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Figure 11. Merit order curve: Comparison between real and model calculated values. Monthly

averaged values.

Thus, it is useful to compare the estimated values of these parameters with the recorded values:
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e  Estimated values of Dy and PV are exactly as recorded 51.9 TWh/y and 3.72 TWh/y, respectively,
while estimated value of Wr is a little higher than recorded 5.84 TWh/y;

®  Syux of 9.88 GWh/h is a decline from the expected installed conventional power of 12 GW, because
the total capacity does not participate continuously into the market.

4.3. Sensitivity Analysis

The proposed mathematical model can be used to predict electricity market behavior in the
future when the parameter estimates in the Table 2 are adjusted to future values. The four parameters
which express the size of the market are considered as factors. All other parameters express market
characteristics which remain constant long term. Thus, the factors which affect market future behavior
are the following four parameters:

e Sy GWh/h the maximum feasible electricity supply;

e Wy GWh/year the total annual electricity generated by renewables except photovoltaics;
e PV GWh/year the total annual electricity generated by photovoltaics;

e Dr GWh/year the total electricity demand during the year.

Siax is analogous to the installed power of conventional electricity generated systems that are
dispatchable, meaning that they determine SMP through hourly price bidding in the day-ahead
market. Similarly, Wr and PV are analogous to the renewable installed power, non-photovoltaics
and photovoltaics, respectively. Finally, D expresses the society activities and is analogous to the
economic growth.

In the sensitivity analysis of Figure 12 the effect of the above four factors on the merit order effect
(MOE), separately, is presented. Demand is the crucial factor; it can double the MOE when it increases
by about 25%. Renewables appear to have a smaller effect, while conventional installed power appears
to have a negative effect. Obviously, all these effects are interpreted from Figure 1 by changing the
interception of the demand and supply curves.
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Figure 12. Sensitivity analysis (one factor at a time): Effect of crucial market factors on the merit order
effect. D = demand, W = renewables except photovoltaics, PV = photovoltaics, and Smax = conventional.

The effect of the factors when they are changed simultaneously is presented in the scenario
analysis of Figure 13. The following scenarios are examined:

e D Demand is increased, all other factors are kept constant;
e D+ RDemand and renewables are increased by the same rate and conventionals are kept constant;

e D + C Demand and conventionals are increased with the same rate and renewables are
kept constant;

e A All factors are increased by the same rate;
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e A - D All factors except Demand are increased by the same rate.
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Figure 13. Scenario analysis (simultaneous factor variation): D + R = demand and renewables are
increased by the same rate, conventionals are kept constant; D = demand is increased, all other factors
are kept constant; A = all factors are increased by the same rate; D + C = demand and conventionals
are increased with the same rate, renewables are kept constant; and A — D = all factors, except demand,
are increased by the same rate.

Obviously, the higher positive effect is obtained when demand and renewables are increased
simultaneously, and the higher negative effect is obtained when demand remains constant and all
other factors are increased. Similarly, any other combination of changes can be examined.

5. Conclusions

During the period between October 2016 and December 2018 the Hellenic DAM calculated explicitly
the MOE using an innovative mechanism to directly charge the electricity suppliers. Through the MOE
charge (called PXEFEL in Greeks), suppliers were returning to the RES account the financial benefit
they were enjoying because of MOE, namely the lower SMP values in the DAM due to RES penetration.

The above mechanism needs an appropriate model to evaluate and analyze daily, seasonal, and
long-term variations of the MOE towards an optimum MOE charge strategy. Thus, a simple model for
the DAM is proposed and validated to real data. The model, considering the main factors which govern
the process, predicts the seasonal and daily variation of electricity demand, renewable production,
SMP, and MOE. The model was fitted adequately to historic data of the Hellenic DAM during the
year 2017.

The model innovation is based on the separate direct simulation of the supply and demand curves
and the seasonal and daily variation of the electricity demand and renewable generation.

On the basis of the proposed model and the market recorded data, the effect of the renewable
penetration on the wholesale electricity prices is analyzed.

The model can further be used to predict future market behavior when the basic factors (electricity
demand, conventional power, conventional costs, and renewable penetration) are known or estimated.
Thus, the effect of the evolution of the RES penetration on the MOE can be estimated and analyzed
towards an optimum RES penetration supporting strategy.

The proposed model was applied successfully to the Hellenic electricity market, but it can be used
to any other similar market.
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Nomenclature

cf the correction factor (-)

de the portion of the total daily demand for evening activities (-)

D; the electricity demand during the day i (GWh/day)

D;j; the electricity demand during the hour j of the day i (GWh/hour)

dy the portion of the total daily demand for noon activities (-)

ds the portion of the total annual demand for summer activities (-)

Dr the total electricity demand during the year (GWh/year)

duw the portion of the total annual demand for winter activities (-)

i the day of the year (1,2, ..., 365) (days)

ipvo the day with the minimum production for photovoltaics (days)

iwo the day of minimum production for renewables except photovoltaics (days)

j the hour with maximum production from photovoltaics (hours)

jpvo the hour with maximum production from photovoltaics (hours)

n empirical shape constant (-)

P the supply price (€/MWh)

PV; the electricity generated from photovoltaics during the day i (GWh/day)

PV;; the electricity generated from photovoltaics during the hour j of the day i (GWh/hour)
Pried the electricity price at half of maximum supply (€/MWh)

PVT the total annual electricity generated by photovoltaics (GWh/year)

R; the electricity generated from renewables during the day i (GWh/day)

Rjj the electricity generated from renewables during the hour j of the day i (GWh/hour)
S the dispatchable electricity supply (GWh/h)

Simax the maximum feasible electricity supply (GWh/h)

SMP the System Marginal Price (€/MWh)

SMP;; the System Marginal Price during the hour j of the day i (€/MWh)

teo the time of the peak of evening activities (hours)

tno the time of the peak of noon activities (hours)

tso the time of the peak of summer activities (days)

two the time of the peak of winter activities (days)

VSMP the Virtual System Marginal Price (€/MWh)

VSMP;; the Virtual System Marginal Price during the hour j of the day i (€(/MWh)

Wi the electricity generated from renewables except photovoltaics during the day i (GWh/day)
Wi; the electricity generated from renewables except photovoltaics during the hour j of the day i (GWh/hour)
Wr the total annual electricity generated by renewables except photovoltaics (GWh/year)
APV the seasonal variation amplitude of photovoltaics (GWh/day)

Ate the typical duration of the evening activities (hours)

Aty the typical duration of the noon activities (hours)

At the typical duration of the summer activities (days)

Aty the typical duration of the winter activities (days)

AW the seasonal variation amplitude of renewables except photovoltaics (GWh/day)
Abbreviations

A all

C conventionals

CO, carbon dioxide

D demand

DAM day-ahead market

DR demand minus renewables

ETMEAR surcharge on electricity price (Greek abbreviation)

FIP feed-in premium

FIT feed-in Tariff

MOC merit order curve

MOE merit order effect

PVs photovoltaics
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PXEFEL merit order effect charge (Greek abbreviation)

R renewables

RAE regulatory authority of energy

RES renewable energy sources

SMP system marginal price

VSMP virtual system marginal price

W renewables except photovoltaics
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Abstract: Artificial intelligence (AI) techniques and algorithms are increasingly being utilized in
energy and renewable research to tackle various engineering problems. However, a majority of the
Al studies in the energy domain have been focusing on solving specific technical issues. There is
limited discussion on how Al can be utilized to enhance the energy system operations, particularly
the electricity market, with a holistic view. The purpose of the study is to introduce the platform
architectural logic that encompasses both technical and economic perspectives to the development of
Al-enabled energy platforms for the future electricity market with massive and distributed renewables.
A constructive and inductive approach for theory building is employed for the concept proposition
of the Al energy platform by using the aggregated data from a European Union (EU) Horizon 2020
project and a Finnish national innovation project. Our results are presented as a systemic framework
and high-level representation of the Al-enabled energy platform design with four integrative layers
that could enable not only value provisioning but also value utilization for a distributed energy system
and electricity market as the new knowledge and contribution to the extant research. Finally, the study
discusses the potential use cases of the Al-enabled energy platform.

Keywords: electricity market; energy market; artificial intelligence; digital platform; peer-to-peer

1. Introduction

The energy transformation, so sought after world-wide, would only be effective via the increased
integration of renewable energies that are supported and enabled by intelligent grids, or smart grids.
Smart-grid technologies will make it possible to use the available renewable energy sources efficiently
and sustainably to create added value to the energy service as well as reducing costs for energy
consumers and prosumers while supporting a decentralized and open architecture and design for the
energy system [1]. However, energy scholars focusing on power systems acknowledge the challenges
with increasingly complex energy systems. As such, the electric grid is a massive infrastructure with
e.g., physical limitations [2].

The European Commission [3] envisions that tomorrow’s power grids will be made up of
interconnected and diverse systems, with a growing number of distributed energy generation and
consumption equipment and appliances that generate a large volume of data [4]. Considering only
smart meters, if the average packet size is about 200 bytes [5], with a reading interval of 15 min as
suggested in the European Union (EU) regulations and the 200 million smart meters that are deployed
in 2020 [6], the total amount of memory in Europe is 5 606 TB of information. Reduce the sampling size
to every second for near-real-time network measurement, and this is around 5 exabytes of data to be
collected within a year only from smart meters. In particular, the electricity industry demands big data
capabilities and novel architectures that can enhance power system management of the more complex

Energies 2019, 12, 4128; d0i:10.3390/en12214128 243 www.mdpi.com/journal/energies
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and decentralized grids [3]. Thus, over the last few decades, research efforts and scholarly discussion
around the world have been focused on ways to effectively predict and optimize energy use.

Artificial intelligence (Al) as an emerging technological field has been altering numerous sectors of
the world’s industries and economies. Al is seen as an innovation front and enabling technology [7,8].
Al includes a broad collection of computational techniques to extract insights from a variety of
data sources—including the so-called “small data” that is generated by the algorithm itself) that
assist in decision-making [9]—and create actionable information [10]. Generally, Al is deemed a
general-purpose technology that can have significant technological, social, economic and political
implications [9,11,12]. Some describe Al as parallel to the steam engines or electricity technologies that
have changed many aspects of human life.

Evidently, Al will radically transform the energy sector. General Electric (GE) estimates that Al
can enhance the production of a wind farm by as much as 20% [13]. At the same time, as claimed by
Nagy et al. [1], the AI transformation in the energy industry will directly influence the international
energy stability and economic prosperity. For instance, the use of artificial neural networks is of
great importance for electricity companies to improve their productivity, the quality, and safety of the
productions, and the stability of the electricity. As a case in point, the Google Date Center utilized the
DeepMind Al to effectively achieve 40% of the energy-saving for the data center operation [14].

However, as Al technology adoption and penetration rates increase in the energy sector,
the existing Al and energy-related research remain under-explored without sufficient scholarly
effort on Al applications in the energy and electricity market design on top of the physical and technical
energy infrastructure.

The study of Quan and Sanderson [15] introduces a holistic framework to analyze Al systems
and platforms, including Al core technologies, Al platforms, and Al applications. Based on this
framework, the extant Al and energy research has been largely focused on Al core technologies.
For example, Al technology has penetrated the technical applications rapidly in the industrial systems.
Technically, in the power and electrical engineering domain, Al techniques, such as expert systems,
neural networks, and fuzzy logic have been utilized to solve various technical challenges [16], including
but not limited to (1) energy forecasting [17,18], (2) energy market price prediction [19], (3) smart
grid fault detection [20], (4) demand-side management [21], (5) building energy management [22],
(6) smart home demand response management [23], and (7) smart grid data security with AT and
blockchain [24]. In terms of driving the energy transition process, the greatest potential in the use of Al
is forecasting renewable energy potential, big data management and optimization of hybrid renewable
energy systems, e.g., [25,26].

Research Gaps Relevant to the Study

Several gaps can be identified in the extant research. The first gap in the current research is the
lack of Al platform discussion dedicated to energy systems and market design. As argued by Reich [27]
and Singer et al. [28], to the present day, Al systems (including Al-empowered energy systems) have
hardly reached broad use in practice for several reasons. Research has often focused on narrow and
specialized technical subtasks, not on larger and more integrated problems. Specifically, for Al's
application in renewable systems, it is suggested by [29] that most studies discuss the utilization of Al
approaches in wind- and solar-based systems. Al approaches have great potential, but their effective
utilization in future research is needed to provide more novel approaches to managing renewable
energy sources, such as in the case of Al for hybrid renewables.

Although Al is identified as a promising optimization method [25], there is little discussion on it
at the systemic level. A “platform” as a system model or architecture can tackle this problem. As stated
by Landahl et al. [30], when developing a variety of products for a large number of customers/end
users, the producers strive for commonalities and distinguishing features of the developed product
variants. A common approach for this is the adoption of a platform model [31], which is typically
achieved by modularizing the product’s architecture [32].
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As suggested by Ramos and Porto [2], some of the important problems in energy supply
technology and in the energy market require capabilities such as (1) heuristic search, (2) logical
thinking, (3) perception as well as (4) uncertainty tolerance. All these needs give rise to the opportunity
for cross-investigation between energy research and Al technologies. At a broader systemic level
(e.g., a system platform perspective), Al does not only enhance a certain operation but can be potentially
an effective enabler of the new solutions in the energy ecosystem in the areas of enhanced artificial
neural networking and decision making, operation, maintenance, market monitoring, as well as
optimized trading in the electricity markets [2].

For another emerging paradigm of energy internet thinking, the energy internet is considered to be
anew and advanced paradigm for smart grids with massive inter-connected devices and bi-directional
power and information flows. This emerging paradigm also demands more advanced techniques to
optimize the entire energy system rather than individual applications [33], including big data, Al-based
control, and optimization as well as cloud computing. Thus, the Al platforms for energy system and
market design at a systemic level is a research front that requires more attention and research effort.

The second gap relates to the synergy between Al applications and electricity market design.
The research and development of Al focus primarily on developing new algorithms and software that
tackle a focal problem [29]. While most of the previous studies cover the applications of Al techniques,
such as fuzzy logic or artificial neural networks in renewable systems [29], in theoretical research there
is relatively limited discussion on Al’s potential in the electricity market such as facilitating market
trading and renewable matchmaking in the electricity marketplace, especially in the emerging context
of massive renewable integration into the smart grids. In contrast, empirically, companies in the energy
industry have started experimenting with different use cases. For example, ABB focuses on advanced
testing methods of 3D-simulation of power plants with a holistic view of the system which is based on
smart human-computer interaction systems [34].

Fundamentally, markets have played a key role in giving market participants (or market actors)
the opportunity to profit from the trade. Market design literature (e.g., [35]) suggests that the design of
a market needs structure and a diverse range of market operations and transaction mechanisms to
operate efficiently [36]. Market design studies often delve into fundamental problems: how the market
agents can learn the patterns of the market to determine the optimal transaction prices? Or, how the
market agents can have an enhanced understanding of the market environment where they operate?

This research suggests that in the energy/electricity market, it is possible to harness the improved
predictions provided by data and Al algorithms to enable the marketplaces to better predict consumer
and producer demand and supply. This proposition is supported by the previous literature of Ramo
and Porto [2], which calls for further study on the economic perspective of the energy industry.
However, we need to develop a deeper understanding of how such a platform is constructed than an
ontological description. This is addressed in this study.

The third gap pertains to the value utilization of the electricity market. As mentioned, existing
Al technologies have been focused on how to optimize energy production and distribution for the
legacy energy systems. The issue arises when the platform thinking is adopted for the existing energy
systems that overemphasize on the energy production and energy supply chain. In platform literature,
a platform-like marketplace is formed because of the participation from both supply and demand,
or value provisioning and utilization that help create the network effect for a platform to succeed [37].
By adopting platform thinking, AI can impact the utilization side of the marketplace or platform is
limited from the existing energy research and literature.

By developing a high-level systemic architecture framework for an Al-enabled energy platform,
this paper contributes to the need for a better understanding and articulation of the potential Al
platform in the energy industry as well as AI’s roles and applications in electricity market design and
operation. More specifically, the research addresses two parallel research questions: firstly, what can
be the Al-enabled energy platform for the electricity market? and secondly what are the potential Al
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applications for the value provisioning and utilization of the energy platform in order to provide better
services for energy consumers?

Overall, by addressing these two questions, the research contributes to the existing literature in
three ways: (1) the study enriches the existing Al and energy research discussion with a more holistic
view: expanding from the technical focus of narrow Al technical applications to the utilization of Al at
a systemic level; (2) the research introduces platform thinking and a platform architecture/model for
the potential integration of Al into the energy systems. An Al-empowered energy system can have the
capability to manage massive data and complex grid and market operations when the shares of the
renewables increase significantly; (3) the research explores and proposes a number of Al applications
in managing and optimizing the market operation and design. Previous literature [2] only gives a
proposition that Al technology can transform the energy market operation without providing details
and in-depth discussion. This research gap is filled in this research, including discussing how Al and
blockchain can transform the further electricity market based on the extant studies of [38—40].

As addressed by [1], the direction of Al development in the energy industry is still an open path.
To facilitate more effective and efficient human—AI collaboration, more research efforts are required
to progress towards the development of new synergies Al and other parts of the energy system.
Thus, this study is inspired and built on this call for action. The research question of this study is as
follows: “How can we integrate Al technologies into the future energy system architecture, in order to enhance
transparency and participation of users in different markets?” The focus is on Al’s potential at the utilization
side of the electricity market, in order to enable smart energy services and increase value utilization.
The paper focuses on Al-enabled energy market architecture at the system level. Therefore, we are
open to a variety of Al technologies that demonstrate potential in the energy industry rather than a
particular Al technique.

This paper contains the following sections: Section 2 encompasses a number of definitions on Al,
Al’s application in smart grid and renewable researches. This section further introduces and explains
the platform thinking and elaborates on the research method. Section 3 shows the outcome of the study
by constructing and articulating the architectural model of an Al platform in the context of smart grids
by expanding the 4C (connection, content, context, and commerce) framework in ICT (information and
communication technology) and digitalization research. Section 4 discusses the potential applications
of ATin the electricity market through the framework created in the previous section. Finally, Section 5
provides the conclusions of this study and heads to further research direction.

2. Literature Review and Methods

Nilsson [41] defines that “Al encompasses the intelligent behavior in artifacts, which involves
perception, reasoning, learning, communicating and acting in complex environments”. The main
purpose of Alis basically considered as the creation of intelligent machines that can perform human-like
capabilities and beyond. Furthermore, it is recommended by the scholars (e.g., [42]) that the capabilities
of Al can be divided into subgroups or categories such as reasoning, problem-solving, natural language
processing, perception as well as general intelligence [42] to solve complex problems [43].

From the computer science perspective, Al is deemed as an approach for the software programs
to analyze focal problems and devise appropriate solutions. Al core technologies are classified as
machine learning, artificial neural network, and heuristic search [44]. To this date, numerous studies
have been conducted to explore, experiment and investigate the capability and use of Al in a variety of
fields such as big data analytics, information system, production engineering, and medicine, just to
name a few [29].

2.1. Artificial Intelligence (Al) Application in Smart Grids and Renewables

Based on the framework of Quan and Sanderson [15], Al in energy research is mostly directed in
different techniques and solutions for designing, optimizing, and managing the operations of different
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domains. In energy and renewables research, the literature review shows that Al has been studied in
areas such as solar, wind, geothermal and hydro [29].

A substantial number of studies have focused on energy demand prediction [45,46]. For instance,
prediction models can be categorized into the following types [47]: physical-oriented, data-oriented,
hybrid, and large-scale prediction methods. In the area of energy prediction, the artificial neural
network technique is well-known for the accurate forecasting of energy usage [29]. However, there is a
challenging issue related to accuracy when the scale is reduced (e.g., neighborhood or household level)
although precise load forecasting is possible at the aggregated level (e.g., national level), In this vein,
the study of Ahmadi [48] suggests that the artificial neural network is developed in as many as 40% of
the energy artificial neural networking algorithms [49].

The use of Alin solar energy: Al applications in solar energy are reviewed in the literature [50-52].
Applications often involve the use of artificial neural network methods for solar modeling [51] in
both single and hybrid approaches [53]. For instance, the use of machine learning can improve the
solar forecasting accuracy with a range of 30% to 50% increase, e.g., [54,55] compared to conventional
forecasting models.

The use of Al in wind energy: empirical research and trial by industry incumbents like GE show
that through the use of IoT (Internet of Things) sensors, data networks, and advanced analytics can
optimize the wind turbines to have as high as 20% peak efficiency in artificial neural network energy
production [13]. By reviewing the academic research, Jha et al. [29] identify a number of studies related
to the physical model, statistical model as well as artificial neural network methods for wind modeling.
Basically, the applications of Al techniques in wind energy cover several categories, such as neural,
statistical and evolutionary learning [29].

Overall, the artificial neural network, reinforcement learning, genetic algorithms, and multiagent
systems are common techniques for Al to solve the problems of classification, forecasting, artificial
neural networking, optimization, and control [2]. The current literature and research also show the
disintegrated gap and low visibility of studies that integrate ICT systems, power/energy systems as
well as energy market research [2]. However, this research suggests that Al and machine learning is an
emerging application in the power and energy field, quickly gaining a footing within the intelligent
energy systems domain.

2.2. Platform Thinking and Approach

The literature offers numerous platform types with different definitions and properties.
The platform concept and thinking can find its presence in both economic and technology/engineering
literature [56]. The work of Gawer [56] seeks to integrate technological platforms.

Digital platform architectures can generally be classified into two types which can have multiple
hybrid combinations [57]: the economic-oriented transactional platform and the engineering-oriented
technology platform. First, an economic-focused transaction platform facilitates exchanges by
fragmented groups of consumers and/or suppliers. The platform provides a matchmaking mechanism
to connect supply and demand that are normally fragmented [58]. This definition is in line with
an economic point of view, and digital platforms are seen as markets where the platform facilitates
exchanges between actors who otherwise would not be able to do business with each other. An example
of this type of platform is Uber, as the platform connects drivers with travelers and facilitates the
transaction between the two groups as a two-sided market or platform [59]. The economic platform
thinking can also be extended to multi-sided markets [60,61].

The engineering/technological platform is seen as a digital platform with technological architectures
that enable innovation [56,62,63]. Such a platform architecture builds a foundational technology and
distribution system that enables the other technologies to be integrated into the platform, enhancing
value for the whole system. For instance, the mobile app ecosystem of Apple (App Store) is a
well-known case of such a digital platform [63]. The core idea is that the platform includes modules
that can be used to decompose complex systems into manageable components connected by interfaces.
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The modules provide information-sharing because each module does not need information about the
entire system, which in turn allows access control over specific data [59,64].

The research of Gandia and Parmentier [65] shows that it is possible to combine and integrate both
the economic and engineering/technological conceptualization of the platform. For example, economic
thinking would consider the declining costs of information gathering and market mediation for the
empirical multi-faceted platforms on the Internet, such as eBay, Amazon, and Airbnb. In parallel,
the technological perspective of a platform is rooted in presenting the platform as an integral system
of software and hardware that offers standards, interfaces, and mechanisms that enable supplement
technology vendors or providers to be matched with the end users as well as interacting with other
technology providers. In this vein, the platform innovators’ and the complementary partners’ success
depend on the platform owner’s continuous innovation [65].

2.3. Research Method

In an effort to address the research gaps, this research adopts two approaches: First, system
architecture thinking, e.g., [66], where a “systems architecture is the conceptual model that defines the
structure, behavior, and more views of a system”, and action design research (ADR) [67]. In the paper,
the 4C systemic framework is used: connection, content, context, and commerce [68] and the 4C
layered typologies [69] that can incorporate both the value provisioning and value utilization of a
digital system, which bridges the gap in existing energy research. The 4C framework can be reconciled
with the market layer of the smart grid architecture model (SGAM) that is the formal system framework
established by the standardization organizations in the European Union [70]. Furthermore, the paper
follows the system architecture logic and align the discussion based on system architecture’s three key
constructs: the system structure, the system (and the component) behavior, and the view of a system.

Second, this study utilizes the constructive and action-oriented research approach for
theory building and concept proposition for the AI energy platform architecture as an IT
(information technology) artifact, aiming at bringing novelty value to the energy system and market
design studies. Information system research has rich literature on the relevant approaches for dealing
with the development and design of system architecture. For instance, action research is one stream of
studies that incorporate theory generation with researcher intervention to tackle organization-related
research problems and connecting the theory with practices [67,71,72]. In another stream of information
system research, design science is used to create IT artifacts with a constructive approach. The IT
artifacts are “shaped by the interests, values, and assumptions of a wide variety of communities of
developers, investors, users” [73].

Seins et al. [67] have proposed a new IT artifact (e.g., software architecture) development approach
that combines action research and design science, namely, ADR. The ADR approach stresses the
importance of the relevance cycle through explicit guidance for integrating the process of building,
intervention, and evaluation in a concerted effort [67]. In the context of this study, ADR addresses two
challenge areas for creating the system architecture of the Al-enabled energy platform; (1) addressing a
problem situation in a specific organizational setting which is the ecosystem as an organizational form
in the energy sector; (2) constructing and validating an IT artifact, that is the 4C platform architecture
that addresses the issues/needs in the energy ecosystem. Thus, this paper follows the four processes
of the ADR to formulate, build, reflect and formalize the Al-enabled energy platform as an artifact.
This means that the aim of the research is to generate theory and a framework with the help of empirical
data, rather than the deductive approach that uses hypothesis and theory testing based on stringent
empirical data [74].

This study is built on two large=scale research projects, including the EU P2P-SmartTest European
Horizon 2020 project [75] and the VirpaD Finnish national innovation project [76]. The EU-level
P2P-SmartTest project focuses on the investigation of a more intelligent electricity distribution system
through the incorporation of 5G technology, local energy markets and novel business models for future
power grids. Peer-to-peer (P2P)-based distributed smart energy grids have the capability to integrate
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multiple sources of distributed renewable generations at the local level, such as the microgrids. Such an
approach can provide qualitative and quantifiable value from tremendously enhanced interaction and
integration of the ICT technologies and energy networks at the systemic level. Furthermore, regulatory,
standardization and commercial frameworks are proposed to enable distributed energy trading and
market design (e.g., through the P2P platform).

The VirpaD project focuses on the digitalization of building and energy services. This project is
under the umbrella of the Finnish national research and innovation project that promotes the utilization
of IoT, the sharing economy ideology and Al to develop digital platforms in the built environment
(e.g., smart buildings, energy efficiency). The project provides and supports the creation and operation
of digital platforms that are enabled by big data and AI algorithms. Furthermore, the VirpaD project
provides the inputs of how an Al platform can be designed and what are its capabilities at different
levels/layers of the platform.

Following the ADR logic, this research involves two main stages and four specific processes.
The first stage was to review the existing digital architectural design and models of platforms in the two
research projects. The data was collected from the platform development and engagement workshops
with a stakeholder engagement approach [77]. The workshops involved multiple stakeholders that
participated in the projects, representing energy utilities, energy service companies (ESCO), ICT and
telecommunication operators, consumers/prosumers, regulators and so on. Moreover, the project
technical reports and relevant project deliverables were collected and utilized. The P2P-SmartTest
project provided the inputs and models of the distributed energy market design, while the VirpaD
project provided the digital platform architecture with Al integration. The second stage involved the
use of the ADR approach [78-80] with four specific processes that enable the mapping and reconciliation
of the platform design into one model, the 4C systemic model that is presented in detail in the next
section. This action design-oriented approach is an established approach both in the information
system and organization research domain.

Process (1) Problem formulation: in this process, the research focused on conceptualizing the
formulated problem, which is the focal research question of this study: what is the potential of
Al-enabled system architecture for the future energy markets? In particular, this question was posed to
address the two challenges stemming from (1) incorporation of massive renewables that are integrated
into the grids and create new operational, technological and economic challenges for the future energy
market and; (2) an emerging shift from the utility-centric model to a consumer-centric model. As the
World Energy Council [81] addresses, the dynamic consumer-centric energy utilities are 85% more
likely to outperform their peers with respect to the rate of profitability growth, yet only 14% of energy
companies today are in this category.

Process (2) Building and intervention: in this process, the research involved multiple stakeholders
in the energy industry. Ecosystem actor workshops were organized that focused on the creation of
the energy and Al platform architecture. The same 4C framework was utilized in both P2P-SmarTest
and VirpaD projects, where the P2P-SmarTest project focused on a decentralized energy market as
the context and VirpaD project focus was on the Al-enabled platform in smart building context
(including building energy consumption). As suggested by [67], this process involved reciprocal
shaping and concurrent evaluation.

Process (3) Reflection and learning: this is a continuous process and parallels the first two stages as
suggested by Sein et al. [67]. This process involved iterative cycles of conscious reflection on the problem
framing and the theories chosen to reach the target model or architecture as the conceptual outcome.
In this process, the researchers had in-depth queries and discussion on the platform architecture from
process 2 with energy ecosystem actors involved in the project and workshops.

Process (4) Formalization of the learning: in this process, the research formalized the results of the
study to cast the artifact instance into the artifact class or a more generalized model. The architecture
design outcomes (instances) of the P2P-SmarTest and VirpaD projects were cast into a more generalized
4C architecture. Furthermore, the study also used secondary empirical cases to validate the architectural
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model developed. The empirical case information was collected from the industry reports, industry
news media, case company websites and public reports as secondary data. It is of importance to note
that the cases included in the invalidation step are only to demonstrate the explainability and usability
of the proposed model. The cases are not from an exhaustive list of empirical companies.

3. Results

This study adopts the system architecture thinking and ADR approach for the design of the Al
energy platform. Thus, the results are presented and discussed by focusing on the three key constructs:
the structure, the behavior and components, and the view of the system [82].

3.1. System Structure: The Architectural Framework of the AI Energy Platform

The platform architecture may also define the business/market layer from the Smart Grid
Architecture Model (SGAM) [83]. SGAM has three dimensions: domains on the x-axis (Generation,
Transmission, Distribution, Distributed Energy Resources, Customer premises), Zones of ICT-based
control systems on the y-axis (Process, Field, Station, Operation, Enterprise, Market), and the
Interoperability layer on the z-axis (Components, Communication Information, Function, Business).
Therefore, the Al platform architecture contributes to enhancing the smart grid platform as it exists
at the moment to integrate the high penetration of renewable energy sources. From this point on,
the business layer [84] is, therefore, decomposed into four layers, those from the 4C framework in
Table 1 below.

Table 1. The 4C framework for artificial intelligence (Al) energy platform (adapted from [69,85]).

Layer Description

The information and communication technology (ICT) solutions that
Commerce provide all stakeholders with an application or marketplace for trading
alternative connectivity solutions, content or context data.
The ICT solutions that provide data and information-related

text .
Contex contextual-based services.
The ICT solutions that provide any data, information, and content that
Content
the users would want or need.
Connection The connectivity-related solutions to connect one or several networks.

The 4C systemic framework is applied in various empirical-inspired digitalization
studies [68,69,85], which is used in this study as the foundation for theory and framework building.
The framework has been used in value-related research in smart energy and the smart grid.
The framework encompasses four types of value typologies in a digital system (e.g., smart energy
and renewable system): connectivity, content, context, and commerce (as shown in Table 1). The 4C
framework resonates with the SGAM architecture as the formal system model in the EU. The framework
connects the service logic and value-based provisioning and utilization [85] within the focal ecosystem.

Each of the 4C layers is formed from the smart grid architecture and shall integrate the different
actors within the value chain of the smart grid infrastructure. Therefore, the AI platform is transversal
between the energy actors but also throughout the domains and hierarchical zones of the smart grid.
In the 4C framework, the content and context layers are particularly relevant to the field of Al as data
and contextual-aware services from these two layers are empowered by the technological infrastructure.
For instance, Al and more specifically deep-learning technologies have been used for price prediction
for intra-day trade in Nordpool (the Nordic regional energy-trading platform) based on the research
of [86]. The simplified conceptual framework developed and utilized in this study is shown in Figure 1
and the detailed interconnection and integration between the 4C framework as the business/market
layer of the SGAM are presented in Figure 2.
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From a technology perspective, the computation value of a digitalized ecosystem is realized
through the integration of Al technology and algorithms into the existing ICT systems. In particular,
the Al algorithms are developed and trained through various frameworks (e.g., TensorFlow, PyTorch)
and hardware and software computation resources. Building on top of the establishment of network
connectivity and the extraction, collection, and storage of data, Al algorithms are trained to build
meaningful models to enable the execution of automated tasks at scale.

3.2. System Behavior: Al Energy Platform from Market Design and Value Utilization Perspective

Conventionally, a “simple” market model suggests that the business model is to facilitate the
value created in the market to flow from providers to users through a central entity as the aggregator.
The concept paves the way to the simple platform model proposed by [58]. The platform models can
be two- or multi-sided platforms that connect the heterogeneous groups of value providers and value
users through market mechanisms such as matchmaking and bridging [87].

The work of Gandia and Parmentier [65] describes the design of a digital platform from the value
utilization point of view. The platform operators normally need to subsidize one side of the platform
such as the platform service users [65]. In a multi-sided platform, the end-user may consume the
product, service or other value that is created and provided by the other actors on the platform while
producing value to other actors. Furthermore, a multi-sided platform can bridge a variety of user
groups to interact with each other and create positive network effects [88]. Expanding this stream of
design for the Al platform market led to the incorporation of the work from Milgrom and Tadelis [37]
that focuses on how Al can impact generic market design in two major ways.

First, AI can promote trust in digital marketplaces or platforms (hereafter, digital platform).
According to Milgrom and Tadelis [37], trust is a critical issue on digital platforms, mainly due to the
threat from anonymous trading and asymmetric distribution of information. Confidence and trust
on different sides of the platform are essential for the platform actors to conduct transactions and
form a market. The existing digital platforms use online review, feedback and reputation systems
to establish digital trust among platform actors. However, Milgrom and Tadelis [37] argue that the
current online reputation mechanisms potentially inflate the seller rating and do not provide accurate
information for buyers. For instance, the average positive feedback for eBay merchants is about 99.4%.
This can mislead the buyers to make the right choice on the platform today. Al techniques such as
natural language processing can be implemented to access the online communication and provide
more accurate evaluations of the quality and trustworthiness of the buyers and sellers [89].

Second, AI can reduce matchmaking friction. Existing literature (e.g., [37,90]) shows that a key
deployment of Al and more specifically machine learning, for digital platform is to enhance and
optimize the way in which potential actors engage with the platform through the search function.
Today, search engines like Google or Bing also employ Al algorithms as their core technology provides
better search result quality, enhances the matchmaking capability of the platform and provides a great
user experience. The sharing economy platforms like Airbnb also utilizes Al to deliver better search
results for the users from its platform to make customers happy. Therefore, on the utilization side of the
platform, when the energy system and market become highly distributed, Al can impact, enhance and
optimize for better user experience such as better trust mechanisms and matchmaking friction reduction.

3.3. System Behavior: Al Energy Platform from Technology Innovation and Value-Provisioning Perspective

The value-provisioning side of an Al platform is focused on the creation and development of Al
functionality and capability to create value for the platform users. Here, the 4C framework is used for
the Al platform as the model goes beyond the boundaries of a company and enables collaborative value
creation and capture with other ecosystem actors [91] and for the joint and system-wide development
of innovations [92].

The 4C concept is manifested as the stacks and layers of the platform model where lower layers
serve as the foundations for the higher layers enable the commerce or electricity market trading [85].
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The layered approach is similar to the EU’s SGAM model as the formal and technical-oriented model or
architecture of smart grids, where there are five layers from bottom to top: physical component layer,
component layer, data layer, functional layer, and business layer). Compared to SGAM, the layers in
the 4C framework can also be dynamically combined and stacked to provide more versatile value to
the energy system [85].

Opverall, the value provisioning of the AI platform is more concerned with the creation of value
by Al, for example, optimized grid operation and management (connection layer), the enhanced
prediction of energy supply (content layer), load balancing (context layer) or market pricing for whole
electricity market (commerce).

3.4. System View: the Proposition of an AlI-Empowered Energy Platform

This study sees that an Al platform model/framework can be established as a market model of the
energy industry. In such a platform, energy users and producers (e.g., consumers and prosumers) can
contribute to the electricity market by providing distributed renewable energy supplies and network
balancing capability in exchange for other types of value, such as a tangible monetary reward for active
market participation or intangible value like environmental and social value. In this case, a multi-sided
platform can be created not only for the exchange of monetary value but also to enable the market
participants to capture other types of value [85]. Al can be utilized as an orchestrating entity to facilitate,
optimize, manage and automate the market transactions. The increased number of market transactions
and activity logs can serve as data and training input to improve the Al and algorithms (e.g., how
Google uses neural networks to improve its data center operation’s energy saving). This type of AL
platform builds on the existing electricity market transactions and operations that are dependent on
human decision making and control.

4. Discussion

Referring to the framework in the previous section, the mapping of the Al platform model and
validation of such an architectural model are discussed in this section. The initial mapping of the AI
platform architecture is shown in Figure 3.
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Figure 3. How Al can impact the value provisioning and utilization on the energy platform.
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4.1. Using Al to Enhance Value Provisioning on the Energy Platform

ATlhas demonstrated its effectiveness in the smart grids in renewable integration. At the connection
layer, Al can support artificial neural networking and scheduling for the electric grid and network
operations such as optimal dispatch, network reconfiguration, and maintenance schedule. According to
Ramos and Porto [2], a number of Al techniques such as artificial neural networks or fuzzy systems are
frequently used to solve the issues related to these operation areas.

At the content layer, Al can provide enhanced energy supply and production. For example, GE
utilizes intelligent algorithms to improve and optimize the operation of wind turbines. Furthermore,
when massive nodes of renewable supplies are connected to the grids, Al can perform well in the areas
of diagnosis and control. For example, intelligent tutoring systems are trained and experimented with
by utilities to improve network control [29].

At the context layer, contextual information and data can provide input to train Al models for
load and demand prediction [93] as load and supply predictions are not only used by the traditional
energy utilities.

At the commerce layer that relates to market trading, fuzzy logic has been implemented to provide
price forecasting for electricity markets. Moreover, deep learning as a recently popular technique
is utilized in cross-border electricity trading and price prediction [86]. The study of [94] shows the
progress in using Al algorithms to assist distribution system operators (DSO) in managing high levels
of renewables on a local flexibility trading market.

4.2. Using Al to Enhance Value Utilization on the Energy Platform

Based on the framework of the research, a number of areas that Al can impact on the utilization
side of the smart grids and renewables are identified.

First, similar to the market price prediction on the commerce layer that is mainly used by the
energy utilities, aggregators and balancing service providers in the electricity market trading today,
Al can provide similar data, information, and prediction for the consumers who are on the utilization
side of the platform at the commerce layer. Moreover, the energy-intensive industry branches could
use Al to schedule processes based on their energy intensity to maximize profits and minimize costs.

Second, as proposed by Milgrom and Tadelis [37], a potential use case of Al in the context layer is
to enhance the way potential consumers interact with the digital user interface to search for products
or services provided by the platform. In our case, it can be the renewable trading products and other
energy services provided on a digital energy platform in the context layer. Moreover, there is also a
market for storage capacity. Apart from providing emergency reserves in the intra-day market, there is
also a vision that electricity consumers could not only buy battery power from public facilities but
also sell.

Third, at the content layer of the value utilization, Al can improve and transform the trust
mechanisms of today’s digital platform (e.g., at the content layer). As mentioned previously, natural
language processing can be used to extract semantic information and meaning from the platform
actors’ communication messages in order to provide better insight into the trustworthiness and quality
of the platform actors so that it enables better use of the energy platform at the commerce layer. From a
technical perspective, the study of Chui et al. [95] introduces a novel approach, the genetic algorithm
support vector machine multiple kernel learning (GA-SVM-MKL) algorithm to detect 20 types of home
appliances with improved accuracy of 7%. Such an application can support better optimization of
home energy use at a more granular level.

At the connection layer, Al can be connected with other technologies such as blockchain to promote
trusted and automated connections that enable advanced market matchmaking and transaction on
other layers. By integrating Al, smart contracts and distributed-ledger technologies, there is potential
to bridge the exchange of excess renewable generation, storages and electric vehicles (EV) through
automated matchmaking with little or no human intervention, which can be a game-changer for
tomorrow’s electricity market [38].
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4.3. Validating the Platform Model with Empirical Cases

Based on the action design approach, this study includes a validation process on the proposed
system architecture with the empirical cases collected with desk research. The findings from analyzing
the empirical cases are two-fold (Figure 4):
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Figure 4. Validation results of the proposed platform architectural model.

First, the existing empirical cases resonate with the initial argument of the paper in
that the Al applications in energy are rather narrowly focused on a specific use-case domain.
However, these cases can be mapped with the 4C framework on both value-provisioning and
utilization sides. Second, there are emerging companies that have adopted the platform model to
develop an Al-enabled energy platform, a platform that spans two or three layers within the 4C
framework. Although these cases do not fully cover the whole 4C framework, the empirical results
demonstrate that the 4C framework can be used to analyze and explain the architectural design of an
Al-enabled energy platform in practice.

On the value-provisioning side of the framework, a number of examples show that AT has been
applied at different layers. The context layer can be associated with supply prediction. Xcel, as one
of the largest energy suppliers in the US, is utilizing Al technology in Colorado to address weather
forecasting challenges. Al-based data mining approach is used to create in-depth weather reports with
high accuracy. Xcel’s system collects data from local satellites, weather stations, and wind farms to
identify data patterns and make predictions to better inform the company’s planning decision in terms
of energy supply [96]. Google as an ICT and Al giant has used machine learning to make predictions
for wind farms. For instance, Google’s London-based subsidiary DeepMind has utilized its own Al
system to forecast wind-farm production. DeepMind can predict wind power output 36 h ahead by
using DeepMind’s neural networks [97].

At the content layer, GE has used its Predix platform to optimize GE’s wind-farm production.
The platform can integrate data from different sensors from the wind turbine and performs detailed
analysis to predict production and operation failure in the machine before it happens. Furthermore,
the Predix platform can also optimize a collection of wind turbine assets to maximize the electricity
product output [96].

255



Energies 2019, 12, 4128

At the connection layer, AES (an energy company that has 36 gigawatts of energy capacity
in 17 countries) has been developing advanced neural networks, natural language processing, and
machine intelligence. The key application area of the AES” Al is to improve the awareness, efficiency,
and maintenance of the electric grids that connect the company’s solar and gas generation assets, as
the so-called “preventative maintenance” for grid operations [98].

On the value utilization side of the framework, several new Al companies have emerged in the
energy market. PowerScout [99] is a California—based startup that can be considered as providing the
solution for the consumers on the commerce layer of the 4C framework. The company uses Al and
machine learning to improve consumer awareness and participation in the energy market. PowerScout
utilizes industry data and Al to demonstrate potential savings on power costs for the consumers.
PowerScout’s Al platform collects data from over 100 billion data points that are connected to 45 million
households. The data is collected from several sources and predicts whether or not a given household
should be investing in solar energy and helps the solar installers to match with the potential buyers.

At the content and context layers, GE has been focusing on utilizing Al to optimize how electricity
flows out of batteries and points of consumption [100]. Grid4C and Landis+Gyr (one of the leading
smart meter manufacturers) have formed a partnership to provide utilities with granular real-time
predictions and actionable insights for operations and customer-facing applications. The so-called
“Al grid edge” solution is the core technology that enables the applications to achieve granular load
forecasting as well as optimization for the distributed energy resources for home energy management
at the appliance level. The new application can predict and detect faults in both grid assets and home
appliances and can be used to reduce peak demand at consumer home premises [101]. These cases
demonstrate that Al technologies are actually used for demand-side management at consumer locations.

In addition to the empirical Al applications that are focused on a single layer within the 4C
framework, the research has also identified a breed of emerging Al platforms that span multiple layers
of the framework and resemble the platform architecture proposed in the paper.

C3.ai [102] is an Al-as-a-Service (AlaaS) platform that enables the utility companies to utilize a
variety of data sources (from the grid operations) that underpin Al and machine learning algorithms to
optimize grid asset management and forecasting systems, enhance the energy efficiency, and enrich
customer service engagement with real-time predictive insights. C3.ai’s Al energy platform offers
solutions that can cover several 4C layers: (1) at the commerce layer, C3.ai has the software solutions
for digital customer experience and customer segmentation and targeting; (2) at the context layer, the
platform offers energy-management analytics to reduce utility operation costs and enhance operation
via real-time tracking, analytics, and optimization. Al techniques are used to provide more accurate
forecasting and enable more effective demand response; (3) at the content layer, the C3.ai optimizes DER
management by integrating real-time energy data across systems and sensor networks. The platform
can enable secure API (application programming interface) to access various data for a utility’s grid edge
control and operational platforms. With the Al algorithms, the C3.ai platform enables the management
of distribution asset capacity constraints and mitigation of active and reactive voltage issues; (4) at the
connection layer, the C3.ai provides predictive maintenance that can estimate asset failures in advance
for the generation, transmission, and distribution systems. Both supervised and unsupervised learning
algorithms are used to process the data streams from sensors, SCADA (supervisory control and data
acquisition) systems, and asset management systems to identify anomalies and predict malfunction
probability of the assets.

Another empirical case is Verv [103], which is an Al energy startup that integrates Al and
blockchain: (1) at the connection layer, the company’s device is connected directly to the smart meter
in a home. Through the hardware device, Verv’s platform then monitors the whole electricity usage
of the consumer premises. Verv’s device has a “sample rate” that is up to 5 million times faster than
a typical smart meter [103]. This is known as high-frequency data which allows the Verv device to
gain more detail from the electricity mains.; (2) the content and context are interconnected in Verv’s
case, where the collected high-frequency electricity data allow the Al algorithms to recognize the
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household appliances via their unique energy signatures, eventually identifying new appliances in
consumer homes and providing smarter insights into usage patterns. (3) At the commerce layer,
the company builds a blockchain-enabled electricity trading platform that enables P2P energy trading.
The households can sell the excess solar generation directly to other consumers/prosumers through the
matchmaking mechanism provided by Verv Trading. This approach helps provide low-cost electricity
for the consumers without solar panels and more return on investment for the prosumers who have
solar panels installed.

Overall, based on the outcome of the validation, the proposed platform model demonstrates the
expandability of the empirical cases. On one hand, the proposed model shows that the stand-alone
and hybrid empirical AT applications can be mapped on the architecture model at all four layers and
two sides of value provisioning and utilization, except for the connection layer on the value utilization
side. On the other hand, the results show that there is a gap between theory and practice. The Al
energy concepts are developed ahead of the empirical cases that can actually implement. This is
particularly true for the value utilization side of the platform. For example, there is no empirical case
on automated trading at the commerce layer for consumers. However, Fortum as a Nordic energy
supplier is providing the Nordpool spot market price for the electricity consumers today. There is
potential to incorporate Al-enabled pricing prediction for the consumers and prosumers in the future.

The enhanced matchmaking (context) and platform trust (content) enabled by Al are missing.
However, the ICT and eCommerce literature suggests that Al algorithms can be used to optimize and
generate highly relevant results and reduce search friction and cost to the user [37] in other empirical
cases. Currently, there is no massive energy platform like Amazon for eCommerce platforms or Airbnb
for home-sharing platforms, which means enhanced matchmaking and search friction reduction is
not critical at the time of this paper as the energy platform has not reached a critical mass to demand
these functions. However, technology is mature enough to provide such capability. For instance,
Google receives more than 63,000 searches per second on any given day, which is equivalent to
5.6 billion searches per day [104].

5. Conclusions

In the ever-increasing pace of renewable integration and the adoption of smart grids as the next
generation of the energy system, the integration of massive distributed energy supply and resources
is the key. Evidently, AI technology can tackle many of today’s energy-system challenges that have
numerous non-linear and high-uncertainty issues.

The literature used in the paper represents two streams of scientific research, the energy market
design literature and the information system literature. Our key contribution to energy market design is
to use introduce platform thinking for the Al-enabled energy market. The platform is a well-established
concept and theory in energy economics. For the information system literature, we bring in the business
model perspective as the information system comprises the operation process and business process.
Even though platforms and data have been related to both research streams, existing research has not
incorporated both streams to investigate Al as a general-purpose technology [9] that can enable and
influence the technical and market architecture of the energy platforms. It is key to distinguish that this
paper focuses on the system architecture of the energy market, while deriving mathematical modeling
is not within the scope.

Above all, a consumer- and prosumer-oriented electricity system architecture enabled by Al
technology is becoming a crucial area for the energy sector and energy market worldwide [105]. A more
autonomous, optimized and flexible design of an energy system can be enabled by Al technology
that is supported by the advancement in big data, IoT technology as well as computing technology.
Multiple studies show that Al can improve the operating efficiency, reliability and intelligent ability
of the energy system. Overall, Al is expected to be one of the means to develop security, economy,
and reliability of the power industry.
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The key contributions of the study are as follows. First, the study proposes a new energy
system/market design architecture that is enabled by Al and big data. Al techniques have been tested,
experimented upon and proven effective in numerous technical areas of smart energy systems and
renewable productions. However, the lack of a holistic view of how these Al techniques can be integrated
from the energy system perspective has been missing. This study tackles this issue by utilizing the 4C
framework that has earlier been used in the ICT and energy ecosystem studies [69,85]. The end results
show how Al technologies can be integrated into various parts of the energy system architecture.

Second, through the proposed platform model, the study identifies the research gap that the
current Al and energy studies have been focused on narrow Al applications. This paper discusses the
possibility of an Al platform that can incorporate, coordinate and manage different AT applications
so that to create extended value for a complex system of the energy industry and market. The
study introduces platform thinking to Al and energy research, suggesting that an Al-empowered
energy platform or marketplace can be a potential solution for the next-generation energy systems
for the incorporation of massive distributed renewable resources. Companies like Google, Amazon,
Airbnb have proven that Al has the capability to manage and automate a digital system and platform
that can go beyond human limitations e.g., by handling tens of thousands of research queries per
second without compromising the resulting quality.

Third, the advantage or benefit of using the platform approach is to see how extant energy research
has focused on value provisioning for the energy systems. This is largely due to the fact that the
legacy energy systems are built on the paradigm of centralization and where the energy supply chain
thinking is dominant. Platform thinking brings forward a perspective shift to help us see not only value
provisioning but also value utilization in the electricity market. Thus, coordination and optimization
can and should take place on both provisioning and utilization sides of the market. This inspires us to
see Al'’s capability on the utilization sides of the electricity market in cases such as enhancing market
trust, reducing research and matchmaking friction and cost to the market participants. It is important
to note that AI’s capabilities on the value utilization side are not only limited to the areas discussed
in this paper. In fact, this research encourages future research to explore and discover more on the
utilization side of the energy platform to enrich energy research and literature.

The limitation of the study is that it is built on secondary data and is inductive research. Al platform
thinking is a novel concept that steers us towards the future energy industry and new AI technologies,
and applications are still emerging. The paper focuses on concept development and proposition rather
than validation. It is recommended for future research to utilize the deductive approach to survey and
collect more empirical case studies to further test and improve the framework developed in this study.

This paper contributes to how Al can be combined with platform thinking to develop a holistic
view on the Al energy platform. We argue that this is a potential model and design for the future and
for more distributed energy and electricity markets. In addition, theoretical research and the practical
application of Al in energy markets are further encouraged, For instance, a more holistic energy system
comprises more than just renewable electricity exchange, it also includes services targeted at smart
cities, industries, and transportation among others [95]. From the geopolitical perspective, with the
increased share of renewables entering the scene of electricity and the energy market, tough competition
will be faced by traditional powerplants and utilities to stay profitable, although baseload power
will still be required. Therefore, there is massive potential for the use of Al technologies today and
in the future for a regional market beyond country borders, such as the pan-European energy and
electricity market.
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Abstract: To further promote market competition, enrich trading varieties, alleviate information
asymmetry, and improve trading efficiency during electricity market reform in China, the continuous
bidirectional transaction (CBT) was designed and applied in the Yunnan electricity market (YNEM),
which is dominated by medium- and long-term power energy trading. The clearing model for the
CBT with the goal of maximum social welfare is proposed in two bidding stages, including call
auction (CA) and continuous double auction (CDA). Correspondingly, the integrated two-stage
market clearing algorithm is also introduced to ensure the data consistency and business continuity.
Finally, the analysis of the practical application shows that the proposed model, algorithm, and
various key implementation strategies of the trading platform support the bidding and clearing of
the CBT well. In addition, the research and application of CBT may also provide valuable insights for
other electricity market construction.

Keywords: electricity market; trading mechanism; clearing model; clearing algorithm; trading platform

1. Introduction

Over the last few decades, the installed power-generation capacity of China has exploded,
especially for hydropower capacity, increasing from 20 GW in 1980 to 352 GW in 2018 [1,2]. However,
wasted hydropower is often associated with the rapid deployment of hydropower because of a lack of
energy planning, delayed construction of power grid, and multiple interest game [3]. According to
official statistics, wasted hydropower exceeded 28.7 terawatt hours (TWh) and 31 TWh, respectively, in
Sichuan and Yunnan in 2016 [4], which are the two hydropower-dominated power grids. This is a very
serious problem and also partly motivated the electricity market reform. Therefore, the “Opinions on
Further Deepening the Reform of the Electric Power Systems: Document No. 9” was promulgated in
March 2015 by the State Council and the Central Committee of the Communist Party [5].

Since the new round of electricity market reform in 2015, various regions and provinces in China
have created medium- and long-term electricity markets, and a great deal of progress has been made.
Two regional trading centers in Beijing and Guangzhou, as well as provincial trading centers in each
province, have been set up to handle cross-provincial, cross-regional, and intra-provincial transactions.
From the perspective of the whole country, the market reform has been deepened year by year due
to positive factors, such as diversified market entities, rich trading varieties, and diversified market
services. In 2018, the total amount of electricity traded (including the generation rights traded) in
the national electricity market was 2065.4 billion kilowatt hours, up 26.5% from the previous year.
The proportion of electricity traded in the market was 30.2% of the total electricity consumed by the
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whole society, 4.3 percentage points higher than in the previous year. The proportion of electricity
traded in the market was 37.1% of the electricity sold by power grid enterprises [6].

Yunnan Province, as one of the first batches of comprehensive pilot provinces of electricity
market reform, has always been in the forefront of domestic electricity market reform. After several
years implementing successful operations, much progress has been made in, for instance, the market
scale, the market supervision and the trading mechanism. By the end of December 2018, a total of
7662 market entities had completed registration and gained access. This scale is three times that of the
initial stage of the Yunnan electricity market (YNEM). In 2018, more than 85 billion kilowatt-hours
of electricity were traded in the provincial market, an increase of more than 21% from the previous
year. Among this electricity, the proportion of clean energy trading electricity accounted for more than
97%, ranking highest in the country. Trading electricity accounted for more than 62% of the electricity
sold in the Yunnan power grid (YNPG) [7]. This increase in electricity trading volume indicates an
increase in market demand, which promotes the reduction of hydropower curtailment to a certain
extent. In addition, medium- and long-term trading mechanisms are becoming increasingly mature,
and trading varieties are abundant, providing diversified choices for market players [8]. As a pioneer
in the new round of electricity market reform in China, the newly reformed YNEM has achieved
initial results, where an increasingly mature, efficient, and fair electric power trading market has been
gradually established, which provides valuable experience for the construction of electricity markets
in other provinces.

The market operators of the YNEM have been committed to enriching the construction of
the trading mechanism. To further promote market competition, enrich trading varieties, alleviate
information asymmetry, and improve trading efficiency, the continuous bidirectional transaction (CBT)
was designed and applied in the YNEM in 2018 [9], which is characterized by a sequential two-stage
bidding process with real-time market information disclosure that integrates call auction (CA) and
continuous double auction (CDA) [10,11]. The CBT is quite different from the original trading methods
in the YNEM. How to design and implement CBT business, such as bidding and market clearing, is a
problem worth studying.

Research on electricity trading mechanisms attracts much attention. Many experts and scholars
have done a great deal of work on this topic [12]. On the one hand, game theory, auction theory, and
other mechanism design theories are widely used in power market design. Using game theory, Carlos
Silva et al. designed a new mechanism. In the deregulated environment, efficiency (economic dispatch)
can be achieved despite the information barrier of effective distribution of power production [13].
Based on the theory of signal game, Liu Z et al. took the degree of information interference as an
important factor to evaluate the bidding mechanism and put forward a semi-random matching (GSM)
incentive bidding mechanism [14]. In order to alleviate the market power of participants and improve
the social welfare of the power market, Xiaoyan Zou took the social welfare contribution of each
participant as the key factor of market clearing, payment and settlement, and transaction matching
rules, and proposed a new double-sided auction mechanism [15]. Under the condition of satisfying
the characteristics of mechanism design theory of individual rationality, incentive compatibility and
payment cost minimization, Zou P et al. analyzed, derived and designed a customized pool-based
market mechanism by using the economic mechanism design theory [16]. In order to institutionally
stabilize the market, Chen Zhang and Wei Yan restricted the abuse of market power by restricting the
arbitrage opportunities generated by multiple markets and developed a mechanism [17]. In order to
realize the long-term stability of electricity price in the day-ahead electricity market [18-20], Ying Yu et al.
designed an incentive contract menu. In the framework of a one-leader and multi-follower game, a
bilevel Stackelberg game model was also proposed to find the optimal incentive mechanism [21]. On the
other hand, with the development of power system, the design of power market in the environment of
rapid penetration of renewable energy and distributed energy is also concerned [22]. Agalgaonkar et al.
examined placement and penetration level of the distributed generations under the standard market
design (SMD) framework [23]. Based on the indirect mechanism design framework, Khazaei and Zhao
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aggregated renewable energy power generation companies in a two-settlement electricity market and
designed the revenue distribution mechanism by solving the competitive equilibrium of the special
market with transferable revenue [24]. Liu et al. discussed P2P power trading mechanisms based on
auction and bilateral contract and analyzed their effectiveness in the future power distribution system,
to reasonably manage power trading between users [25]. To develop strategies for the integration of
prosumers into competitive electricity markets, Parag and Sovacool identified and discussed three
potential retail markets related to the integration of retail power grid, peer-to-peer models, and
retail community groups [26]. Relying on blockchain and CDA mechanism, Wang et al. proposed a
decentralized electricity transaction mode for microgrids [27]. Mengelkamp et al. derived seven market
components as a framework to build an efficient microgrid energy market [28].

Although there are a lot of studies on market mechanism, its literature and real application on
integrated CA and CDA in the electricity market, which is dominated by medium- and long-term
power energy trading, are relatively less. This paper aims to research and design the CBT and put it
into operation in YNEM. To this end, the clearing model with the goal of maximum social welfare
for the CBT is proposed, which is the theoretical basis of market clearing based on CBT trading rules.
Correspondingly, based on the difference and connection analysis of the two stages, the design of a
two-stage integrated market clearing algorithm to ensure the data consistency and business continuity
is also introduced. Moreover, the practical experiences in implementing the CBT-based electricity
trading platform (CETP) are described. Finally, the practical application is analyzed, and the CBT
mechanism, clearing model, algorithm, and platform construction experience mentioned in this paper
may provide valuable insight for other power market constructions.

The rest of the paper is structured as follows. In Section 2, the continuous bidirectional transaction
of the YNEM is briefly introduced. The two-stage integrated clearing model of the CBT is proposed in
Section 3. Section 4 illustrates the design of the market-clearing algorithm of the CBT. Section 5 presents
the architecture and some implementation strategies adopted in the CETP. The practical application
of the CBT based on the CETP in the YNEM is shown in Section 6. Finally, conclusions are drawn in
Section 7.

2. Organization of Continuous Bidirectional Trading Mechanism

Unlike the major electricity markets operated by Pennsylvania-New Jersey-Maryland(PJM),
California Independent System Operator (CAISO), and Electric Reliability Council of Texas (ERCOT)
in North America [29-31], British Electricity Trading and Transmission Arrangements (BETTA) in
Great Britain [32] and Nord Pool Spot in Nordic Europe [33], the YNEM is dominated by medium-
and long-term electrical energy transactions briefly described in Figure 1. Moreover, all trading
contracts require physical delivery, which means that the final transaction results need to be checked
by YNPG [34]. The continuous bidirectional transaction (CBT) is new to the YNEM,; it was introduced
in the beginning of 2018, and currently, this bidding scheme is applied to the monthly market, where
electricity consumers and producers submit a set of price-volume pairs, indicating their willingness to
buy and sell electricity for the next operating month [9]. The CBT, together with the original bilateral
transaction and matching transaction, constitute the main transaction varieties in the monthly market.

The CBT is a multistage double auction with numerous buyers and sellers, where the following
rules are applied:

1. Itis a two-stage double auction online.

2. The first stage includes a call auction (CA), i.e., a one-shot game, where buyers and sellers submit
sealed bids with discrete price-quantity combinations, which state the amount of energy that the
company is pleased to sell or buy at specified prices.

3. During the first stage, the sellers cannot obtain the buyer’s demand curves. In the same way,
sellers” supply curves are not available to the buyers. All market participants can bid or cancel a
bid until the time is up. After the closure of this stage, the submitted seller and buyer bids are
aggregated, resulting in the first-stage unconstrained results by the CETP of Kunming Power
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Exchange (KMPEX). The results include the market clearing prices (MCPs) of this stage and bid
matchings according to the submitted bids [35]. Orders with remaining unmatched volume will
enter the second stage first with the same timestamp.

4. The second stage consists of a continuous double auction (CDA) [36]. Participants use the CETP to
advertise offers to sell or bids to buy energy. In such a computerized marketplace, all participants
can observe the quantity and price submitted by other parties, but they cannot learn the identity
of any party who submits an order. When a party enters a new bid, the CETP checks whether
there is a matching offer within the bid-delivery period. If it finds that the differences of prices
(DOP) between the buyer’s and the seller’s bids is not negative, the transaction is automatically
concluded, and the price and quantity are displayed for all participants to view. Otherwise, the
unmatched new bid is added to the list of uncompleted bids and will remain until a transaction
can be concluded or until the bid is withdrawn. A similar procedure occurs each time a new bid
is entered into the system [37].

5. Since the auction is calculated in a sequential machine, the bidding information is registered in
time-sharing. Therefore, even if two bids are submitted at exactly same time, they are registered
in order, which is determined by chance [38].

6.  Ifno time is left in the second period, the auction is finished. Here, the total unconstrained results
are submitted to YNPG for security checks, which take into account the technical requirements,
such as spatial-temporal coupling among reservoirs, line congestion on both the buyer and seller
side, and the risk of water spillage, rather than economic factors, such as price or cost. For instance,
when the transmission line is blocked, the power generation needs to be curtailed according to the
capacity, which means that power generation is substantially controlled by the grid [39].

7. The results of the security check are returned to KMPEX in the form of the caps of the power
generation, which KMPEX regards as constraints to the final bid clearing. Then, the final constraint
results will be part of the monthly transaction contracts [40].

- g K 4 ) ~
®  Market buyers an. ®  Market buyersand | ®  Market buyers and | ®  The contract ®  Marketbuyersand | ®  Financial

sellers sign monthly sellers offers/bids sellers offers/bids delivery sellers sign settlement
physical bilateral ®  Centralized or ®  Centralized or contracts to
G continuous clearing continuous clearing transfer deviation
®  Continuous ®  monthly physical ®  daily physical between reality

modification of bilateral contracts bilateral contracts and contract
contracts
Year Ahead(Y-1) Month Ahead(M-1) Day Ahead(D-1) D~ M1~

+————— Medium- and long-term trading ————<— Short-term trading —><-  Operation ~ —»+—— After Operation ~ ————»}

Figure 1. Process of the medium- and long-term electrical energy transactions in the Yunnan electricity
market (YNEM).

The organizational process of the CBT is shown in Figure 2. The regular schedule of each stage
listed in the figure may be adjusted and disclosed to market participants before the transaction is
actually carried out.
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Figure 2. Flowchart of the continuous bidirectional transaction (CBT).
3. Two-Stage Clearing Model of the CBT

In this paper, the expected total revenue of buyers and sellers is regarded as the whole social
welfare (also denoted as ‘surplus’) from the auction [15,35,41]. The CBT is also an auction mechanism
maximizing the whole social welfare, which is equivalent to maximizing the expected total revenue of
sellers and buyers under the following restrictions. The market-clearing model for the CBT can be
described as follows.

3.1. Call Auction Stage

Objective function—the social welfare of the call auction stage can be expressed as follows:

= maXZ Z ((Pob,i = Poaij) X Qoaij + (Pod,ij = Psp,j) X Qsaif) (€))

i€l jeJ

where i and I represent the index and set of market buyers, respectively; j and | represent the index
and set of market sellers; Py, ; (yuan/kWh) represents the bid price of market buyer i; Py, ;; (yuan/kWh)
represents the deal price of market buyer i with market seller j; Qp4,; (kWh) represents the energy
cleared of market buyer i with market seller j; Py, ; (yuan/kWh) represents the bid price of market
seller j; Pyg,; (yuan/kWh) represents the deal price of market seller j with market buyer #; Qs4,i; (kWh)
represents the energy cleared of market seller j with market buyer i; and 71 (yuan) represents the social
welfare of the call auction stage.

All the constraints are given by the KMPEX before the bidding. The constraints faced by the call
auction stage include bidding constraints and clearing constraints.

Market bidding constraints are defined as follows:
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{ 0<Qw,;< be/i )

0<Qupj < Qup,j

{ Py < Py < Pg 3
P, < Psb,j < P{g

where abb,i (kWh) represents the quantity caps of buyer bid; ésb, i (kWh) represents the quantity caps
of seller bid; and P, (yuan/kWh) and Pg (yuan/kWh) represent the lower and upper bounds of the bid
price of buyer i and seller j, respectively.

Market clearing constraints are defined as follows:

Y. Quaij < Qi
€l (@)
% Qsa,ij < Qs j
Z Z Qb ij :Z Z Qsd,ij 5)
iel jeJ iel jeJ
Qpa,ij 2 0 6
{ Qsa,ij 20 ©

Ppij = Ppp,i = Popj
Pyd,ij = Ppp,i = Paij/2 (7)
Pgqij = Pgpj+ Paij/2

Equation (4) indicates that the accumulated transaction quantity does not surpass the bid quantity.
Equation (5) is the power balance constraint, which represents that the total amount of electricity
traded between buyers and sellers is balanced. In Equation (6), the lower bound takes nonnegative
values for Qpg,ij and Qsg,ij, which means that transfers of electricity between buyers or between sellers
are not allowed in this transaction.

All sellers (i € I) and buyers (j € ]) are paired into I X | pairs, and the DOP of I X | pairs are
calculated by Equation (7), where Py ;; represents the DOP between marker buyer 7 and marker seller j,
which is not negative to meet the transaction conditions. Py4;; and Py ;; represents the buying and
selling prices for the financial settlement of each pair, respectively, which are determined according to
a modified pay-as-bid (PAB) principle that adjusts the effective prices through their DOP [4].

3.2. Continuous Auction Stage

In the continuous stage, every pair matched successfully is recorded as one round. That is, there
is only one matching pair of trades per round.
Objective function—the social welfare of the continuous auction stage can be expressed as follows:

iy = ZR max((Ppy ;= Ppg i) X Qi+ (P i = Poy i) X Qi) ®)
re

where 7, R represents the index and set of trade rounds during the second stage (continuous double
auction); P;;b,i,r (yuan/kWh) represents the bid price of market buyer i in the round r; P} diir (yuan/kWh)
represents the deal price of market buyer i with market seller j in the round r; Q dijr (kWh) represents
the energy cleared of market buyer i with market seller j in the round r; P;h,j,r (yuan/kWh) represents
the bid price of market seller j in the round 7; P; dijr (yuan/kWh) represents the deal price of market
seller j with market buyer i in the round r; Q! Qi (kWh) represents the energy cleared of market seller
j with market buyer i in the round r; and 7, (yuan) represents the social welfare of the second stage.
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Market bidding constraints are defined as follows:

—
Q;b ir < be/i,r
L < — 9)
QSb,j,V = Qsh,j,r
— — r=1
Qebir = Qo = L Qoaij = X L Qpyiiv
jel r'=1 jeJ r 10)
— — r=1 (
Qubjir = Qo= L Qsaij = X L Qi
iel r'=1iel n
Py < Pl’rfb,i,r ES Pﬁ (11)
/
Py < Psb,i,r = Pﬁ

where él/ab,i,r represents the bid quantity caps of buyer i in the round r; @;b, j- represents the bid quantity
caps of seller j in the round r; Equation (10) explains that how to calculate the bid quantity constraint
value of the round r.

Market clearing constraints are defined as follows:

4 4
]% de,ij,r < Qg

D o (12)
iZE:IQSd’ij’r = st,j,r
Z Z Q;;d,ij,r = Z Z Q;d,ij,r (13)
i€l jeJ i€l jeJ
{ Q;b,i,r 20 (14)
’ .20
sb,jr
s ,A,ij,r =P Lb,i,r i ;b,j,r
Poiiir = Prpiy = Phijr/2 (15)

;d/ij,r =P ;b,j,r +P lA,ij,r/ 2

Equation (12) indicates that the accumulated transaction quantity must be less than their bid
quantity in the per round. Equation (13) represents that the total amount of electricity traded between
buyers and sellers is balanced. In Equation (14), the lower bound takes nonnegative values for Ql;b,i,r
and Q;b,j,r’ which means that transfers of electricity between buyers or between sellers are not allowed
in this transaction. The clearing price mechanism is illustrated in Equation (15). P’A,i]',r represents the
DOP between marker buyer i and marker seller j in the round r, and P P’ .. are the buying and

bd,ijr  sd,ijr
selling prices for the financial settlement of each pair, respectively.

4. Two-Stage Integrated Clearing Algorithm

As mentioned above, the CBT includes a bidding process that integrates CA and CDA. In order
to better design a two-stage integrated market clearing algorithm, it is necessary to analyze its main
differences and connections.

Connections: After the market clearing of the first stage, the orders with remaining unmatched
volume will be directly included in the second stage, at the same time as the earliest bidding information
in the second stage.

Differences: The market clearing takes place only once after all the biddings are collected in the
first stage, and the bidding and clearing are obviously sequential; the market clearing is real-time
in the second stage, and once the transaction conditions are met, the matching will be carried out.
The real-time market-clearing couples the continuous bidding and clearing together.
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To ensure the data consistency and business continuity in an efficient way, based on the above
analysis, a two-stage integrated market-clearing algorithm is designed. The algorithm used to solve the
whole problem is represented by the flowchart in Figure 3. The main steps involved in the algorithm
implementation are described as follows.

If continuous phase is still in

progress?
Calculate the DOP of each
pair
J‘ Yes
Sort and group
azeERitag iiv DO vl Wait and receive a new bid info of

buyers or sellers.Sort the bid info

v

Obtain the optimal order of buyers'
declaration and sellers' declaration

the DOP is not negative?

The pair is matched between the

Process remaining unmatched buyer and seller

orders for subsequent stage

Figure 3. Flowchart of the algorithm.

Temaining spread
groups to calculate?

Calculate the transaction
volume and electricity price
of each pair in this group

Step 1: pair each buyer and seller, and the DOPs are calculated for all matching pairs.

Step 2: these pairs are then sorted in descending order based on DOP values. Obviously, a pair with a
negative DOP value will not be contracted. The same DOP pairs are divided into a group.

Step 3: start with the group with the largest DOP. If there are any remaining spread groups to calculate,
proceed to the next step; otherwise, the market clearing of the first phase is over, so move on to Step 5.
Step 4: the total transaction amount of this group is the smaller value of the quantity declared by all
the buyers and the quantity declared by all the sellers in this group. Then, the transaction quantity of
each pair is allocated according to the bid quantity in this group. The prices are given by Equation (7),
which is mentioned above. After the contract is formed, move on to step 3.

Step 5: orders with remaining unmatched volume are marked with the same timestamp and grouped
by price. After entering the second stage, each group is listed as a new order at the earliest time.
Step 6: if the continuous phase is still in progress, then enter the next step; otherwise, the market
clearing in the second phase is over.

Step 7: wait and receive new bid info of buyers or sellers. All buyer bids are sorted according to
bid-price values in descending order, while seller bids are sorted in ascending order. Once the bid
price between buyers or between sellers is the same, it shall be sorted according to the principle of
early declaration priority.

Step 8: obtain the optimal order of buyers’ declaration and sellers’ declaration, and calculate the DOP
between buyers’ and sellers’ bids.

Step 9: if the DOP is not negative, go to the next step; otherwise, move on to step 6.

Step 10: the pair is matched between the buyer and seller, whose transaction amount is the smaller
value of the quantity declared by the buyer and the quantity declared by the seller. The buyer price
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and seller price are given by Equation (15), which is mentioned above. After the contract is formed,
move on to step 6.

5. CBT-Based Electricity Trading Platform

As the software application platform for the CBT in the YNEM, the CETP mainly serves market
participants and the market operators. The former need to submit a set of price-volume bids through
the CETP to obtain the electricity contracts. The latter is responsible for matching the electricity bids
submitted by buyers and sellers and for determining the prices and quantities of the energy traded in
the market, which needs to be completed through the CETP.

The framework of the CETP and some key implementation strategies adopted in the system are
described below.

5.1. The Owverall Architecture of CETP

The conceptual framework of the CETP is demonstrated in Figure 4, employing a multitier
architecture: client-side application (presentation tier); application server cluster (application tier); and
database cluster (data tier) [42]. In the overall deployment, the responsibilities of each tier are different,
and each tier can have one or more components. It should be noted that these tiers may not correspond
to the physical distribution and are purely abstract. The components that handle the user interface and
user interaction are at the presentation tier. Components that work together to solve business logic
problems, such as user bidding, order validation, and market clearing, belong to the application layer.
The business logic tier uses the data tier as the repository of the whole system. The CETP selects both
relational and nonrelational databases [43], according to the business characteristics of the CBT. For the
sake of high performance, clustering technology and dual hot backup machine technology are adopted
for each application server and database server in the system.

GENCOs CONCOs KMPEX YNPG
users USETS users users

Users interact with the system through the interfaces for
mputting data, bidding, operating, analyzing, market clearing, grid
security check, querying, etc

Graphic user interface(data entry and visualization of the results)

! Presentation tier R I
T T T T T T A T T T
| 0 0 0 0 0 0

] .. Application Application Application |
I

i S?r]:frc’lrlaz:‘];r Server Cluster Server Cluster || Server Cluster :
[ e (Validates the (Market (Real-time -
i (Bidding info . . .

; Asslbife] order with clearing using market !
i predefined rules) models) information) :

Application tier

Database cluster(Oracle) Database cluster(Redis)
Data tier

Figure 4. Conceptual framework of the trading system with multitiered architecture.
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Generating company (GENCO) users, consumption company (CONCO) users, market operators
of the KMPEX, etc. can independently and synchronously access the user interfaces for data entry,
bidding, operation, analysis, market clearing, grid security checks, querying information, and so
on. The requests received in the presentation tier are proposed in the application tier. Components
consisting in the application tier constitute four main modules: message queue-based order processing,
multilevel order logic verification with predefined rules, market clearing using models (i.e., market
clearing models), and real-time push and disclosure of market information. The data generated by the
application layer will be stored in the database for archiving. The results are displayed to the user in
the presentation tier.

5.2. Process Flow of Bidding Order

The CBT orders run through the kernel business of the CETP. Figure 5 graphically represents the
order data flows in the CETP and analyzes the data flows during order processing. During processing,
the orders in the CETP are stored in a message queue. All the orders submitted or canceled are first
placed in the original queue. If two bids are made at exactly the same time, the order of entry into the
original queue is determined by chance. Next, the orders in the original queue will be marked with a
timestamp, as a key indicator of order sorting for the clearing algorithm, and then enter the queue to
be detected. Furthermore, based on the trading rules, all orders in the order queue to be detected are
checked according to the rules, and those that do not meet the conditions are put into the order queue
without pass validation; otherwise, they are put into the order queue with pass validation. Only orders
that pass validation can be used for market clearing, and the orders that meet the transaction conditions
will be matched to form the final transaction results stored in the result queue. In addition, the market
information needs to be calculated logically based on the market process information and pushed to
the market participants through the real-time push service. All process and result information for
processing an order is stored in a persistent manner.

— Bid or ask
Place or withdraw an order
[

|
Market (

participants The order
queue to be

|
The initial detected The_ order queue |
Market order queue without pass l

validation

Record

: Dynamic
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clearing
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Logic
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Infc ti i " The order queue
niormation Storage of bidding information I p q
queue | with pass
/ validation
J - Persistent
3 B
calculation storage Storage of the result information
of market The queue
\aformatio; The Database for results
Gets the information to be used—— of the trading

system
Figure 5. Data flow diagram of CBT.

5.3. Logic Verification for Trading Rules

Reasonable and effective order verification can ensure the standardization and effectiveness of
bidding orders, to ensure the normal operation of transactions. A multilevel order logic verification
method with predefined rules is put into use in the CETP.

The verification content of each level is as follows.
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Level One: verify the information integrity of the bidding data, such as the unique identification
code of the bidding subject and the bidding timestamp, which is regarded as the information
integrity validation.

Level Two: verify the basic specifications of bidding power and electricity price in each stage,
such as data type and accuracy, which is regarded as business standardization verification.

Level Three: verify the number of bidding segments in each stage, the logic of placing and
withdrawing orders, and other types of business constraints, which is regarded as the business
logic validation.

As shown in Figure 6, the verification of the three layers is carried out in sequence. Once the
order cannot pass the verification of one layer, the verification failure will be directly determined.
It should be noted that the check items in each layer can be adjusted, invalidated, or added when the
business rules change. After the verification process, the verification module forwards the order to the
verification result queue, and participants get notified of a successful or failed order submission.

Get predefined verification items
and rules from database

Get the latest order from the queue
Yes to be detected

Is there order to be

B [+ Ne verified?

evel One:Informatior

Ne integrity validation.

Forward the order to the
verification result queue
and participants get Rejected  [«—N
notified of a successful or
failed order submission.

evel Two:Busines:
standardization
verification.

evel Three:Business

Accepted ic validati
ccepte No logic validation.

Figure 6. Schematic diagram of the verification process.
5.4. Market Quotation Information

The information-disclosure mechanism is very important to increase market transparency, reduce
transaction costs, improve market fairness, and enhance power-system security [44]. In the bidding
process of the CBT, market participants can obtain not only their own private information, such as
the submitted quantity price, but also the public information of the market, i.e., market information.
The real-time display of market information is one of the major features of the CBT in the continuous
bidding stage. Normative and transparent information disclosure can weaken information asymmetry.
The market information of the CBT mainly includes top of book, market summary, last trades, and
candlestick charts, which are effective guides for market participants to make bidding decisions.
The market information is explained below, as shown in Figure 7.
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Figure 7. Schematic diagram of market information.

Top of book: all the bids are queued in an order book. The five best bids or asking prices submitted
to the market are listed on the publicly observable board. The buyers’ bids in the order book are
arranged in descending order of price, while the sellers’ bids are sorted in ascending order (the higher
the buyer’s price is, the more likely the transaction will be caused by the lower the seller’s price is).

Market summary: during the bidding process, the market summary can be disclosed based on
the latest real-time market data, which include the number of orders received, the total trade volume,
the average hammer price, etc.

Last trades: the last trades are listed in a contract table. The disclosure information is restricted to
the paired transaction time, the clearing price, and the volume for each contract. The trades in the table
are sorted in decreasing order of matching time.

Candlestick charts: as trade progresses, candlestick charts for different timescales, such as 5 min
and 10 min, will be drawn based on cumulative data. In practice, the relationship among opening,
high, low, and closing prices in a continuous trading process is utilized by proponents of candlestick
charts, to predict price movements.

All the abovementioned information is updated when there is a new order or trade.

6. Case Study and Application

6.1. Results and Analysis for CBT

To illustrate the effect and characteristics of CBT, take the power energy trading market in
November 2018 as an example. Its process and schedule are shown in Figure 8. The bidding period of
the first stage was 09:00-09:20, and that of the second stage was 09:30-12:00. A total of 45 CONCOs
and 34 GENCOs participated in this transaction. The bidding and clearing of this transaction are
described below.

T T 1 1 1

-:--09:00 09:00-09:20 09:20-09:30 09:30-12:00 12:00-18:00
market bidding of market bidding and security
setting the first clearing of clearing of check and

stage the first the second market
stage stage release

Figure 8. Process and schedule of the CBT in November 2018.
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A total of 81 orders (including six orders withdrawn) were declared during the first stage, among
which the CONCOs declared 101.929 GWh of electricity, with an average price of 0.19867 yuan/kWh.
The declared electric quantity of GENCOs was 2774.818 GWh, with an average price of 0.22544 yuan/kWh.
The market bidding data also reflected the characteristics of the YNEM, where supply far exceeds
demand. However, during the process of the first stage, the market information was not transparent,
which was precious for the bidding-strategy adjustment. The one-round auction made it difficult
to realize full competition. As Figure 9 illustrates, buyers and sellers had great differences in price
intention. On the demand side, the bid price changed greatly and dispersedly, the bid volume was
relatively small, and the demand curve was steep. On the supply side, hydropower plants stored water
to high reservoir levels after the wet season, and bid price was usually higher at this point. However, for
such hydropower stations with poor regulating performance, they were willing to declare a lower price,
to improve the probability of winning the bid, in order to increase its power generation and reduce the
risk of water abandonment. The transaction volume of this stage was only 14 GWh, and the average
transaction price was 0.21380 yuan/kWh. A total of 24 contracts were concluded, and the rate of trade
for the users was only 13.74%.
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Figure 9. Supply-and-demand curves of two stages of CBT.

Before the beginning of the second stage, the clearing price and contract volume of the first stage
were announced, which played a certain price-guiding role in the subsequent bidding. During the
second stage, a total of 248 orders (including 100 orders withdrawn) were declared, among which the
cumulative effective order quantity of 124.05771 GWh was placed by CONCOs, and the average price
was 0.21562 yuan/kWh. The effective order quantity of GENCOs was 83.444 GWh, with an average
price of 0.21839 yuan/kWh. In contrast to the first stage, the market information was disclosed in real
time in the continuous bidding process, and the market participants could directly respond to the price
signals through their trading decisions. Figure 9 shows that the difference in price intention between
buyers and sellers was much smaller than previously. As opposed to the one-shot nature of the first
stage’s auction, the transaction intentions were reached gradually through the strategy adjustment of
both sides in the process of constant gaming until market closure. As the deal closed, the accumulated
transaction power reached 93.99562 GWh, the average transaction price was 0.21770 yuan/kWh, 83
contracts were reached, and the deal rate for the user was up to 75.77%.

Finally, all the two-stage unconstrained transaction results passed the security check by YNPG.

According to the two-stage clearing model of the CBT, the social welfare of the first stage and the
second stage were 106,519 yuan and 14,880.08 yuan, respectively. Although the volume of matched
deals in the second stage was far more than that in the first stage, the social welfare was less than that
in the first stage. The reasons accounting for this phenomenon mainly included the following two
aspects: (1) due to the high transparency of price in the second stages, the price willingness of both
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parties was gradually close to each other’s, and the DOP of the two matched sides was small or even
zero. (2) The second stage was a continuous transaction based on the principle with first come, first
serve, which existed the loss of allocative efficiency. In other words, the previously matched result
maybe lost the greater social welfare that was possibly brought by the subsequent bidding [45].

To further illustrate the dynamic bidding process in the continuous bidding stage, i.e., the second
stage, a large user (user A) was taken as an example to describe the dynamic bidding and game process
based on market information. Figure 10 shows the average transaction price during the period of the
entire market used to indicate the market price signal. The bidding price and trading volume of user
A, which are drawn in Figure 10, represent its bidding strategy and strategic results, respectively.
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Figure 10. The dynamic bidding and game process of user A.

After the market was opened, the first hammer price of the whole market was approximately
0.218 yuan/kWh, and user A failed to win the bid for the first order, with a price of 0.2 yuan/kWh. In the
early period of the market (approximately 09:30-10:00), the average transaction price fluctuated in the
price range of 0.215-0.218 yuan/kWh; however, the highest bid of user A was only 0.205 yuan/kWh, so
the contract was not reached. Then, the average price showed a large drop (approximately 10:10); at
this time, user A had raised the price to 0.209 yuan/kWh but did not take the initiative and still did not
win the bid. Subsequently, user A continued to adjust the bidding strategy but failed to satisfy the
conditions for the conclusion of the business. The average transaction price was relatively stable at
0.217 yuan/kWh in the middle term of the market (approximately 10:25-11:00), but user A did not bid.
As the market gradually entered the later period, the user significantly increased the order price to
0.217 yuan/kWh and won the bid for the first time, reaching a contract volume of nearly 2 GWh. Later,
the quotation price of user A was steadily above 0.218 yuan/kWh, winning the bid many times, and
the transaction contracts were concluded. With the deadline of the continuous bidding stage, the final
cumulative transaction volume of user A was fixed at 46 GWh.

It can be seen from the above description that, in the whole continuous bidding stage, market
participants can flexibly adjust their bidding strategies and conduct a dynamic game with the market
itself by considering their own resource endowment, risk preference, and other factors to reach trading
intention and maximize their own interests.

According to the above two aspects of the analysis, the combination of the two bidding stages
accelerates the discovery of market prices. The real-time disclosure of market information weakens
information asymmetry. Market players adjust their strategies based on market information, and dynamic
games promote full competition in the market. Continuous clearing increases transaction efficiency.
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6.2. Ouverall Application and Prospect

The CETP has been in operation since the end of 2017, so it supports the effective implementation of
the CBT. By December 2018, 12 CBTs were successfully launched in the YNEM. A total of 232 CONCOs
participated in the bidding, with a total of 2178 Gigawatt hours (GWh) declared. A total of 167 GENCOs
participated in the declaration, with a total of 32196 GWh declared [7]. In the whole year of 2018, a total
of 5278 orders were processed, 5136 CBT contracts were concluded, and the total volume of the energy
cleared was up to 1018 GWh.

Table 1 shows aggregated data from the CETP in 2018, including the total volume and average
price of each transaction. Data analysis shows that the transaction size of the CBT varies from month
to month, which is affected by the primary energy supply, market demand, and other trading varieties
within a month. As a hydro-dominated electricity market, the YNEM has abundant incoming water
in the wet season (from June to October in Yunnan), and the supply far exceeds the market demand.
The typical buyer’s market causes trading prices to be lowered to “the floor price”, defined by trading
rules (0.13 yuan/kWh) in many months of the wet season. In addition, compared with the dry season,
most of the market demand has been met by other varieties (for example, the bilateral negotiated
transaction) before the CBT is carried out in the same month during the wet season, leaving less demand
space, resulting in a small amount of CBT contracts. In addition, from the point of the two-phase
contrast of each month, the contract volume in the continuous bidding stage is more than that in the call
auction stage. The longer trading period in the continuous bidding stage has a positive impact on the
contract volume, but the more important reason is that the real-time disclosure of market information
is conducive to market players tracking market trends, capturing price signals, and forming more
contracts through more sufficient competition. Although the transaction amount in the call auction
stage is small, it still has many functions: First, in bilateral transactions, many market players take the
average transaction price of the first stage as the "benchmark" and determine the final transaction price
of bilateral transaction electricity [9]; second, in the continuous bidding stag, market players usually
bid or offer by reference to the average transaction price of the call auction stage [7]. More public
information about the CBT can be found at www.kmpex.com.

Table 1. The market-clearing overview of the CBT in 2018 (data source: CETP).

Month The Two-Stage Summation Call Auction Stage Continuous Auction Stage
Volume Price Volume Price Volume Price
(GWh) (Yuan/kWh) (GWh) (Yuan/kWh) (GWh) (Yuan/kWh)
2018-01 249.276568 0.22452 58.20 0.22416 191.076568 0.22463
2018-02 84.792 0.1799 46.034 0.18473 38.758 0.17416
2018-03 72.707 0.22859 5.45 0.22307 67.257 0.22904
2018-04 141.33481 0.22834 13 0.22933 128.33481 0.22824
2018-05 105.6456 0.21783 5.4806 0.21691 100.165 0.21788
2018-06 134.588 0.16188 13.513 0.16644 121.075 0.16137
2018-07 4.88 0.13 0.31 0.13 4.57 0.13
2018-08 1.46 0.13103 0.60 0.1325 0.86 0.13
2018-09 0.165 0.13 0.12 0.13 0.045 0.13
2018-10 10.11 0.13 0.11 0.13 10 0.13
2018-11 107.99562 0.21719 14 0.2138 93.99562 0.2177
2018-12 104.742 0.22258 0.752 0.22597 103.99 0.22256

Through the analysis of the application in the whole year, it shows that any mechanism can give
full play to its advantages only under suitable conditions. The CBT needs to be further improved
and adjusted based on the above practical operation analysis. Examples of improvements include
the following:
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1. Inthe medium- and long-term market, the proportion of bilateral negotiation transaction and
CBT can be coordinated to release more bidding space for the CBT, which may further play the
advantages of the CBT.

2. In the stage of the call auction, the degree of information disclosure can be improved, such
as real-time disclosure of virtual transaction price, virtual transaction volume, and virtual
non-transaction volume in the bidding stage, but the order information is not disclosed, which
may help to further play the function of price discovery.

7. Conclusions

Since the beginning of 2015, China has been in the process of electricity market reform, and all
provinces or regions are actively exploring the suitable market mechanism and construction. In this
paper, a new trading mechanism is proposed, which is characterized by a sequential bidding and
clearing process that integrates CA and CDA. The clearing model of the CBT, with the maximum goal
of social welfare for the two bidding stages, is introduced. A two-stage integrated market clearing
algorithm is designed to ensure data consistency and business continuity. Finally, the trading platform
based on the CBT mechanism is established and has been applied in the YNEM. The analysis results
and practical application throughout one year illustrate that the proposed model, algorithm, and
various key measures in the trading platform support the business development of the CBT well. It
shows that sellers and buyers actively take part in the electricity market and can take the initiative to
adjust their bidding wills in two stages, according to the price signals of the market, in order to win the
desired electric volume. From a practical point of view, the CBT can promote market competition and
price discovery, alleviate information asymmetry, and improve transaction efficiency.

Certainly, the CETP also has some weakness, including the following two points: (1) market
entity could not timely receive market quotation information because of poor network condition; (2)
the logical verification is less efficient for many bidding orders in a few paralleled electricity markets
because the program is running in the same server machine. We will look at solving these problems as
our next step.
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Abstract: Together with solar, wind, and hydro renewable energy sources (RES), biomass constitutes
an integral part of the high-renewables electricity systems. Considerable feedstocks for electricity
generation are process-based residues. Ukraine is the world leader in sunflower seed production,
therefore, husk (a by-product of oil production) is a promising biofuel for combustion- based power
plants. The plants consume primarily electricity and fossil fuels (natural gas or fuel oil) for steam
production. Their usage affects the edible oil production cost and impacts on climate change.
The above facts force us to look for alternatives. By-product (husk) utilization can reduce exhaustible
energy consumption (fossil fuels and grid electricity) and mitigate climate change. The aim of the
study is to make an energy and ecological assessment of biomass energy supply systems. Specifically,
the electricity and heat consumption of Ukrainian sunflower oil mills is investigated. Different options
of cogeneration systems are analyzed. The preferable mode of combustion-based husk combined
heat and power plants is to meet their own heat demand and to sell surplus electricity. Relative gross
income and carbon dioxide emission reductions are calculated. Our results show that husk utilization
can meet electricity and heat requirements of edible plants. The surplus electricity may be sold to the
grid. Husk combined heat and power plants may result in reduction of carbon dioxide by 200-300%
and an increase of total income by 24.7-65.7% (compared to conventional energy supply systems).

Keywords: renewable energy sources; husk; energy supply; biomass; efficiency; carbon dioxide; emissions

1. Introduction

Energy plays a key role in the development of a modern civilization. Fossil fuel prices, their exhaustibility,
and environmental issues have become primary challenges for mankind. This is a reason why renewable
energy, including bioenergy has become a priority for most countries, including the European Union
(EU) [1-3]. This fact has compelled the EU to put forward the following objectives [4,5]:

e  Strengthening of energy security (decreasing imports of primary energy);
e  The reduction of greenhouse gas (GHG) emissions.

To reach the above objectives, a set of measures has been identified. They include the development
of renewable energy [6,7]. Recently, the targets of the Renewable Energy Directive (2009/28/EC) were
updated. The new targets increase the share of renewable energy consumption (up to 27%) and cut in
GHG emissions (up to 40% compared to the emissions in 1990) [8,9].
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The utilization of field-based and process-based residues can contribute to providing sustainability
of the energy sector [10-12]. Therefore, the biomass residue utilization meets the emerging concept of
circular economy. It may be a solution related to waste management [13]. The usage of organic waste
as biofuel for power generation or cogeneration is vital for development. It fits into the concept of
circular economy that is a new alternative model of transforming residues into energy. This concept
promotes to sustainable development [14-16].

Edible oil production is an energy intensive industry. A considerable share of energy demand
of technology (electricity and heat) is met by fossil fuels and electricity from the grid. Meanwhile,
these mills produce by-products. For example, for sunflower oil production it is husk. Husk could be
an alternative to conventional fuels. Biofuel has a number of advantages. First of all, it is a renewable
energy source. Secondly, a biomass resource management leads to significant greenhouse gas emission
savings. The plant captures carbon dioxide out of the air [17]. Thus, there is a closed cycle of carbon
dioxide emission and absorption. Moreover, biomass does not contain sulphur. Therefore, biomass
power plants do not emit sulphur dioxide into the atmosphere. As can be seen, process-based residues
can be an alternative energy source [18].

The sunflower is widely cultivated around the world. Seventy percent of all sunflower seeds are
harvested by European countries [19]. Ukraine, the Russian Federation, and Argentina are the top
producers of sunflower seeds [20]. Sunflower husk is a by-product of oil production. Its high energy
content (around 15.4 MJ/kg) makes it possible to be used as fuel. Due to the fact that husk is carbon
neutral, its utilization for energy production could mitigate climate change. However, a large share of
sunflower husk is sent to landfills and its energy usage is scarce [21].

This paper examines the energy supply systems of sunflower oil mills. As a basic case, actual
technological parameters of Ukrainian sunflower oil mill were considered.

2. Literature Review

Ukraine has a highly developed agricultural industry, especially edible oil production. From 2013
its share of the world in sunflower seed production ranges from 24.8% to 30.16% [22]. Sunflower seed
production is stimulated by high demand for vegetable oil and its high price. Over the last five years,
Ukrainian farmers have produced more than 10 million tons of sunflower seed (Figure 1). Despite the
increase in production, it has been slowing down since 2012, its value is rather high, and Ukraine is
ranked first among the world producers.

Both feedstock and energy costs are important factors that affect the production cost of sunflower
oil. The sunflower oil industry in Ukraine is energy intensive. Electricity consumption ranges from
96.6 to 198 kWh per ton of oil and heat consumption (steam) ranges from 348 to 1184 kWh per ton of
oil [23]. It is higher compared to other edible oil production [24-26]. It impacts on production cost.
To raise the competitiveness of the industry, reducing energy costs is paramount.

It can be reached by means of biomass utilisation. Sunflower oil mills produce a by-product (husk).
Husk and products (oil and cake) can be used to generate electricity and/or heat. This substitutes the
energy resources sold (fossil fuels and electricity) and reduces greenhouse gas emission. Moreover,
biomass CHPs could improve the stability and reliability of the electrical grid. In Ukraine there are
about 70 husk boilers in operation. However, only three sunflower oil mills use husk-based combined
heat and power plants (CHP) [27,28].

Renewable energy is of great importance in terms of preventing climate change and reducing harmful
emissions [29]. The European Union (EU) supports the increase of renewable energy production [30-32].
A lot of scientists have analyzed the influence of renewable energy usage on economic indicators and
economic growth [33-37].
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Figure 1. Sunflower seed production history [28].

Previous research has studied the energy supply systems of edible oil plants based on
biomass [25,38-40]. They considered a general concept of husk application for energy supply [41,42]
and the energy balance of oil mill [40]. However, this problem for sunflower oil mills has been studied
insufficiently. Therefore, optimal energy supply schemes are currently being sought. The purpose of
the paper is to assess the optimal mode of biomass-based energy supply systems. More specifically,
the article aims to reveal specific energy consumption for edible oil production, assess the husk
utilization impact on carbon dioxide emission, to analyze different options for biomass utilization.

3. Materials and Methods

The methodology used is as follows. Information and data are collected from the public domain
and interactions are made with industrial’s officials. Prices of energy, fuels, and products are widespread
indicators. Information resources (publications, statistics, and websites) were used. The information
was used for further calculations.

All kind of fuels (renewable and fossil) can be compared within the following domains: Energy,
environmental, engine efficiency, economics including efficiency of technological equipment.

The energy indicators are as follows: Lower heating value and energy density. The lower heating
values were taken from handbooks. The energy density is the amount of energy per unit volume (liter,
cubic meter, etc.)

DE = LHV - p, MJ/m?, 1)

where LHV is the lower heating value of the fuel, MJ/kg; p is the density of fuel, kg/m?>.

The higher the energy density of fuel, the better the fuel is for consumers.

The ecological indicators may be divided into two groups: Hazardous emissions and carbon
dioxide emission. Carbon dioxide emissions are discussed further. This kind of emission has
two components: From fuel combustion and in due to electrical consumption. The combustion of
hydrocarbon fuels results in the production of carbon dioxide, which is known as a greenhouse gas.
This specific value from fossil fuel substitution can be calculated as

ERh = HH -n;" - EF, tcoy, @)

where HH is the heat energy of fossil fuel substituted, GJ; EF is the carbon dioxide emission factor for
conventional fuel, tco,/GJ; 1 is the thermal efficiency of the conventional fuel boiler.
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The husk is a carbon dioxide neutral fuel. Its utilization reduces carbon dioxide emission compared
to a certain fossil fuel. This specific value on one ton of husk can be calculated as

ERs = LHV), -1, -, - EFm, Kgco, /t, 3)

where LHV/, is the lower heating value of one ton of husk, GJ/t; EFm is the carbon dioxide emission
factor for conventional fuel, kgco/GJ; nj, is the thermal efficiency of the husk boiler (gasifier).
Emission reduction from onsite electricity production

ER. = EC - EFc, tcop, (4)

where EC is the electricity onsite consumption from grid substituted, MWh; EFc is the emission factor
for grid electricity, tco,/MWh.

Engine performance indicators can be divided into three groups: Break thermal efficiency or
engine efficiency, brake specific fuel consumption, and brake specific energy consumption.

4. Results

4.1. Sunflower Oil Mill Energy Consumption

Top 10 of Ukrainian sunflower oil mills has capacity from 500 to 970 thousand tons of seed per
year [43]. Annually they process 7 million tons or 50% of sunflower seed harvest. They use electricity
from the grid and thermal energy produced by burning fuel in a boiler (Figure 2). Their specific energy
consumption depends on the capacity (Figure 3). Average specific energy consumption is, kWt per ton
of oil: Electricity—132.5; heat—779.1.

To reduce energy consumption costs, native mills use husk as a fuel. The output of sunflower
seed husk ranges from 15.94% to 18.88% or from 159.4 to 188.8 kg per ton of seeds [44]. To meet
their own requirements in heat, powerful Ukrainian vegetable oil mills consume around 46-48% of
husk produced (direct burning in boilers). A few mills have their own combined heat and power
(CHP) plants. For example, Kirovogradoliya LLC has a husk-based CHP. The CHP was developed
to meet all own energy (electricity and heat) requirements. Its electric capacity is 1.7 MW, (electric
efficiency—around 5%), thermal capacity is 26.7 MW;. This plant annually consumes up to 42.8
thousand tons of husk (around 57.8% of husk produced). It allows the mill to cover its own energy
demands in heat and partially in electricity.

Natural gas Sunflower Electricity
!
| steam
v \
Boiler r» Oilmill [<
electricity
v 3 v
Husk Oil Meal

Figure 2. Basic scheme of a Sunflower Seed Oil Mill.
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Specific heat to electric consumption ratio of Ukrainian edible oil mills is decreasing with the
increase in a plant capacity (Figure 4). The average ratio is 5.97. This means that the thermal efficiency
of a CHP unit must be greater than the electrical efficiency by the same value. Surplus electricity can
be sold into the grid. It contributes to its stability and to lower carbon dioxide emissions.
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Figure 4. Heat/electricity consumption ratio vs. sunflower oil refinery capacity.

To generate electricity steam turbines and internal combustion engines running on syngas are
used. Several oil mills (Galati Sunflower oil factory, Pology oil extraction plant PJSC, Centre Soya Ltd.)
have experienced the gasification technology. Last mill has a gasification-based husk CHP plant (rated
electric power—700 kW; heat—800 kW) (Flex Technologies Limited, London, UK) [40,45,46].

4.2. Biomass as Fuel

The main results, which are planned to achieve by biomass utilization, can be divided into two
groups: Economic and environmental. All products (oil and cake [47]) and by-product (husk) may be
used as fuels. Their utilization has distinctive energy and economic efficiency. They can be used in
their original form or improved before utilization (gasification, liquefaction, or methanation). Husk can
be burnt directly or converted into syngas, biogas, or ethanol [48]. Sunflower meat (cake) can be used
as solid fuel or converted into biogas [49]. Table 1 compares parameters of selected fuels.
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Table 1. Properties of selected fuels.

Parameter Unit Husk Meal 0Oil Natural Gas  Fuel Oil
LHV MJ/kg 154 28 37 49.75 40.5
Ash content % 2.1 1,2 - - 0.05
Carbon content % 44 64 78 76 88
Bulk density kg/m3 95-170 >600 920 0.72 940
Energy density MJ/m3 1463-2618 >16,800 34,040 35.82 38,070

Their improvement can get better both environmental and economic indicators of oil production.
They can be used in steam boilers to substitute conventional fuel (in Ukraine it is natural gas).
If products and by-product substitute natural gas (for steam generation), husk utilization has the best
economic result (difference between cost of natural gas substituted and market price of any products
and by-product) (Figure 5). The above calculations have been made for one kg. The above differences
per one kg of biofuels are, UAH/kg: Husk—4.88; meal—3.32; 0il—(—8.22). The sunflower oil is more
expensive than natural gas. Therefore, husk as a fuel has an advantage. Husk energy potential is
enough to cover energy demand in electricity and heat (Figure 6). It is estimated that the potential
electricity production is four-fold higher than the electricity demand. In addition, the heat requirement
is a third of the husk potential thermal power production. Excess power and heat can be delivered to
external consumers.

Electric power, MW

70

60

50

40

30

20

10

25

20.5

20

12.28

15

9.07

10 4.88 4.88 5.75

price, cost, UAH

-10

Husk
OPrice of product or by-product

cake

[ cost of natural gas substituted

-8.22

oil

Figure 5. Market prices and cost of natural gas substituted.
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4.3. Carbon Dioxide Emission

Ecological indicators may be divided into two groups: Hazardous emissions and carbon dioxide
emission. In the study, carbon dioxide emissions were discussed further. This emission consists of two
components: Fossil fuel combustion and in due to electricity consumption. For Ukrainian sunflower
seed oil mills the first component ranges from 48 to 96 kg per ton of seed processed. The second
component ranges from 37 to 77 kg per ton of seed processed.

According to our calculation, one ton of husk (used for steam production) reduces carbon dioxide
emission and this range is from 790.10 to 1162.53 kg (Table 2). It corresponds to 51.3-75.5 kg of carbon
dioxide per one GJ of thermal energy.

Table 2. Ecological impact of husk utilization.

Volume of Fossil Fuel Carbon Dioxide Carbon Dioxide Emission
Conventional Fuel Substituted by One ton Emission Factor, Reduced, kg per ton of
of Husk, t(m3) kgco2/GJ Husk
Natural gas 428.44 56.10 807.60
Fuel oil 0.38 79.00 1162.53

Electricity consumption for a technological process is the largest sources of emissions for sunflower
seed oil mills. Emissions from electricity consumption by any mill are calculated by applying an
“emission factor” to the quantity of electricity consumed. Emission factor for grid electricity is taken
from an official source. For Ukraine, carbon dioxide emission factor per kWh of electricity consumed is
equal to 0.709 [49] or 0.896 kgCO,/kWh [50].

According to our calculations, power generation from husk (condensate steam turbine, electric
efficiency of 31%) reduces carbon dioxide emission by 0.707 kg per kWhe (or 938 kg per ton of
husk). Additionally, cogeneration has the potential of 1305 kg per ton of husk. Its carbon dioxide
emission reduction potential depends on electrical efficiency (Figure 7). The last factor is prevailing.
Gasification-based husk CHP plants allow higher value of carbon dioxide emission reduction compared
to combustion-based husk CHP plants.
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Figure 7. Carbon dioxide emission reduction potential per one ton of husk.

4.4. Energy Supply System Based on Biomass

There are three possible husk utilization pathways: Heat production only, electricity generation
only, and combined power and heat generation.

Sunflower husk contains ash (at average 2.1%) [51]. The composition of this by-product of combustion
includes calcium, potassium, micro elements, etc. Therefore, the ash can be used as a component to produce
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fertilizer [52]. Moreover, it is suitable as a filler for the production of ceramics [53]. Its price is more than
EURS0/t. Therefore, ash sale can give additional income.

Sunflower husk can be used to generate electricity and heat production. The first pathway substitutes
electricity bought, the second—fossil fuels (natural gas, fuel oil, coal, etc.) bought. Their ratio is

RCs =11y Epr-LHV,g-3,67" 1,1 - NGpr™!,

where LHV is the lower heating value of natural gas, MJ/m5; E,yr is the price of electricity, UAH/kWh;
NGyy is the price of natural gas, UAH/m?; 1e is the electric efficiency.

Internal combustion engines and gas turbine generators have the highest electric efficiency as
compared with steam generators (Figure 8). They can be run on liquid or gaseous fuels. Therefore,
husk to be used in the above method must be converted into combustible gas: Syngas or biogas [54,55].
Gasification technology is currently being used and biogas technology is under development.
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Figure 8. Electric efficiency of gas turbine engines, reciprocating engines, and steam turbine combined
heat and power plant CHP (adapted from [56-65]).

Electricity generation can substitute electricity whose cost is lower than solely heat generation
(substitution of natural gas). Cogeneration allows mills to reduce more costs of conventional energy
bought (Figure 9). As can be seen (Figure 9), the increase in electric efficiency of CHP (and, therefore,
the increase of electricity generated) results in the increase of economic benefits.
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Figure 9. Economic efficiency of CHP (developed by authors).
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Husk utilization’s economic efficiency depends on the electric efficiency of a CHP plant and can
be calculated as . (m)
r —Te

Nt Me - % + NGpr - _m:][iHr‘]/”g

ny, - NGpr

RC =1, LHV g - ,
where 7); is the total thermal efficiency of CHP; LHV), is the lower heating value of husk, MJ/kg.

The more conventional energy resources are substituted, the higher income is made. The possible
energy supply technologies are as follows (Figure 10): 1—steam turbine combined heat and power
generation plant (CHP) via husk combustion; 2—gas turbine (GT) CHP via syngas combustion; 3—internal
combustion engine (ICE) CHP via syngas combustion; 4—gas turbine or internal combustion engine
with organic Rankin cycle (ORC).
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Figure 10. Energy supply technologies of Sunflower Seed Oil Mill (developed by author).

4.5. Principles of Energy Production

Ukrainian sunflower oil refineries use husk for steam production. Only some plants have CHP,
but they cover only part of the electricity required.

There are three pathways of energy production by CHP (Table 3). The first pathway is to meet
its own electricity requirement. However, in this case CHP cannot cover its own demand in heat.
To correct the situation an additional steam boiler must be used. The second pathway is to meet its
own heat requirement. In this case a CHP plant generates surplus electricity. It may be sold by green
tariffs to electricity grid. For both cases, the remaining husk can be converted into pellets. The third
pathway is the following. The husk combustion-based CHP plant can cover requirements in both
electricity and heat. This energy supply system could have adapted the heat to electricity production
ratio. If there is actual heat to electricity ratio (HERa) of a certain sunflower seed oil mill and total
efficiency of a CHP plant then necessary electric efficiency (1) is

ne = ne-(1 +HER‘Z)71-

During operation of a certain mill, the heat to electricity ratio may vary. In this case, surplus
electricity can be delivered to the national grid.
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Table 3. Relative gross income and carbon dioxide emission reduction.

Pathway of Energy Production Combustion-Based CHP Gasification-Based CHP
Gross income
The first pathway 1.17 1.16
The second pathway 1.25-1.26 1.64-1.66
The third pathway 116 -
Husk for heat only 1 -
Carbon dioxide emission reduction
The first pathway 1.60 1.20
The second pathway 2.11-2.16 3.58-3.66
The third pathway 1.85-1.87 -
Husk for heat only 1 -

The gross income comprises three pillars: Cost of natural gas substituted, cost of electricity from
grid substituted and sold to the grid by green tariff, and cost of husk pellets produced. Carbon dioxide
emission reduction includes two components: Substitution of natural gas (or another conventional fuel)
and electricity generation. The relative values of gross income and carbon dioxide reduction (the base
is husk utilization to meet heat requirements only) are presented in Table 3. The second pathway of
energy production has the best economic and ecological results. In this option, the cogeneration unit
uses all available husks. Prerequisites for success are the sale of excess electricity by the green tariffs to
the grid and the full use of thermal energy for oil production. Therefore, the prospect energy supply
scheme is shown in Figure 11.
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Figure 11. Energy supply scheme of Sunflower Seed Oil Mill (developed by author).

As can be seen, the best strategy for CHP development is to cover heat demand by CHP.
As compared with husk utilization for heat production only, it allows mills to increase total income
by 21-23% and reduce carbon dioxide emission by 70-73%. Gasification-based technologies may be
profitable if their specific investment costs are not more than 40% that of combustion-based technology.
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5. Conclusions

The primary goal of biomass utilization is to reduce production costs and carbon dioxide emission.
The ecological benefit of husk (as biofuel) is that it is a carbon neutral source of energy. CHP plants
ensure the most ecological effect.

The increase of mill capacity results in the decrease of specific energy consumption and
heat/electricity consumption ratio. To reduce production costs and carbon dioxide emission, Ukrainian
mills utilize sunflower seed husk (primarily to cover requirement in heat). Its consumption ranges
from 46% to 57.8% of total husk production.

Heat to electricity consumed ratio of oil mills does not coincide with heat to electricity generated
ratio of CHP plants. Therefore, different modes of CHP have been analyzed. The preferable mode is
the design of CHP plants to cover heat demand of an oil mill. This option may increase total income by
24.7-65.7% and cut carbon dioxide emission by 201-366%. Either way, excess electricity is sent to the
grid. In addition, the remaining husk may be used for pellet or green electricity production.

Energy content of husk exceeds energy demand of any edible oil plant. Husk utilization allows
the plants to reduce carbon dioxide emission, kg per ton of oil produced: Heat generation—142; power
generation—174; combined power and heat generation—274.

Gasification based husk CHP provides higher electricity efficiency, gross income, and carbon
dioxide emission. However, this technology is not mature enough.

At further work, impact of annual operating hours and investment costs on economical indicators
are expected to be studied.
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Abstract: Our paper focuses on the renewable energy and EU 2020 target for energy efficiency in
the Czech Republic and Slovakia. We study the reduction of greenhouse gas (GHG) emissions in
these two EU Member States through the prism of the Europe 2020 strategy and the 3 x 20 climate
and energy package and economic growth (represented by the Gross Domestic Product (GDP) that
allows to measure the national dynamics and provide cross-country comparisons) without attributing
specific attention to issues such as the electrification of transport or heating, and thence leaving
them outside the scope of this paper. Both Czech Republic and Slovakia are two post-Communist
countries that still face the consequences of economic transformation and struggle with the optimal
management of natural resources. Both countries encountered profound system transformation after
1989 that are apparent in all three measures of sustainable development used in our study. We show
that it is unlikely that the planned increase in renewable energy in the Czech Republic and Slovakia
will reach its targets, but they might succeed in reducing their energy consumption and greenhouse
gas emissions. Our findings show that the energy intensity of Czech and Slovak economies increased
in the early 2000s and then stabilized at a level about twice of the EU average. It appears that this value
is likely to remain the same in the forthcoming years. However, implementation of GHG emissions in
the Czech Republic and Slovakia may be at risk in case the proper energy policy is not maintained.
Moreover, our results show how the increase in the share of renewable energy and improvement in
energy efficiency go hand-in-hand with mining and exploiting the energy sources that is notorious for
the transition economies. We also demonstrate that a proper energy policy is required for effectively
reducing energy consumption and greenhouse gas emissions. There is a need for commitments
made by relevant stakeholders and policymakers targeted at achieving sustainable economic growth
and energy efficiency. In addition, we demonstrate that there is a need for maintaining a proper
balance between economic development and environmental protection, which is a must for the EU
sustainable energy development agenda and all its accompanying targets for all its Member States.

Keywords: renewable energy sources; sustainable development; energy efficiency; economic growth;
energy consumption; Czech Republic; Slovakia

1. Introduction

Increasing energy demand stimulates economic growth (represented by the gross domestic
product (GDP), but energy consumption also causes greenhouse gas emissions. One can see that GDP

Energies 2020, 13, 965; doi:10.3390/en13040965 297 www.mdpi.com/journal/energies



Energies 2020, 13, 965

allows comparing the dynamics of economic development over time and on a cross-country basis but
recently one can hardly assess economic growth without attributing attention to the consumption
of natural resources and preserving the environment. In was in the past decades that the increasing
attention to global warming and climate change has focused on the relationship between environmental
pollutants, energy consumption and economic growth [1-3]. In order to effectively control greenhouse
gas (GHG) emissions and ensure the sustainability of economic development, it is important to
better understand the relationships between greenhouse gas emissions, energy consumption and
economic growth [4-6]. The energy consumption for each mode of transport is calculated as direct
energy (consumption of fossil fuels and electricity during transport) and cumulative energy (including
the energy consumed during the entire production process (exploration, extraction, transport and
production of fuels). The emissions are calculated as carbon dioxide (CO,) equivalent to taking into
account the total GHG potential of emissions from the combustion of fossil fuels. With regard to the
above, one can differentiate between the direct CO, equivalent, which occurs at the place of energy
conversion, and the cumulative CO, equivalent, which takes into account the entire production process
(exploration, extraction, transport and production of fuel) [7,8].

One of the illustrative examples is the transport sector that, together with heating, constitutes
one of the mean areas where profound electrification based on the renewable energy source (RES)
became an overall target many governments worldwide committed to. Even though we do not base
the results of our paper on this sector and do not analyze it or consider its in-depth implications,
a simple reference can be useful here. In general, greenhouse gas emissions from the transport sector
rose from around 146 megatons of carbon dioxide equivalents in 2000 to 174 megatons in 2017 [9,10].
Greenhouse gas emissions from passenger cars rose from 81 megatons in 2000 to 94 megatons in 2017.
The largest increase from 50 megatons in 2000 to 72 megatons in 2017 is for freight vehicles [11]. It is
important that the company monitors both intensity and overall emissions. To keep the indicator set
small, only the GHG intensity is included in this toolkit. Carbon offsets or other emissions trading
programs are not considered in this toolkit.

With all of the above, it has to be mentioned that the EU is on the forefront of electric transportation
with an ambitious plan to operate around 250 million electric vehicles (EVs) by 2025, which represents an
effective transition to the climate targets [12]. However, the effective reduction of energy consumption
and greenhouse gas emissions that the electric transportation was envisaged to entail, seem to require
proper energy policy and careful planning [13]. The plans for transport electrification meet lots of
obstacles and introduce several paradoxes. For example, one can observe that very often the electricity
for powering the electric vehicles (EVs) is produced at the coal power stations, which creates a negative
overall impact for the environment. Thence, it becomes apparent that the transition to clean electric
transport should proceed along the lines of green-to-green paradigm and have to be considered from
the point-of-view of the sustainability spectrum. It is not easy to provide a justified opinion on how
to avoid the negative impact on the environment related to electromobility implementation. One of
the possibilities would be the new advances in EV technology using alternative energy sources or
improvements in battery storage technology that would allow to transfer large amounts of energy over
large spaces.

Overall, one would probably agree with us that economic development and growth in today’s
globalized and cumbersome world should be based on the optimal management of natural resources
that would not induce any harm or burden for the future generations to come and to their natural
environment. Thence, the attention should be focused on the resource management that would
both ensure the global competitiveness of economies without compromising their economic growth
and well-being.

This paper focuses on the renewable energy sources in the EU 2020 target for energy efficiency
in the two EU Member States, Czech Republic and Slovakia. We scrutinize the EU national energy
efficiency targets for 2020 (which represents an important energy policy task, as Newbery at al. [14]
demonstrate) and compare them with those of the two countries in question. Moreover, we employ
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the Auto Regressive Integrated Moving Average (ARIMA) model to obtain the forecasts for whether
the 2020 targets can be achieved.

2. Energy Consumption and Greenhouse Gas Emissions

Household energy consumption is the main reason for the sector’s observed greenhouse gas
emissions [15,16]. Although the ratio of total energy consumption to GHG emissions is direct,
the contribution of electricity consumption to GHG generation compared to other fuels used primarily
for thermal purposes is much more significant compared to their share of total energy [17,18]. This can
be backed up with the fact that the average carbon intensity (in gCO,-e/kWh) is internationally used
in calculating greenhouse gas (GHG) emissions from the electricity system, and the role of GHG in
this system is highlighted in many reports and studies covering a wide spectre of countries, including
China, Iran as well as other countries (see, e.g., [19-21]).

One of the main advantages of efficiency improvements is that they slow down the growth
in energy consumption and reduce greenhouse gas emissions [22,23]. Energy intensity is the ratio
of energy consumption per activity unit (such as floor space and GDP). In a way, energy efficiency
is a measure of how effectively energy is used for a specific purpose and an important way of
decarbonization [24-26]. The energy evaluation makes a major contribution to ensuring that users are
where improvements are needed. Lots can be achieved in an energy assessment, from the disclosure of
energy consumption to waste identification and efficient energy use. Efficient use of energy is still an
important national and international topic in the discussion of political measures, both in European
Union and abroad [27,28]. The assessment of energy efficiency in different countries is important for
each country. To improve the efficiency of anyone’s home, one should first carefully consider her
or his options. An audit assesses electricity bills, insulation, heating and cooling systems, electrical
systems as well as devices to determine how much energy your house uses and where energy is wasted.
Following the recommendations and specially devised strategies can save 5% to 30% of the electricity
bill [29,30].

Speaking about the penetration of the renewable energy sources into the traditional electricity
and power systems, one has to look deeper into the specifics. In many countries, hydro sources are
often needed to generate energy for almost all fuels and technologies to generate electricity, and energy
is needed to treat and transport both water and wastewater [31-33]. A fascinating case study on the
subject is the state of California in the United States with its large water supply systems (which require
a lot of energy for pumping) that moves water from the relatively humid northern areas of the state to
the drier and more populated southern region (including the major metropolitan areas of Los Angeles
and San Diego) [34]. Conversely, the majority of the natural gas used in the water system is used for
water heating on the consumer side of the water meter. Savings varied significantly across the state’s
hydrological region, with the largest savings in the populous south coast region (237,200 mg) and the
lowest savings in the sparsely populated North Lahontan region (1400 mg) [35]. Since the savings in
electricity and greenhouse gas emissions are calculated directly from the water savings, the results of
these calculations showed a similar spatial variation.

When it comes to the debate of promoting renewable energy sources (RES) for the future electricity
and power systems, one has to consider all possible alternatives [36-38]. Apart from the traditional
renewables there are also some carbon-based alternatives to oil (e.g., methane hydrates and the
conversion of coal into methane gas, or the use of oil reservoirs and shale oil), but other interesting
options present themselves too [39—-41]. One of them is the microbial fuel cells (MFCs) that convert
biochemical to electrical energy [42—48]. MFCs can be used in biomass-based energy production,
even though a plethora of technical challenges has to be solved before they will be practical for
renewable energy production [49-51]. Nevertheless, their applications and possible deployment show
that there are many less explored possibilities of using renewables in electricity generation, many of
those not well-known to the general public or less explored by the researcher who might not be aware
of all the possible implications for energy security and energy policy they might present [52-56].
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All'in all, energy consumption and greenhouse gas emissions constitute an important problem
that all the world’s largest economies are facing today, However, one can also see that this might be
a political, rather than a climate protection, energy efficiency or economic issue. World leaders and
important stakeholders are interested in re-election or maintaining their leading positions. Therefore,
they want to make sure economic stability and growth are delivered at all costs. However, in the
same time they have to face the commitments of tackling the climate changes and global warming,
as well as introducing more renewable energy sources into the generation of power and electricity.
Somehow, a balance should be reached and maintained to keep both the voters and the international
partners satisfied. The European Union (EU) is in a specifically difficult position in this situation due
to its complex structure, which lacks the traits of the federal state, and has a complex decision-making
process as well as evaluation and acceptance procedures.

3. Europe 2020 Strategy and the 3 x 20 Climate and Energy Package

One would probably agree with is that EU plays a crucial role in the world as a powerful actor
and leader in sustainable economic growth. The EU serves as a role model for more governments
and actors when it comes to taking real and effective action [57]. The search for ways to increase and
improve the use of renewable energies should not stop in 2020. Countries should continue to focus
on this area in the coming decades and shape the next steps together. The first deadline for adoption
of the package in Parliament was March 2009. However, there have been protests in some countries
regarding the modalities to achieve these goals, particularly as a result of the economic and financial
crisis that has led to tough negotiations between countries. The European Council of the 11th and 12th
of December 2008 finally adopted the package but changed the original measures.

Various EU countries have many issues with meeting their energy efficiency and consumption
obligations. For example, the French government admits failing to meet its climate change commitments.
In 2017, France achieved 16.3% of its energy consumption from renewable sources, compared to its
23% target for 2020. Wood and hydropower are the main sources of green energy in France, ahead of
biofuels [58,59]. The legislative proposals concern energy efficiency, the design of the electricity market
and the governance rules for the Energy Union.

The climate package recognizes energy poverty as a major challenge in Europe and, with these
proposals, aims to protect vulnerable consumers through targeted socio-political and energy-efficient
measures [60,61]. In the package, one can see only minimum requirements for total energy efficiency.
They regulate the maximum permissible energy consumption per floor area or room volume in new
and existing buildings.

There are also provisions such as energy performance certificates, indicating the energy
consumption of an existing or new building or a new building unit, and usually classify it in
steps that differ in terms of energy consumption per square meter [62,63]. The certificates are issued by
certified energy auditors and must be issued publicly, for example in advertisements for the sale or
rental of buildings.

In this regard, the policy stipulates that regular maintenance can lead to significant operational
improvements and recommends combining these inspections with certifications. The number of
charging stations has been growing faster and faster than the number of EVs that could use them,
and their installation is becoming increasingly profitable for electricity suppliers. In order to boost the
market for cleaner vehicles, the EU Parliament and the Council agreed in February 2019 to amend
the directive on the promotion of clean and energy-efficient vehicles [64]. The directive stipulates
that authorities that procure vehicles (e.g., for public transport) must take their CO, emissions and
the emissions of other pollutants into account. The EU emissions trading system includes emissions
from more than 11,000 power plants and industrial plants and, from 2013, emissions from aviation.
Around 40% of total EU emissions are covered by the regulation [65]. In addition to the EU27, Croatia,
Iceland, Norway and Liechtenstein are also part of the ETS. When the EHS was introduced in 2005,
it was the first trading system for greenhouse gases. As already mentioned, the EU should achieve its
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overall GHG target. The EEA’s projections show that it will cut its greenhouse gas emissions by six
percentage points above the 2020 target with existing measures and by seven percentage points by
adopting additional measures. Since 2016, five EU countries have actually increased their greenhouse
gas emissions compared to 1990. Careful monitoring was applied to the primary energy consumption
in order to assess progress in energy efficiency in terms of goals and policies for the European Union
and its Member States. In 2009, the Europe 2020 Strategy was adapted [66]. It includes very important
and timely targets set for the whole European Union are as follows:

e reducing greenhouse gas emissions by at least 20% compared to 1990 levels;
e  increasing the share of renewable energy in the final energy consumption to 20%;
e  moving towards a 20% increase in energy efficiency (from 2005 levels).

Table 1 shows the national energy efficiency targets for 2020 for the EU28, Czech Republic
and Slovakia.

Table 1. National energy efficiency targets for 2020 for the EU28, Czech Republic and Slovakia [43].

Greenhouse Gas Share of Renewable Primary Energy Final Energy
EU Member State Emissions *! Energy *2 Consumption *3 Consumption *3
(%) (%) (Mtoe) (Mtoe)
Czech Republic 9 13 39.6 25.3
Slovakia 13 14 16.4 9.0
EU28 *4 20 20 1483.0 1086.0

Note: Mtoe—million tonnes of oil equivalent; *1—compared to 2005 levels; *2—share of renewable energy in gross
final energy consumption; *3—absolute level of energy consumption in 2020 (Mtoe) as notified from Member States
in 2013, in the NEEAP 2014, annual reports or in separate notifications to the European commission in 2015 and
2016 (Mtoe); *4—compared to 1990 levels.

A little explanation should be made here for better clarity of the explanation of our empirical
model and its main results and implications that are presented in the next sections. As opposed to
final energy consumption, primary energy consumption refers to energy that has not been subject to
any conversion or transformation process. Energy intensity represents the amount of primary energy
consumption per unit of GDP. The energy intensity indicator depends on the industrial structure of the
economy and thus is not an exact proxy for energy efficiency in the EU Member States.

Moreover, several more methodological issues should be explained about the energy intensity
(EI), gross inland energy consumption (GIEC), gross domestic product (GDP) and their relationship.
All of the above can be expressed in the formula that follows:

EI = GIEC/GDP 1)

where:
El—energy intensity;
GIEC—gross inland energy consumption;
GDP—gross domestic product.

4. Methodology

The data used for our empirical models was accessed in December 2019 via Eurostat, a European
Statistical Office. Some of the latest data are for 2018 (GDP), but others are for 2017 (e.g., GHG),
which is given by the data availability and accessibility.

For forecasting time series, a popular and widely used statistical method called ARIMA [67-69]
has been used. ARIMA is an acronym for Auto Regressive Integrated Moving Average. AR is a
class of linear model where the variable of interest is regressed on its own lagged values. MA is also
class of linear model, where the variable of interest is modeled with its own imperfectly predicted
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values of current and previous times [70]. The I is an integration—it specifies the number of times the
differencing operation is performed on a series to make it stationary.
The Auto Regression (AR) process is written as

Yt = $1yi-1 + Gayi2+ - + Gpyr—p + €t

where:
($¢_1—parameters;
Yt—i—T€egressors;
€—error.
Moving Average (MA) can be written in terms of error terms:

Vi = Glet_l + 62€t_2 + -+ qut_q + €t

where:
0¢_1—parameters;
€_j—Tregressors—imperfections (errors) in predicting previous terms;
e—error.
The ARMA process has the mathematical form:

P q
Y= Z biy-i + Z Oier—j+ €t
i=1 =1

As a result, the differencing is the ARIMA process. The “predictors” on the right-hand side
include both the lagged values of y; and the lagged errors. We call this an ARIMA (p, d, q) model,
where parameters (p, d, q) describe:

AR: p—periods to lag;

I: d—the degree of differencing;

MA: q—the lag of the error component.

All figures used hereinafter in this paper and employed for comparing the situation in Czech
Republic and Slovakia were prepared separately for Czech Republic and Slovakia due to one simple
fact that the scale of data was different and it would not look clear and comparable if placed on the
same figure.

Moreover, we should also explain that the confidence interval (Lo-Hi) of a forecast (shadow on
figures) is the range within which the value we forecast will lie with a certain probability. For example,
if, for GHG for Slovakia in 2018, the L0.95-Hi.95 percent of the forecast confidence interval is between
40.09 and 48.38, then with a probability of 95%, GHG (greenhouse gas emission) will be at least 40.09
Mt and at most 48.38 Mt.

The empirical models used hereinafter is based on our previous similar studies covering other EU
countries (e.g., Poland) and focusing on the same issues (see, e.g., [71]).

5. Results and Discussions

Our results are outlined below as follows: First, let us look at the greenhouse gas emission (GHG)
in the Czech Republic. The dashed line in Figure 1 represents the GHG emission limit for 2020. For the
Czech Republic it is no more than 9% comparing to year 2005 (149.53 Mt). It means that the limit for
2020 equals 162.99 Mt. The emissions are decreasing (even taking into the account the high and low
forecast as shown in Figure 1).
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Figure 1. GHG emissions in Czech Republic in 1990-2020 (Source: Own results).

Table 2 depicts the values presented in Figure 1 in more detail, including the forecast, as well as
forecast for the values of Hi and Lo at 80% and 95%, respectively, for the Czech Republic.

Table 2. Forecast Auto Regressive Integrated Moving Average (ARIMA) (0,1,0) details for GHG

emissions in Czech Republic (Source: Own results).

Point.Forecast Lo.80 Hi.80 Lo.95 Hi.95
2018 127.8996 120.8964 134.9028 117.1891 138.6101
2019 125.3328 115.4288 135.2368 110.1859 140.4797
2020 122.766 110.6361 134.8959 104.2149 141.3171

Our key conclusion stemming from the analysis of GHG emissions in Czech Republic is that the
country is likely to meet the requirements of Europe 2020 in terms of greenhouse gas emissions (GHG),
because from 2007 onwards the trend is towards a continuous reduction in greenhouse gas emissions.

Looking into the case of Slovakia, one can see the following story (see Figure 2 that follows).
For Slovakia the GHG limit is no more than 13% comparing to year 2005 (51.28 Mt). It means the limit
for 2020 equals 57.95 Mt.

Table 3 depicts the values presented in Figure 1 in more detail, including the forecast, and the Hi
and Lo at 80% and 95%, respectively, for Slovakia.

Table 3. Forecast ARIMA (2,1,0) details for GHG emissions in Slovakia (Source: Own results).

Point.Forecast Lo.80 Hi.80 Lo.95 Hi.95
2018 44.2312 41.52021 46.9422 40.08509 48.37732
2019 45.10624 40.37804 49.83445 37.87508 52.33741
2020 45.83483 38.46569 53.20397 34.5647 57.10496
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Figure 2. GHG emissions in Slovakia in 1990-2020 (Source: Own results).

The key conclusions for Slovakia that were obtained appear to be similar to in the situation in the
Czech Republic. Figure 3 shows the share of renewable energy sources (RES) in the Czech Republic.

151
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Figure 3. Share of renewable energy sources in gross final energy consumption in the Czech Republic
(Source: Own results).

The share of renewable energy in Czech Republic has been growing and since 2005 has always

been under Europe 2020 target (see Table 4).
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Table 4. Forecast ARIMA (0,1,0) details for the share of renewable energy sources in the Czech Republic

(Source: Own results).

Point.Forecast Lo.80 Hi.80 Lo.95 Hi.95
2018 15.36808 14.59934 16.13681 14.1924 16.54375
2019 15.97615 14.889 17.06331 14.31349 17.63881
2020 16.58423 15.25274 17.91572 14.5479 18.62056

Even the most pessimistic forecasts (Lo.95) show that the RES will be above the assumed level of
13%. Figure 4 above show the results of the similar simulation for Slovakia.

12.54

7.5

2005 2010 2015 2020
Year
Figure 4. Share of renewable energy sources in gross final energy consumption in Slovakia (Source:
Own results).
From Figure 4 and Table 5 one can deduct that the maximum share of renewable energy in Slovakia
was in 2015, and since this year has been decreasing. Therefore, it is improbable that Slovakia will
achieve Europe 2020 goals in the RES indicator.

Table 5. Forecast ARIMA (0,1,0) details for the share of renewable energy sources in Slovakia (Source:

Own results).

Point.Forecast Lo0.80 Hi.80 Lo.95 Hi.95
2018 11.49 10.33109 12.64891 9.717603 13.2624
2019 11.49 9.851056 13.12894 8.983452 13.99655
2020 11.49 9.482712 13.49729 8.420118 14.55988

Figure 5 and Table 6 shows the primary energy consumption and final energy consumption (PEC,
FEC) for the Czech Republic.
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Figure 5. Primary energy consumption in the Czech Republic (Source: Own results).
Table 6. Forecast ARIMA (1,0,0) details for the primary energy consumption in the Czech Republic

(Source: Own results).

Point.Forecast Lo.80 Hi.80 Lo.95 Hi.95
2018 40.66137 38.64919 42.67354 37.58402 43.73872
2019 40.91168 38.31415 43.50922 36.93909 44.88428
2020 41.11603 38.19276 44.03931 36.64527 45.5868

Overall, it seems that for the Czech Republic primary and final energy consumption have both
been fluctuating around their Europe 2020 target (see Figure 6 and Table 7). Based on the forecast,
we can assess that the target will be slightly exceeded, but the confidence interval of the forecast gives
hope that it could be under the limit. Figure 7 and Table 8 shows the results from a similar simulation

for the case of Slovakia.
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Figure 6. Final energy consumption in the Czech Republic (Source: Own results).
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Table 7. Forecast ARIMA (0,2,1) details for the primary energy consumption in the Czech Republic
(Source: Own results).

Point.Forecast Lo.80 Hi.80 Lo.95 Hi.95
2018 25.81322 24.62623 27.00021 23.99788 27.62857
2019 26.14355 24.17197 28.11513 23.12828 29.15882
2020 26.47387 23.69279 29.25496 22.22057 30.72717
184
B
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w
& 164
144
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Figure 7. Primary energy consumption in Slovakia (Source: Own results).

Table 8. Forecast ARIMA (0,1,0) details for the primary energy consumption in Slovakia (Source:
Own results).

Point.Forecast Lo0.80 Hi.80 Lo.95 Hi.95
2018 16.14603 15.27609 17.01598 14.81557 17.4765
2019 16.14603 14.91575 17.37632 14.26447 18.0276
2020 16.14603 14.63925 17.65282 13.8416 18.45047

The main conclusions here is that the primary energy consumption in Slovakia has been under
the Europe 2020 limit since 2011, but since 2014 we can observe change in the trend—PEC growth.
It appears quite difficult to assess what the result in 2020 will be, but our simulations and forecast show

it will be very close to the limit.

Final energy consumption for Slovakia was set on an unattainable level for this country. Slovakia
has never been close to this level and seems improbable to achieve this level in 2020 (see Figure 8 and

Table 9).

Table 9. Forecast ARIMA (0,1,0) details for the final energy consumption in Slovakia (Source:

Own results).

Point.Forecast Lo.80 Hi.80 Lo.95 Hi.95
2018 11.12881 10.3039 11.95372 9.867218 12.39041
2019 11.12881 9.96221 12.29541 9.344648 12.91298
2020 11.12881 9.700022 12.5576 8.943667 13.31396
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Figure 8. Final energy consumption in Slovakia (Source: Own results).

Figure 9 below shows the levels of the gross domestic product (GDP) in the Czech Republic.
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Figure 9. Gross domestic product in current and constant prices in the Czech Republic (Source:
Own results).

In general, there is no forecast of GDP, because it does not constitute any importance for Europe’s
2020 strategy and its implications. Nevertheless, is seems important to describe how it looked like in
the past, because GDP is used for energy intensity calculation and forecast (see the next figures that
follow) and is also important for sustainable development. Figure 10 below shows the gross domestic
product in current prices in Slovakia.
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Figure 10. Gross domestic product in current and constant prices in Slovakia (Source: Own results).

The results for Slovakia seem to be very much the same as for Czech Republic. Furthermore, let us
look at Figure 11 that shows real GDP growth rate in EU compared to the Czech Republic and Slovakia.
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Figure 11. Real GDP growth rate in the EU compared to the Czech Republic and Slovakia (Source:
Own results).

The differences between the Czech Republic and Slovakia are quite obvious. Slovakia is growing
at a faster pace. This might be attributed to the better and more efficient economic reforms in Slovakia
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that accepted the Euro as its currency in 2009 while the Czech Republic still keeps its national currency,
the Czech koruna.

Figures 12 and 13 that follow shows the energy intensity in the Czech Republic and Slovakia that
is calculated as the ratio of gross inland energy consumption (GIEC) to GDP. The two different shapes
of energy intensity depict the (i) forecast, (ii) forecast Lo 80% and 95%, as well as (iii) forecast Hi 80%
and 95% for each country, respectively (see Tables 10 and 11 for more explanation showing the values
for each forecast).
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Figure 12. Energy intensity in the Czech Republic expressed as GIEG/GDP with forecast, forecast Lo
80% and 95% and forecast Hi 80% a and 95% (Source: Own results).
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Figure 13. Energy intensity in Slovakia expressed as GIEG/GDP with forecast, forecast Lo 80% and 95%
and forecast Hi 80% a and 95% (Source: Own results).
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Table 10. Forecast ARIMA (0,1,0) details for the energy intensity in the Czech Republic (Source: Own

results).
Point.Forecast Lo.80 Hi.80 Lo.95 Hi.95
2018 0.23128835 0.217935688 0.244641013 0.210867215 0.251709485
2019 0.224008806 0.205125289 0.242892322 0.19512896 0.252888652
2020 0.216729261 0.193601771 0.239856751 0.181358817 0.252099704

Table 11. Forecast ARIMA (0,1,0) details for the energy intensity in Slovakia GIEG/GDP with forecast,
forecast Lo 95% and forecast Hi 95% (Source: Own results).

Point.Forecast Lo.80 Hi.80 Lo.95 Hi.95
2018 0.198569715 0.181460651 0.21567878 0.172403659 0.224735771
2019 0.185333467 0.161137596 0.209529338 0.148329075 0.222337858
2020 0.172097218 0.14246345 0.201730987 0.12677628 0.217418157

The low value of energy intensity speaks of the level of economic development. The average
for the EU equals 0.1097. The energy intensity of Czech Republic is twice larger than the average for
the EU but it has a decreasing trend. Figure 13 below shows the same situation but using the case of
Slovakia. It is apparent that the Slovak energy intensity also exceeds the EU average.

The main conclusions stemming from Figures 12 and 13 and the accompanying tables are that
the low value of energy intensity speaks of the modern economy. The EU average equals 0.1097.
Energy intensity of Slovakia is twice larger than the average of the EU and decreased fast between
1995 and 2007, but in the last years the decrease is very slow and looks to be stabilizing.

Figure 14 depicts energy consumption and greenhouse gas emissions for the Czech Republic.
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Figure 14. Gross inland energy consumption (GIEC) and GHG emissions in the Czech Republic (Source:

Own results).

In the case of the Czech Republic, GIEC and GHG are correlated, but we can see that in the last
years GHG emission is decreasing faster than the energy consumption. This is, of course, a positive
trend that can be attributed to the improvement in energy policy and strategy.
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Allin all, also in the case of Slovakia, the GIEC and GHG appear to be correlated. It is apparent
from Figure 15 that in the last years, GHG emission is decreasing a little faster than energy consumption,
but not as fast as in the case of the Czech Republic that was analyzed above. This was shown on the
previous figures describing the renewable energy sharing system.
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Figure 15. Gross inland energy consumption (GIEC) and GHG emissions in Slovakia (Source:
Own results).

6. Conclusions

Recent commitments to sustainable development and mitigating climate changes made by most
of the world’s governments also found their way into the energy policy of the European Union,
becoming the basis of its national energy efficiency targets for 2020 embedded in the Europe 2020
strategy. The Europe 2020 strategy and the 3 X 20 climate and energy package envisage the reduction
of greenhouse gas emissions in EU Member States as well as increasing the share of renewable energy
for enhancing energy efficiency. Due to the varying level of economic development, different objectives
were set for different EU Member States, with the Czech Republic and Slovakia, which constitute the
case studies employed in this paper, facing targets that were lower than that in the case of the more
economically developed EU countries.

With regard to the above, one has to understand that climate targets were set in order to slow down
or even reverse (albeit in the long run) the depletion of natural resources and preventing environmental
degradation. In no way were these targets set with a purpose of halting the economic growth (especially
when it comes to the economies in transition) but rather to help the countries in question to develop in
accordance with the principles of energy efficiency and sustainable economic growth.

Both countries selected for our case study, the Czech Republic and Slovakia, experienced deep
system transformation after the fall of Communism in 1989 that are apparent in the GDP, gross inland
energy consumption and GHG emissions that constitute the measures of sustainable development
used in our research. Our results indicate that it is quite unlikely that the planned increase in renewable
energy is going to reach its targets for the Czech Republic and Slovakia (which is similar to the case of
other EU Member States that joined after 2004) but it will be possible to reduce energy consumption
and greenhouse gas emissions. This is, among other things, due to the fact that gross inland energy
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consumption and greenhouse gas emissions in the Czech Republic and Slovakia appear to be correlated.
Greenhouse gas emissions are going down in both countries in question a little faster than energy
consumption, but this pace is more rapid in the Czech Republic than in Slovakia.

In addition, it becomes apparent that implementation of GHG emissions in the Czech Republic
and Slovakia may be at risk in case the proper energy policy is not maintained by the stakeholders and
governments of the respective countries. Moreover, our findings show that regardless of the mix of
fossil and renewable energy, the state of economic development and the geographical location of any
EU Member States, a proper energy policy is required for effectively reducing energy consumption
and greenhouse gas emissions. The energy intensity of Czech and Slovak economies increased in the
early 2000s and then stabilized at a level about twice of the EU average. Our analysis of the energy
intensity for the both countries in question shows that in the forthcoming years its value is likely to
remain the same.

Overall, our results also demonstrate that maintaining a proper balance between economic
development and environmental protection should be kept at all cost regardless of the position of
the country. The cases of the Czech Republic and Slovakia scrutinized in this paper confirms that.
Both countries have (common) Communist pasts but both underwent a spectacular economic transition
and became Member States of the European Union. However, their story might be used by other
EU Member States, both constituting the “core” EU and those that joined in 2004 or after. It might
be also interesting to study the implications of Brexit and the shift of energy policies during and
after the transition period for the United Kingdom. Further progress in maintaining a proper balance
between economic development and environmental protection might be ensured by the decisive steps
of the Czech and Slovak (as well as other EU) stakeholders and policymakers in terms of investments
into renewable energy sources, modernizing the old energy sector and seeking for new solutions for
sustainability and energy efficiency.
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