in conceptual modeling 
of electricity markets related to a corporate risk approach [14]. 
Financial risk factors such as credit risk; counterparty, 
operational and market can affect the competitive position of 
the decisions of the agents. Thus it can impact its operation. 

3.System Modeling 

For many years the research question posed from different 
areas of science, focused on how to describe the characteristics 
of participants in a system and their relationships [12]. Agent-
based modeling (ABM) has become a useful tool to approach 
the complexity of the interactions between the elements of the 
systems and the methodology has begun discussions about the 
degree of difficulty with which each system should be treated 
with their respective peculiarities [20], [24], [29].  

However, describe phenomena that explain the relationship 
between the agents through equations is quite complex [31], 
i.e. it is not a simple process because the consideration of all 
characteristics through a single mathematical expression in a 
linear or polynomial way can be sometimes a simplistic 
explanation of physical phenomena. 

According to complexity, a system is a combination of 
different logical or even physical entities that interact with each 
other to establish a specific purpose, namely to reach a target 
from the relationship between them. The systems can be 
dynamic, and it means that behavior changes over time or the 
systems can be stable, where the conditions, generally do not 
change and remains in equilibrium [8][25]. 

The integration of complexity and systems for their part, 
allows the composition of systems with many parts (or 
variables), with many degrees of freedom that are not 
equivalent between them meaning that each element is 
independent in making their decisions and governed by 
different parameters. That said we could define complexity as 
the study to determine how complex systems can generate 
simple behaviors but only if the origin of complex situations is 
understood, in other words if the physical phenomena are 
completely comprehended.  

On the other hand, the risk measurement is an exercise in 
lifelong learning corresponding to all members involved in the 
organization, given that to ensure sustainability is necessary to 
keep under control most variables that threaten business 
viability [11]. This exercise consists of three elements that 
work on a scheduled basis and are as follows: First, the 
classification of risk given the impact they have with respect to 
the limitation in the scope of corporate objectives. Second one, 
the approximation to a measure of the likely impact on the 
results, if the materialization of risk occurs, in other words, 
evaluation. And finally, thirdly management and risk control, 
through the establishment of KRI [28], which are defined as 
tools to manage risk into an acceptable level for the strategy. 
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Our implementation is a risk tool that integrates the 
modeling using ABM and complexity. The model takes into 
account the expected return of agents that depends on the 
volume of transactions and ability to generate capital returns 
associated with the purchase and sale of energy in the 
electricity market. In that way, profitability, risk position, 
capital availability, adequacy of investments in time frames, 
liquidity, solvency and the management of the debt, 
specifically "outside capital" (financial liabilities with cost), are 
variables that must be in permanent evaluation. There are 
different variables considered in the decision process for buy or 
sell energy in the electricity market. Specifically, from the 
financial perspective, we defined the most important, like 
solvency, liquidity and risk position. However, in this paper’s 
scope all of the variables related to the operational exposition 
will not be considered.  

 
The proposed model is the description of the market model 

considering the financial exposure of individual and 
consolidated companies. We have parameters, constants, and 
variables subject of modeling. The energy is an active 
classified as a "utility - commodity" and does not distribute 
dividends during the analysis horizon, because in this case we 
do not evaluate the cash and equivalents, therefore the dividend 
is zero. 

 The goal of the agents is to do transactions in the market in 
order to reach the best profitability as they can, under the 
uncertainty conditions, specifically financial conditions from 
others.  

 The level of demand for each agent should be less 
(shortage) or higher (surplus) than the energy contracts that are 
signed. If the contracts are higher than demand level, the 
surplus will sell in stock exchange. And if the contracts are less 
than demand level, the shortage will be bought in stock 
exchange. 

 
Each agent evaluates the decision process, considering 

variables involved in the physical phenomenon, in order to 
improve the performance in the market. The risk perception 
and the value generation depend on preferences, outcomes 
(decision for buy or sell energy to/from other agent after risk 
evaluation) and the penalties or awards inside of the framework 
of the decision 

 
The model equation is defined as (1), where U t,i is the 

utility function: 
 

itititititit CCpQpSU ,),(),(),(),(),( )**( +−=

           

(1) 
itittitt KdDOyMCGpbEeHe ,,, **)( −−−−+  

The first part of the equation represents the quantity of 
energy through contracts, because there are differences 
between purchases (Q) and sold energy (S). The second part 
considers the quantity through stock market for reach the 
demand or obtains a profit using the surplus, and is possible 
discount the operative expenses. Finally, the last expression is 
the financial cost for the debt. The total expression defines the 

amount of money that determines the global operation for each 
agent (trader) and we can call it “profit and losses statement”, 
using a financial perspective. Then, the energy will be obtained 
from the use of own resources (cash) and money that can be 
obtained through loans or even using the equity 
(capitalization).  

 
In order to optimize the model, we use the simplex method 

in order to find a utility maximization through its linear 
behavior. The scenario simulation is performed for a month of 
operation programming, which requires the release of energy to 
final consumers through retailers, whose responsibility is the 
fulfillment of such dispatch of energy.  To summarize, the 
model will maximize the following expressions (2) 

 

Max _U(t,i) = (S(t,i) * p(t,i) −Q(t,i) * p(t,i) )

−−−++ ittit CGpbEeHeCC ,, *)(
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(2) 
Profit and losses statement for trader and producer subject 

to,  
Ebiti,t/(Dt,i x Kdt,i)  ≥ 2.5  Financial Capacity  
Di,t/Ebitt,i   ≤ 4.0  Maximum Leverage  
VaR1t,i  ≤ 10%*Et,i 

VaR2t,i  ≤ 20%*Et,i  
SCOSt,i = [(Et,i - VaR1t,i)/((pzt  - pt,i)*2)]   Financial capacity 

of operations “Sell” 
SCOBt,i = [(Et,i - VaR2t,i)/((pt,i - pmint )*2)]  Financial 

capacity of operations “Buy”  
Dt,i/Et,i ≤ 80%  Financial leverage 
EBITt,i/(Et,i + Dt,i) = Expected Returnt,i  

 
Where, 
pt,i = The price at time t for contracts, considered by the 

agent i. 
Qt,i = Quantity of energy purchased by agent i at time t, in 

contracts. 
St,i = Quantity of energy sold by agent i at time t using 

contracts 
Kdt,i = Interest rate, financial cost for agent i, at time t. 
OyMt,i = Operative and management expenses from agent i, 

at time t 
Dt,i = Total debt of agent i, at time t (outside capital). 
Het,i = Quantity of surplus energy by agent i at time t. 
Eet,i = Quantity of shortages energy by agents i at time t. 
pbt  = Price in stock exchange, spot price in the market. 
Ebitt,i = Operating income after discount expenses and cost 

by agent i at time t 
VaRt,i = Value at risk of financial operations form agent i, at 

time t 
Et,i = Equity value composed by subscribed capital, 

reserves, accumulated profit, valorizations, and others. 
SCOBt,i = Support capacity of operations, financial capacity 

for operations (buys) 
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SCOSt,i = Support capacity of operations, financial capacity 
for operations (sales). 

VaR1t,i  = Value at risk sales   
VaR2t,i  = Value at risk purchases 
 
The method used for optimization of the proposed model is 

the simplex method in order to find a utility maximization 
through its linear behavior. In general, the expression is: 

 
xCzMax T *_ =

 
 The Simplex method is a method using the interaction with 

the aim of gradually improving the final estimation at each next 
step. It is an analytical method for the solution of problems 
whose main characteristic is linear programming but is in the 
ability to solve much more complex problems, without initial 
restrictions on the number of variables. 

4.Platform Implementation: Risker 

We implemented an information system to provide risk 
management tools. The main objective is to provide financial 
risk management as a service for regulator entities as well as 
for energy agents. We used a typical client-server 
implementation relying on virtual cloud servers. There are two 
architecture models, test and production. The first test platform 
uses one virtual server using Nginx [33] as web server and in 
the same instance we use MySQL [35] as database provider. 
The backend is supported by Laravel [33][35], a PHP 
framework and front-end relies on html5, CCS3, JavaScript 
and Bootstrap for page-device adaptation. In 

 
 
Fig. 1 we depict the test implementation architecture. 
 
 

 
 
Fig. 1 Test Architecture 

 
The production architecture consists into a web server 

(Nginx) with redundancy using an independent virtual server 
for each instance. There is one independent database server 
(MySQL), which is deployed with redundancy as well. An 
additional fileserver is used for data and configurations backup 
(Fig. 2). 

 

 
 
 
Fig. 2 Production Architecture 
 
      The platform welcomes the user with a landing page that 
leads, after successful authentication to the main dashboard 
(Fig. 3 and Fig.4) 
 

 
 

Fig. 3 The Risker 
 

 
 
Fig. 4 The Risker Dashboard 
 
The main dashboard page provides three tabs. The first one 
provides the list of energy company agents. A short name is 
display with a full name display while hovering. The agent 
display has two modes compact and expanded. The compact 
model displays the short name and the total energy demand 
assigned to that agent. The extended model displays the total 
energy for buy and sells as well as the current prices (Fig. 4) 
 

The Agent Details section presents four tabs which display 
information about: Model forecast, buy and sell amounts, agent 
interactions with other agents, stock information and Key Risk 
Indicators (KRI) profile. The last panel displays a global 
overview of the whole system with corresponding KRIs. The 
metrics are colored regarding predefined thresholds. The 
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thresholds are graded in four categories: red (critical), yellow 
(warning), blue (acceptable), green (good). 

 
The second main tab depicts each agent interaction with rest of 
the system. We provide an interactive graph with proportional 
arrows showing buy/sell relationships as well as total traded 
energy amounts (Fig. 5). 
 

Fig. 5 Agents Interactions 
 

The last tab provides charts with information regarding the 
individual percentage of agent participation in the market, 
comparison of the model forecast optimization in relationship 
with the current data per agent, as well as additional KRI charts 
(Fig. 6) 
 

 
Fig. 6 Agent Participation and metrics charts 
 

Finally the results are shown in the Fig.  7. Considering the 
initial demand level and the transactions between agents. It 
means the history of transactions can be changed in an optimal 
way. 

Fig. 7 Optimization of transactions. 

5. Conclusion 

 
We presented a complex model to represent energy 

trading agent interactions. We optimized a linear expression in 
order to find the system equilibrium. We went further and 
implemented a real web platform based on the core model. It 
provides financial risk indicators assessment as well as 
recommendations for market performance. As future work we 
will consider multiple optimization models to perform 
benchmarking. The platform will evolve towards an automated 
system to generate triggers and alarms regarding pre-defined 
risk scenarios. We consider that automatic data collection and 
data reporting are key elements to develop and reinforce. Data 
mining and open data can be also linked to provide useful 
information in order to increase model robustness and 
diversity. 

 
Regarding the proposed model, we consider the inclusion of 
operational exposition variables like climatic variations, 
availability of energy generators, terrorism attacks, regulation 
reviews, financial hedges, and international economic 
perspectives. This can provide additional patterns and trends in 
order to provide more accurate and detailed risk management. 
The breakthrough that suggests this work, is the possibility of 
study directly the financial phenomenon implicit in the 
operations, and synchronizes with operational and 
macroeconomic developments that result in more robust 
models for analysis, i.e. comprehensive. Thus, with an 
identification of interactions and impacts, we can avoid 
affecting the system sustainability, managing a new branch of 
financial innovation, which is called systemic risk very 
different from conventionally known systematic risk. 
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