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ABSTRACT Cryptocurrency has become a pivotal player in global financial transactions due to its decentral-
ized mining process, which eliminates the need for intermediaries. However, the operation of cryptocurrency
mining devices (CMDs) requires significant electrical power, leading to an increase in network-connected
cryptocurrency mining loads (CMLs) that pose challenges for power grid operators. This paper evaluates the
integration of CMLs into power grids, focusing on distribution network performance. A technology-accepted
model for assessing cryptocurrency mining performance is presented, along with an analysis of the impacts of
high CML penetration on power grid planning and operation. Findings reveal that high CML penetration can
complicate load forecasting, congest transmission lines, and increase the coincident peak load in distribution
networks. A case study of Iran’s power network indicates that CMLs account for approximately 2.8% of the
nation’s electricity consumption. Furthermore, if 5% of residential customers in Tehran install CMDs, the
average coincident peak demand for this group rises by 26.81%. Additionally, the average power factor of
a sample CMD is about 0.99, while total current distortion and third harmonic current exceed permissible
limits, indicating potential power quality issues. This study highlights the challenges posed by CMLs and
proposes strategies for their sustainable integration into power grids.

INDEX TERMS Bitcoin, cryptocurrency mining, distribution network, electricity rate, power quality.

I. INTRODUCTION ditional proof-of-work mechanisms [2]. Furthermore, in the

Blockchain technology, initially popularized by cryptocur-
rencies, has rapidly gained recognition for its potential to rev-
olutionize various industries due to its decentralized, secure,
and transparent nature. Beyond cryptocurrency, blockchain
technology has found applications in numerous fields,
demonstrating its versatility and transformative potential. For
instance, in the energy sector, blockchain is being integrated
with smart grids to enhance security, decentralization, and
efficiency in managing renewable energy sources [1]. In elec-
tronic voting systems, blockchain offers robust solutions to
prevent fraud and ensure democratic integrity by leveraging
its secure and transparent nature, with ongoing advancements
aiming to reduce energy consumption associated with tra-
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realm of the Internet of Things (IoT), blockchain addresses
significant challenges such as data security, privacy, and inter-
operability, facilitating secure and efficient data exchange and
decentralized decision-making [3].

Cryptocurrencies, such as Bitcoin (BTC) and Ethereum
(ETH), utilize blockchain technology to operate indepen-
dently of central banking systems, offering benefits such as
reduced transaction costs, faster transfer rates which needs
lower time duration, and enhanced privacy. The adoption
of cryptocurrencies is driven by their ability to provide
financial autonomy and security, enabling direct peer-to-
peer transactions that bypass traditional financial institutions
and eliminates intermediary oversight entities [4]. Cryptocur-
rency mining, which is the process of generating new digital
currencies and verifying transactions, demands significant
computational power.
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Cryptocurrency networks are designed to be complex
for enhanced security, employing intricate algorithms that
require powerful hardware to solve mathematical problems.
These algorithms are so complex that only computers with
high processing power, like application-specific integrated
circuits (ASIC) miners, can execute them [5]. However, this
high processing power results in significant electricity con-
sumption of cryptocurrency mining operation. In addition to
the direct power consumption by the cryptocurrency mining
devices (CMDs), considerable energy is required for cooling
systems to dissipate the heat generated and maintain optimal
operating temperatures [5].

In 2023, it was estimated that the BTC network, holding
more than 80 percent of the market share of cryptocurrencies,
consumed approximately 0.7 percent of the world’s total
electricity consumption [6]. To put this into perspective, the
energy consumed by the BTC network alone was estimated to
be about 173 TWh per year, which even exceeded the overall
electricity usage of Poland in one year [7]. Additionally, the
power demand required by the BTC network in 2023 was
estimated to be around 19.7 GW, equivalent to the size of
the power system of a country like Colombia, which has a
capacity of 19.4 GW [6].

People place their CMDs at the disposal of the cryptocur-
rency network and, depending on their CMD’s processing
power and capacity, receive rewards in the form of cryp-
tocurrencies [8]. The profitability of cryptocurrency mining
has led to the emergence of a new category of loads on the
power grid known as cryptocurrency mining loads (CMLs),
resulting in their increased penetration into the network [5].
In addition to the significant energy consumption characteriz-
ing CMLs, their widespread integration into both power and
cryptocurrency networks poses numerous challenges as well.
Therefore, it is imperative to thoroughly examine various
dimensions surrounding the rapid expansion of these loads.
This involves conducting comprehensive analyses across
diverse domains, including economics, security, electrical,
and data-related aspects, among others [9]. Of particular sig-
nificance is the electrical aspect, given the substantial energy
consumption associated with CMLs, which may present chal-
lenges for the planning and operation of different parts of
the power grid [10]. Understanding and addressing these
challenges are critical for planners and operators of the power
grid to ensure the sustainable integration of CMLs into power
networks.

This paper investigates the high penetration of cryp-
tocurrency loads in power grids, with a specific focus on
the planning and operation of the distribution sector. The
employed approach involves several key components to pro-
vide a comprehensive understanding of this penetration.
Firstly, a technology accepted model, specifically tailored
for cryptocurrency mining, is introduced by delineating the
influential parameter, and the electricity purchase rate that
has a great impact on its adoption. Based on using this
foundation, a set of criteria is employed for the integra-
tion of these loads into different countries’ power networks.
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Furthermore, an estimation method is proposed to quantify
the energy consumption associated with these loads. Subse-
quently, an analysis of the impact of penetration of CMLs
on the planning of generation, transmission, and distribution
systems of the power grid is conducted, employing real-world
data from a case study related to Iran power grid to fur-
nish some empirical insights to its impacts and to validate
the findings. By synthesizing these diverse perspectives, the
paper aims to provide valuable insights into the challenges
and opportunities posed by the integration of cryptocurrency
loads into the distribution grids. This can help policymakers
and strategic planners in the energy sector to make proper
decisions.

A. LITERATURE REVIEW

The penetration of CMLs and their intense energy con-
sumption can introduce new challenges and opportunities
for power systems, as examined in the literature. Previous
research on the high penetration of CMLs in power sys-
tems has explored various aspects of these loads, including
energy consumption [11], [12], [13], [14], [15], economic
factors [16], [17], environmental effects [18], [19], [20], [21],
[22], and the feasibility of renewable energy integration in
cryptocurrency mining operations [23], [24], [25], [26], [27],
[28]. Generally, research in this field can be divided into two
main areas: examining the challenges posed by CML pene-
tration in power systems and providing solutions to address
these challenges. Despite the numerous studies on energy
consumption and environmental impacts of CMLs, the effects
of high CML penetration on the planning and operation of
electric power grids have not been thoroughly addressed in
the literature. Only a limited number of references focus on
studying the adverse impacts of these loads on power systems.

Reference [29] highlights that CMLs have caused signif-
icant strain on energy grids, resulting in frequent blackouts
and power shortages in countries like Kazakhstan and
Venezuela. They discuss how the rapid increase in mining
activities has worsened these impacts on their power system,
revealing the vulnerability of weak energy grids to the high
electricity demands of mining operations. The authors in [30]
examine the multifaceted impacts of CMLs on electricity
grids, emphasizing three main effects: increased average
electricity prices, heightened carbon emissions, and reduced
grid reliability. They note that the constant and significant
demand from CMLs flattens the overall electricity demand
curve, leading to lower price variance despite higher average
costs. Additionally, the extra demand of miners can strain the
grid, especially in regions without robust demand response
programs or those prone to severe weather, thus affecting grid
reliability.

Reference [18] uses high-resolution data to assess the
effects of expanding CMLs on the large-scale Texas power
grid, focusing on grid stability, electricity markets, and prices.
The study shows that CMLs could disrupt markets, and the
impact on electricity markets varies significantly depending
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on location. In [12], a detailed study examines energy con-
sumption and power quality (PQ) in cryptocurrency mining
facilities in Texas. The analysis includes energy usage, volt-
age, current, power, and current harmonics, based on data
from both grid-connected and islanded facilities. The authors
in [31] investigate the impact of CMLs on PQ in low-voltage
networks, finding that while an optimized mining rig has a
smaller effect on PQ compared to a personal computer cluster,
it demands significantly higher and nearly constant power.

Reference [10] explores the influence of CMLs on the pre-
mature aging of distribution transformers, using real-world
data to highlight potential risks and financial implications for
distribution utilities if small-scale miners are not regulated.
References [32] and [33] present a data-driven approach to
predict CML-tripping events, focusing on the low-voltage
ride-through (LVRT) problem and using diverse fault sce-
narios generated through electromagnetic transient program
(EMTP) software for training data.

To address the challenges posed by CML penetration in
the electricity grid, several studies explore the feasibility
of integrating renewable energy into cryptocurrency min-
ing operations [23], [24]. Additionally, [34] presents energy
efficiency programs aimed at encouraging customers to use
high-efficiency CMDs. These programs include informa-
tional, regulatory, and financial policy instruments designed
to reduce CML energy consumption. Furthermore, the
authors in [5] propose a practical electricity pricing strategy
to mitigate the adverse impacts of CMLs on power system
operations, addressing concerns arising from the high pene-
tration of these loads. However, to the best of our knowledge,
existing literature predominantly views CMLs as energy-
hungry loads, often neglecting their impact on various parts of
the power grid, particularly regarding power system planning
and operation.

This paper addresses this gap by providing a comprehen-
sive analysis of the impacts of high CML penetration on the
planning and operation of generation, transmission, and dis-
tribution systems within a power grid, using real-world data

and case studies from Iran to develop empirical insights into
the challenges caused by CML penetration. Table 1 illustrates
the contribution of the proposed approach versus the data
from selected reviewed literature investigating the impact of
CMLs on power systems.

B. CHALLENGES IN PREVIOUS STUDIES

In reviewing the literature on the integration of CMLs into
power grids, several key challenges have been identified:

o Load Forecasting Uncertainty: The unpredictable nature
of CML power consumption complicates accurate grid
load forecasting and power generation capacity plan-
ning.

o Transmission Line Congestion: High CML penetration
can cause congestion in transmission lines, reducing
power transmission capability.

« Distribution Network Strain: A surge in CMLs, espe-
cially in residential areas, significantly increases dis-
tribution network peak loads, potentially leading to
outages.

o PQ Concerns: CMLs can introduce harmonic distortions
and electrical noise, impacting equipment performance
and grid stability.

o Economic and Operational Costs: High and continu-
ous electricity consumption by CMLs raises operational
costs and may require infrastructure upgrades.

C. MOTIVATIONS FOR THE PRESENT WORK
In the following, the motivations for performing this study are
presented.

« Rapid Adoption of Cryptocurrencies: The widespread
acceptance and utilization of cryptocurrencies like BTC
are driven by their decentralized nature, reduced trans-
action costs, faster transfer times, and enhanced privacy.

« Significant Energy Consumption: Cryptocurrency min-
ing requires substantial computational power, leading
to high electricity consumption for both the mining

TABLE 1. Comparison of studies investigating the impact of CMLs on power systems.

Ref. Country Study Dataset Outcome
. . Measured data from BTC Analyzed power quality; discussed; presented voltage
[12] USA qux{er qual'lt'y. analysis of BTC mining facilities and ride-through test results; tabulated data on commercial
mining facilities L e
laboratory data and laboratory mining facilities
[18] USA fmpact of CMLs on power grids Real-world data from P¥0V1d§:d insights into grid stab}l}ty, el.ecmmty market
Texas disruptions, and variable electricity prices
Energy grid strain due to National energy Highlighted frequent blackouts and power shortages
[29] Kazakhstan L. . . L N
cryptocurrency mining consumption caused by increased mining activities
. Effects of mining on power National energy Identified significant strain on energy grids and
[30] China L . . T A
reliability consumption challenges in maintaining power reliability
[31] Serbia Effects of cryptocurrency mining | Measured data from Compared power quality impacts; found mining rig had
rig on distribution network mining rig and PC cluster less harmonic impact but higher constant power demand
This paper | Iran CML penetation in povwer Real-world data o high M. penctraton in planning and operation of
pap distribution networks from Iran g P p & P
power systems
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equipment and the cooling systems necessary to main-
tain optimal operating temperatures.

o Challenges for Power Grids: The profitability of mining
operations has resulted in increased activity in regions
with lower energy prices, causing a surge in power
consumption that poses significant challenges for local
power grids, including potential strain and stability
issues.

« Impact on Power Network Planning and Operation: The
introduction of CMLs creates a new category of loads
on the power grid. While existing research primarily
addresses energy consumption, it often overlooks the
broader impacts on the planning and operation of power
systems, especially within the distribution network.

D. MAIN CONTRIBUTIONS

The main contribution of this paper is to investigates the high
penetration of CMLs in power grids, specifically focusing on
the planning and operation of the distribution network, and
other contribution can be summarized as follow:

o Technology-Accepted Model: Introduces a tailored
model for cryptocurrency mining, focusing on critical
factors such as electricity rates that affect mining adop-
tion.

« Integration Criteria: Establishes criteria for integrating
CMLs into power networks, taking into account regional
differences to ensure effective integration.

o Energy Consumption Estimation: Proposes a method for
quantifying the energy consumption of CMLs, providing
a clearer picture of their demand on power systems.

« Impact Analysis: Conducts a thorough analysis of how
CMLs affect the planning and operation of power sys-
tems, supported by real-world data from the Iranian
power grid case study.

o Guidance for Policymakers: Offers valuable insights to
assist policymakers and planners in making informed
decisions about the sustainable integration of CMLs into
power grids.

E. PAPER ORGANIZATION
The rest of the paper is organized as follows. Section II intro-
duces how CMLs penetrate into the power grid. Section III

Perceived Usefulness:
.| - Profitability Potential

- Efficiency Advantage

- Competitive Edge

- Revenue Diversification

is devoted to the energy consumption of CMLs. Section IV
deals with the analysis of the high penetration of CMLs on the
power grid, focusing on generation and transmission expan-
sion planning. Section V discusses the impact of CMLs on the
power distribution network. Section VI presents the results
of PQ analysis of CMLs. Finally, the concluding remarks are
presented in Section VII.

Il. PENETRATION OF CMLS INTO THE POWER GRID
A. TECHNOLOGY ACCEPTED MODEL FOR
CRYPTOCURRENCY MINING
In this section, some questions are raised in order to explore
the possible serious threats to the power networks in case
of CMLs penetration; such as: which networks planners
and which networks operators should examine the effects
of penetration of CMLs as a serious threat to their net-
work. Addressing this concern requires, first, identifying the
factors that attract individuals and organizations to cryptocur-
rency mining technology and then evaluating the impact of
these mining loads on the power grid. To achieve this, the
Technology Acceptance Model (TAM) is employed, which
emphasizes two primary factors influencing the acceptance
and adoption of a new technology like cryptocurrency min-
ing: perceived usefulness and perceived ease of use [35].
Fig. 1 also presents various internal and external variables
that influence cryptocurrency mining adoption, including
regulatory and legal frameworks, market trends, technolog-
ical innovations, and socio-economic factors [36]. Perceived
usefulness refers to the extent to which users believe
cryptocurrency mining will enhance their performance or
profitability. Several factors shape this perception. First, the
profitability potential of cryptocurrency mining is a key
driver, as individuals and businesses are attracted by the
ability to generate significant profits through mining rewards,
often in the form of cryptocurrencies. This positions mining
as an appealing investment opportunity, particularly when
cryptocurrencies are in high demand or prices are rising.
Furthermore, cryptocurrency mining technology offers an
efficiency advantage over traditional business models [37].
Mining operations, when optimized, can process
blockchain transactions quickly and cost-effectively, result-
ing in higher returns on investment. This efficiency, combined

A

Internal/External variables Affecting
Cryptocurrency Mining Technology:
- Regulatory and Legal Framework

- Market Trends and Industry Dynamics

- Technological Innovations

3

- Socio-Economic Factors

Perceived Ease of Use:
- User-Friendly Interfaces
o | - Educational Resources
- Setup and Maintenance Ease
- Technical Support Access

Actual Adoption of Cryptocurrency
Mining Technology:

- Hardware and Software Deployment

- Integration into Business Processes

- Resource Allocation

- Revenue Generation

Behavioral Intention to Adopt
Cryptocurrency Mining:

- Positive Attitudes

- Exploration Intentions

- Confidence in Benefits

- Willingness to Invest

Y

FIGURE 1. Technology accepted model for cryptocurrency mining.
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with the decentralized nature of blockchain, makes mining
an attractive venture for those seeking to maximize finan-
cial gains with relatively low operational costs. Another
important aspect of perceived usefulness is the competi-
tive edge provided by engaging in cryptocurrency mining.
As the blockchain and cryptocurrency ecosystem continues
to evolve, early adopters or those with access to advanced
mining technologies can position themselves as leaders in
this growing industry. This potential for gaining a compet-
itive advantage drives interest and investment in mining,
as individuals and companies strive to establish themselves
as key players in the blockchain space [38]. Additionally,
cryptocurrency mining presents opportunities for revenue
diversification. Miners are able to generate income through
multiple streams, such as transaction fees and rewards from
solving complex computational problems, further enhancing
the perceived attractiveness of this technology as a strategic
investment [39].

Perceived ease of use, another critical factor in TAM,
reflects how effortless users expect cryptocurrency mining
technology to be. Several elements contribute to this per-
ception. User-friendly interfaces provided by modern mining
platforms have significantly lowered the barriers to entry,
allowing even those with limited technical expertise to
participate in mining activities. The availability of educa-
tional resources also plays a crucial role, as these resources
empower individuals by providing the knowledge and skills
necessary to navigate the technical aspects of cryptocurrency
mining. This ease of access encourages broader adoption,
as users feel more confident in their ability to successfully
engage with the technology. Moreover, the simplicity of
setting up and maintaining mining operations enhances per-
ceived ease of use [40].

Over time, advancements in hardware and software have
streamlined the process of initiating cryptocurrency mining,
making it easier for users to acquire, install, and manage the
necessary equipment. This ease of setup reduces the technical
complexity that often deters new users. Additionally, access
to reliable technical support further facilitates adoption by
ensuring that users can resolve issues quickly and continue
mining operations without significant downtime. These fac-
tors together make the technology more accessible to a wider
audience, thus increasing its appeal [40].

Behavioral intention to adopt cryptocurrency mining tech-
nology is influenced by users’ attitudes toward the benefits
and risks of mining. Positive attitudes toward mining are
shaped by the perceived profitability and efficiency advan-
tages previously mentioned. Many users are motivated by
the opportunity to explore new financial and technological
opportunities. The desire to engage with an emerging technol-
ogy that promises significant rewards often drives exploration
intentions, pushing individuals and businesses to experiment
with cryptocurrency mining. Confidence in the benefits of
mining also plays a pivotal role in this behavioral intention.
Users who strongly believe in the long-term profitability and
sustainability of mining activities are more likely to invest

VOLUME 12, 2024

in the necessary resources to engage in it. This confidence
fosters a willingness to invest in cryptocurrency mining hard-
ware, software, and electricity despite the inherent risks and
uncertainties associated with the volatile nature of digital
currencies [41].

Actual adoption of cryptocurrency mining technology
involves concrete steps taken by users to implement mining
operations. This adoption is marked by the deployment of
both hardware and software necessary for mining. Users
invest in specialized devices, such as application-specific
integrated circuits (ASICs), and software that allow them
to participate in mining activities efficiently. Integration
of mining operations into broader business processes is
another indicator of adoption [42]. For some users, cryp-
tocurrency mining becomes a strategic part of their business
model, contributing to diversified income streams. In these
cases, resource allocation becomes critical, as users dedi-
cate financial, technical, and human resources to ensure the
sustainability and profitability of their mining operations.
Moreover, actual adoption is closely tied to revenue gener-
ation. For most users, the ultimate goal of cryptocurrency
mining is to generate profits, either through the creation
of new cryptocurrency tokens or by processing blockchain
transactions [42].

The revenue generated from mining validates the adoption
decision and reinforces continued investment in the tech-
nology. As more users recognize the potential profitability
of mining, they are likely to increase their involvement,
further integrating cryptocurrency mining into their eco-
nomic activities. A critical factor in this entire model is
the cost of electricity, which directly affects the profitabil-
ity of cryptocurrency mining operations [23]. Electricity is
one of the largest expenses for miners, and the price of
electricity in a given region determines the economic via-
bility of mining activities. This factor plays a significant
role in shaping users’ behavioral intention to adopt mining
technology, as regions with lower electricity costs are more
attractive for mining operations. The relationship between
electricity prices and mining profitability is discussed in fur-
ther detail in the following subsection, where the economic
implications of cryptocurrency mining on power grids are
explored [5].

B. CRYPTOCURRENCY MINING AND ELECTRICITY RATE
The penetration of CMLs in a power system refers to the
amount of energy consumed by cryptocurrency mining oper-
ations within the larger energy ecosystem of a particular
geographic area. As cryptocurrency mining becomes more
popular, it can put a strain on the power system and poten-
tially impact the overall energy demand and cost. The high
penetration of these loads can be influenced by various fac-
tors, including the size of the mining operations, the energy
efficiency of the mining equipment, the type of energy source
used to power the mining loads, and the overall stability and
reliability of the power system [24].
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Proper planning and coordination between mining opera-
tors and power system managers are crucial to ensure that the
integration of CMLs into a power system is sustainable and
does not have negative impacts on the energy ecosystem. Cal-
culating the power consumption of CMLs around the world
can be challenging due to the decentralized nature of mining
operations and the lack of centralized data on energy usage.
However, estimates can be made by looking at the energy
consumption of specific cryptocurrencies and the geographic
distribution of mining operations.

TABLE 2. Characteristics of Bitmain Antminer S19 Pro as a CMD.

Parameter Value
Power consumption (kW) 3.25
Hash rate (THash) 110

Energy efficiency (GHash/J) 33.846

The geographic distribution of cryptocurrency mining is
heavily influenced by the cost of electricity [43]. This is
because cryptocurrency mining requires a significant amount
of energy to power CMDs used to solve complex mathe-
matical problems and verify transactions on the blockchain.
In order to determine the effects of electricity price on the
miner profit function, the break-even point where the cost is
equal to the obtained revenue can be calculated as follows [5]:

3600 x BRprc(t) x HRcpyp < BPgrc(t)
232 X Dl:[fBTC(t)XPCMD

where, MEP is the marginal electricity price (in cents/kWh),
BRprc is the BTC block reward (in BTC/block), HRcyp is
the hash power or hash rate of a CMD (in THash/s), Diffprc
is the difficulty level of the BTC network (in THash/block),
BPprc is the is the instantaneous market price of one BTC (in
$), and Pcyp is the power consumption of a CMD (in kW).
The ratio of hash rate of a CMD to its power consumption
is defined as energy efficiency of this mining device as fol-
lows [34]:

MEP(t) = (1

EEcup = "D @
Pcup

where EEcyp represents the energy efficiency of a CMD
(in THash/J or GHash/J), indicating its ability to perform
computational task (in THash/s) while consuming a specific
amount of electricity (one Joule) [34]. Therefore, a higher
value denotes higher efficiency, meaning that the CMD can
perform more computational execution for each unit of elec-
tricity consumed, and vice-versa. By substituting (2) into (1),
the following equation is formed to calculate the marginal
electricity price for BTC mining:

3600 x BRprc(t) X BPprc(t)
232 % Diff e (1)
The proposed marginal electricity price model incorporates

all key factors influencing the profitability of cryptocurrency
mining, including cryptocurrency network characteristics

MEP(t) = x EEcyp  (3)
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FIGURE 2. Marginal electricity price for BIC mining from January to
December 2023 considering Bitmain AntminerS19 Pro as a CMD [44].
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FIGURE 3. Number of profitable days for BTC mining in different
Countries based on their electricity price [40].

Electricity Price (cents/kWh) High P i Medium P i Low P

FIGURE 4. Average electricity price in different countries for residential
customer and the level of CMLs penetration in 2023 [40].

(such as price and mining difficulty), electricity costs, min-
ing device efficiency, and broader economic conditions.
By accounting for these variables, the estimates provide a
realistic reflection of market conditions for cryptocurrency
mining, making the model a robust tool for assessing the
feasibility of mining activities across different countries.
Since electricity costs are a critical factor in determining
the economic lifespan of mining hardware, the proposed
marginal electricity price was compared against actual elec-
tricity prices to estimate the penetration levels of CMLs
in various regions. This comparison highlights the model’s
effectiveness in capturing the economic realities of cryptocur-
rency mining.

According to (3), for calculating and estimating the
marginal electricity price for BTC mining profitability,
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FIGURE 5. Evolution of countries’ share of the global hashrate for BTC
mining [6].

hourly data from the BTC network (difficulty, block reward,
and BTC price) and the energy efficiency of CMDs utilized
for BTC mining are required. In this paper, the difficulty
level and block reward of the BTC network, and the BTC
price are obtained from [44], as the most trusted source for
data on the BTC blockchain, over one year, from January
to December 2023. Additionally, to estimate the average
energy efficiency of CMDs used in the BTC network, data
provided by the Cambridge Centre for Alternative Finance
(CCAF) is utilized [6]. CCAF, located at the University of
Cambridge presents a tool known as Cambridge Blockchain
Network Sustainability Index (CBNSI) to explore the scale
and implications of the BTC network’s electricity consump-
tion. It features many important related parameters, for
example: an index providing a daily estimate of the total
electricity load and electricity consumption, a mining map
tracking the geographic distribution of BTC mining facilities
over time, comparisons putting the electricity footprint into
a broader perspective, and the average energy efficiency of
CMDs connected to the BTC network [6].

Based on [6], the average energy efficiency of CMDs
connected to the BTC network at the beginning of 2024 is
estimated to be 33.85 GHash/J. On the one hand, ref-
erence [45] provides comprehensive specifications for all
CMDs produced by various manufacturers for BTC min-
ing. By comparing the data presented in this reference for
the energy efficiency of different CMDs with the average
energy efficiency of CMDs connected to the BTC network
in 2024 estimated by reference [6], it can be inferred that the
Bitmain Antminer 19 Pro represents a typical CMD whose
energy efficiency aligns closely with the estimated average
energy efficiency of all CMDs connected to the BTC network.
Therefore, it is suitable for inclusion in this study in 2024.
Table 2 presents the characteristics of this CMD [45].

Fig. 2 illustrates the marginal electricity price of BTC
mining from January to December 2023 considering Bitmain
Antminer S19 Pro as a CMD. As depicted in this figure,
in countries where the electricity price is approximately less
than 8 cents/kWh, BTC mining remained profitable through-
out the year, allowing cryptocurrency miners to keep their
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CMDs running continuously. For a better understanding,
Fig.3 depicts the number of profitable days for BTC mining
during the specified period. As depicted in Fig. 3, the pene-
tration of CMLs is rapidly increasing in countries with low
electricity prices. Based on Figs. 2 and 3, three electricity
price ranges can be distinguished in the world: countries with
electricity prices less than 10 cents/kWh, between 10 and
14 cents/kWh, and more than 14 cents/kWh, to be used for
cryptocurrency mining profitability and penetration analy-
sis. Taking into account these electricity price ranges and
the electricity prices in various countries, Fig. 4 provides
an estimation of the level of CMLs penetration in different
countries. As illustrated in Fig. 4, countries in Asia, such
as China, Russia, Iran, Malaysia, and Kazakhstan, where
electricity prices are lower than 10 cents/kWh, are highly
susceptible to significant penetration of CMLSs on their power
grids. This classification aligns well with the information
published in [6], as shown in Fig. 5, which categorizes dif-
ferent countries based on the distribution of BTC network
hash rate. Therefore, power network planners and operators in
these countries must consider the impact of high penetration
of CMLs on the power grid performance. Consequently, this
paper delves into examining the consequences of the high
penetration of these loads in the power grid.

IIl. ENERGY CONSUMPTION OF CMLS

Cryptocurrencies are reshaping the global economy, with
increasing use in international trade. They enable decen-
tralized, peer-to-peer transactions that bypass traditional
financial intermediaries, reducing costs related to foreign
exchange, banking fees, and transfers [46]. This is especially
useful for businesses in regions with high transaction costs
or underdeveloped banking systems. They offer faster cross-
border payments, completing transactions in minutes, and
provide a hedge against currency fluctuations through stable
coins, minimizing financial risks in volatile economies [47].
Cryptocurrencies also help businesses in countries facing
sanctions or restrictions participate in global trade. By lever-
aging blockchain technology, they offer secure, transparent
transaction records, reducing fraud. As adoption grows,
cryptocurrencies are reshaping global trade and challenging
traditional financial systems [48]. Understanding their impact
requires scrutiny of various dimensions, notably energy
consumption. Security and transactions in cryptocurrency
networks rely on CMDs, whose devices consume significant
electrical energy. The complexity of cryptocurrency network,
especially BTC’s, necessitates high computational power
and, consequently, substantial electricity consumption. This
section examines BTC network electricity usage, globally
and in Iran.

A. COMPARING THE POWER CONSUMPTION OF A CMD
AGAINST A TYPICAL RESIDENTIAL CONSUMER IN IRAN
The power consumption a CMD significantly influences both
the electricity expenses of this CMD and, hence, its profitabil-
ity. This section aims to compare the power consumption of
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a sample CMD with that of a typical residential consumer of
the Tehran Electricity Distribution Company in Iran. We des-
ignate the Bitmain Antminer S19 pro as our representative
CMD, boasting a power consumption of 3.25 kW, as outlined
in Table 2. Assuming that this CMD is employed and oper-
ated by a residential consumer in Tehran, where the average
electricity tariff stands at approximately 0.6 cents/kWh, the
utilization of the Antminer S19 Pro is deemed financially
advantageous, thus its continuous connection to the power
grid is highly expected. Subsequently, a residential electricity
consumer in Tehran, energized through a single-phase 32 A.
residential tariff (by Tehran Power Distribution Company)
is scrutinized in this study. The contracted demand for this
connection amounts to 4.6 kW [49]. The electrical engineer
planner in this company base on [5] calculates the coinci-
dence peak load of the residential customers through (4):

D}:. =n X Pgemana X CF “4)

where n represents the number of customers, Pgemang Stands
for the contracted demand, and CF denotes the coincidence
factor of single-phase residential customers. It should be
noted that in this electricity company, the coincidence factor
of residential customers is assumed to be 0.17. The simulta-
neous peak demands of three household subscribers in this
group is calculated as follows.

D} =3x64x0.17=326 o)

The electrical planners and operators at this power dis-
tribution company consider these three customers to have
a consumption capacity of 3.26 kW. Comparing this with
the power consumption of a Bitmain Antminer S19 Pro as a
sample CMD reveals that the latter exceeds the simultaneous
peak load of the three residential customers. Consequently,
as cryptocurrency networks expand and more CMDs connect
to the electricity grid, challenges arise due to both the high
power consumption and the unique electricity usage patterns
of these devices, a topic to be further explored in this paper.

B. PREDICTING THE POWER DEMAND OF BTC NETWORK
WORLDWIDE

While electricity demand forecasting has been extensively
researched, the unique characteristics of the BTC network
require a different approach. Traditional electricity demand
models typically focus on factors such as population growth,
weather, and economic activity [S0]. However, cryptocur-
rency mining is influenced primarily by the characteristics
of CMDs and BTC network both of which are directly mea-
surable and publicly available. Among cryptocurrencies, the
BTC network is highly transparent. In fact, all statistics and
information related to it are publicly available, and the elec-
tricity consumption of CMLs worldwide can be calculated
using the following equation:

C
PZining = Nminer X Pcmp (6)

In (6), it is assumed that all CMDs connected to the BTC
network are of the same type. Therefore, in this equation,
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BTC . . . .
P in o 18 the electricity consumption of the BTC network,

Nminer 18 the total number of CMDs connected to the BTC

network, and Pcyp is the power consumption of a CMD. The

total number of CMDs can be evaluated as follows [23]:
Diff e x 2**

o _ ZWBTC & 7
Nminer At x HReup @)

where At is the time taken to mine a block (which is 10 min-
utes for BTC network). By substituting (7) into (6), the
following equation is formed to estimate the total power
demand of BTC mining:

. 32
pBIC  _ Diff gre x 2
mining —
At X EEcyp
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FIGURE 6. Difficulty level of BTC network in EHash/block from April
2023 to April 2024.
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FIGURE 7. Comparison between historical data of BTC network power
demand and the estimated demand presented in this work.

The deterministic model developed in this study is specif-
ically designed to estimate the power consumption of the
BTC network. Unlike traditional electricity demand forecast-
ing models, which often involve complex machine learning
techniques or statistical approaches [51], [52], [53], [54], this
model utilizes publicly available data such as BTC network
difficulty, block time, and the specifications of widely-used
CMD. These factors are directly related to the energy con-
sumption of cryptocurrency mining operations, allowing for
a more targeted and efficient estimation process. The model’s
simplicity is intentional, as it reflects the well-understood
relationships between network difficulty, CMD efficiency,
and power consumption in BTC mining. Given the deter-
ministic nature of these parameters, the model can generate
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accurate predictions without the need for complex training
datasets. This approach is particularly effective in capturing
the unique, rapidly changing characteristics of the BTC net-
work, which are not easily addressed by general electricity
forecasting models.

The data utilized in this model includes BTC network
difficulty statistics and the specifications of commonly used
CMD. Network difficulty data was sourced from publicly
accessible BTC network monitoring platforms, covering the
period from April 2023 to April 2024, as shown in Fig. 6. The
specifications of the Bitmain Antminer S19 Pro, including
its power consumption of 3.25 kW, were used to represent
typical CMDs in use globally. This device accounts for a sig-
nificant portion of BTC mining capacity due to its widespread
adoption. These data sources are crucial for ensuring the
accuracy of the model, as they are directly tied to the cryp-
tocurrency mining process. Since network difficulty and
CMD specifications are transparent and reliable, the model
avoids the complexities of traditional machine learning-based
approaches and instead relies on mathematical calculations to
estimate power consumption.

As shown in Fig. 6, the BTC network’s difficulty level on
April 1st was estimated at 83.13 EHash/block. Using (8),
the BTC network’s power consumption on that date is
estimated at 19.83 GWs, compared to 19.47 kilowatts as
estimated by [6]. This underscores the accuracy of our pro-
posed method. Fig. 7 further validates our approach and (8)
presented in this study displaying the network’s power con-
sumption from April 2023 to April 2024 alongside historical
data from [6].

To evaluate the model’s accuracy, two common prediction
error metrics were calculated: Mean Absolute Percentage
Error (MAPE) and Root Mean Squared Error (RMSE).
The MAPE for the model’s predictions was approximately
3.9%, indicating that the estimated power demand closely
aligns with the historical data. The RMSE was calculated as
0.75 GW, demonstrating that the model’s prediction errors
remain low throughout the study period. These metrics val-
idate the model’s ability to predict the power consumption
of the BTC network with a high degree of accuracy, as also
shown in Fig. 7. The low MAPE and RMSE values reflect
the reliability and precision of the estimates produced by the
model.

TABLE 3. Estimated BTC power demand in Iran from 2019 to 2024.

C. ESTIMATING THE POWER DEMAND OF CMLS IN IRAN
Cryptocurrency mining, including BTC mining, has wit-
nessed a notable surge in energy consumption in Iran,
primarily due to several key factors. One significant rea-
son is the availability of subsidized electricity rates in the
country, which have attracted miners seeking to capital-
ize on lower operational costs. Additionally, Iran benefits
from an abundance of natural gas resources, which can
be utilized to generate electricity at relatively low costs,
further incentivizing cryptocurrency mining activities [34].
Moreover, economic sanctions imposed on Iran have led to
restrictions on international trade and financial transactions,
prompting some individuals and businesses to turn to cryp-
tocurrency mining as a means of circumventing these barriers
and accessing global markets [55]. As a result, the combi-
nation of subsidized electricity, abundant energy resources,
and economic incentives has fuelled the rapid expansion of
cryptocurrency mining efforts in Iran, contributing to the sig-
nificant increase in electrical energy consumption associated
with this industry.

In order to estimate the power consumption of CMLs in
Iran, we can use the information provided in [6] regarding the
share of different countries in the total hash rate of the BTC
network. Based on the data from [6], Iran, with an approxi-
mate share of about 4% in cryptocurrency mining is ranked
sixth globally in BTC mining. This level of participation is
due to the assumption of having the average energy efficiency
of CMDs for BTC mining devices used in Iran. On the other
hand, reference [34] has scientifically and practically exam-
ined the energy efficiency of CMDs used in Iran, considering
their profitability. The studies in this reference demonstrate
that in countries with low electricity rates, the utilization
of less efficient CMDs renders cryptocurrency mining more
profitable. Consequently, miners are not encouraged to adopt
state-of-the-art technology involving CMDs with high energy
efficiency. Therefore, the power demand of CMLs in these
regions must consider not only the hash rate but also the
energy efficiency of CMDs used. Consequently, the power
demand of CMLs in Iran can be estimated as follows:

Iran Average
C __ PBZ_"C HRBTC EECMD (9)
Iran — © mining HRToml EEIran
BTC CMD

Total BTC Iran's share of the Average energy Average energy efficiency { Historical data of | Estimated power
Year | power demand | total BTC network | efficiency of CMDs { of CMDs installed in Iran | BTC power in Iran | of BTC network

(GW) [6] hash rate (%) [6] (GHash/J) [6] (GHash/J) [34] (MW) [57]-[60] in Iran (MW)
2019 4.95 1.50 6.69 1.30 300 382.10
2020 6.23 1.96 11.35 1.96 750 707.39
2021 7.26 3.40 16.06 3.88 1050 1021.47
2022 10.16 3.26 15.73 5.84 813 891.89
2023 10.91 422 21.83 7.93 1200 1267.37
2024 14.18 3.98 29.94 9.00 2000 2057.32
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where P%C is the estimated power demand of CMLs in Iran.

HRIE"T%I and HRg’% are the total hash rate of the BTC net-

work worldwide and in Iran, respectively. Finally, EEé‘;;gge

and EEZX}’D are the average of energy efficiency of CMDs
connected to the BTC network and the average of that used
in Iran, respectively. Reference [34] has estimated that the
average energy efficiency of CMDs installed in Iran is equal
to 9 GHash/J. Taking this value into account, along with Iran’s
4% share of the total BTC network hash rate, the estimated
power demand of the BTC network in Iran is approximately
2.1 GW in April 2024. However, According to unofficial
statistics, it is estimated that at least 2 GW of CMLs are
currently connected to the Iranian distribution networks [56].
This estimate indicates that approximately 2.8% of Iran’s
total electricity consumption is allocated to CMLs [34].

In Table 3, the estimated power demand of the BTC net-
work in Iran is further detailed, providing year-over-year
data for Iran’s share of the total BTC network hash rate,
energy efficiency comparisons, and the corresponding power
estimates [57], [58], [59], [60]. The table highlights how
Iran’s mining efficiency lags behind global standards, yet
the mining operations remain profitable due to low energy
costs, which is reflected in the increasing power demand
over time. Fig. 8 also demonstrates the comparison between
historical data on the power consumption of the BTC net-
work in Iran and the power demand estimated by the model
from 2019 to 2024. As illustrated, the model’s estimates align
closely with the historical data, particularly in recent years.

To further validate the model, accuracy metrics were cal-
culated. Similar to the global BTC power demand estimation,
MAPE and RMSE were calculated for Iran’s power demand.
The MAPE was found to be 8.9%, and the RMSE was
62.5 MW. These metrics indicate that the model produces
reliable estimates.
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FIGURE 8. Comparison between historical and estimated BTC network
power demand in Iran from 2019 to 2024.

IV. ANALYSIS OF CML PENETRATION IN POWER
NETWORK

Given the rising prominence of cryptocurrencies in the global
economy, especially in regions with low electricity costs,
their integration into the power grid is rapidly increasing.
Hence, it is crucial to examine various aspects of this indus-
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try’s rapid growth, including economic factors, cybersecurity
concerns, and energy consumption patterns. The electrical
aspect is particularly noteworthy due to the significant energy
usage associated with cryptocurrencies. Cryptocurrencies,
like other technologies, have specific energy consumption
patterns that are increasingly influencing the power grid.
CMLs, as energy-intensive loads connected to the grid,
require careful consideration of their impact, both in terms
of challenges and opportunities. Therefore, this section aims
to explore the implications of cryptocurrency adoption across
different sections of energy power network planning. Prior to
this exploration, the following subsection will analyse two
prevailing scenarios regarding the integration of CMLs into
the power grid.

Although many references present modeling parts regard-
ing the power grid, such as power flow in distribution
networks, to study the impact of loads on power grids [61],
[62], a number of others do not include detailed modeling
parts in the presence of CMLs [12], [63], [64]. Similarly, this
paper focuses on the characteristics of CMLs and does not
include detailed modeling of the power distribution network,
such as power flow analyses. Future research should address
this gap by incorporating comprehensive power flow models
to fully understand the impacts of CMLs on power systems.
For further insights, readers are directed to works such as
those by Azmi et al. [61], which discusses the applications
and challenges of active electric distribution networks, and
Zhou et al. [62], which addresses dynamic reconfiguration in
unbalanced distribution networks. These studies offer valu-
able frameworks and methodologies that can be applied to
future investigations into the impacts of CMLs on power
systems.

(b)

FIGURE 9. BTC mining in Iran through a) micro-miners and b)
cryptocurrency mining farms [65].

A. TWO SCENARIOS OF CMLS PENETRATION INTO THE
POWER GRID

In countries with low electricity prices, the cryptocurrency
industry is highly lucrative, attracting many individuals to
engage in cryptocurrency mining. Users typically pursue
income in two scenarios [23]:

o Mining cryptocurrencies with a large number of CMDs,
known as cryptocurrency mining farm;

e Mining cryptocurrencies with a limited number of
CMDs, known as micro-miner.

VOLUME 12, 2024



M. Hajiaghapour-Moghimi et al.: Investigating the CMLs High Penetration Impact on Electric Power Grid

IEEE Access

T 3.84 $/day
QO
20 kW \s\\‘

Power Grid
PV RN

Solar Panels Inverter

N

c“hts/kw 7.5 $/day

Cryptocurrency Mining

FIGURE 10. Two proposed scenarios for utilizing the generated power of
a solar power plant.

In the first scenario, customers set up mining farms by
acquiring a large number of CMDs to maximize profitability.
These operations, known for their significant energy con-
sumption and noise, are often located in warehouses away
from residential areas. They may directly connect to the
power transmission network for electricity supply [34]. In the
second approach, customers install a few CMDs in their
homes, connecting them to household electricity. Unlike min-
ing farms, these individual setups may not be immediately
noticeable to distribution system operators, despite increasing
residential energy consumption and altering their consump-
tion patterns [5]. Fig. 9 depicts an overview of both scenarios
for BTC mining in Iran [65].

This paper primarily examines the penetration of cryp-
tocurrencies through the second method, focusing on mining
with a limited number of devices rather than large-scale oper-
ations. Specifically, it explores how micro-miners integrate
into the power distribution network. The heavy penetration
of cryptocurrency mining operations in power networks not
only leads to a massive surge in electricity consumption and
greenhouse gas emissions, but also profoundly impacts the
planning and operation of various sectors within the power
network, including generation, transmission, and distribution.
In this paper, the potential consequences of this penetration
are briefly outlined in two main areas: power generation and
transmission systems. Subsequently, a more detailed exami-
nation is conducted, with a focus on the distribution power
network.

B. IMPACT OF CMLS ON POWER GENERATION
EXPANSION PLANNING

The primary prerequisite for production planning across dif-
ferent time horizons is the estimation and prediction of future
power network loads. Effective load prediction involves
studying past load trends, understanding influential factors,
and selecting the most suitable prediction method and model
to approximate the required load for various time periods
with acceptable accuracy. Despite the inherent randomness
of load behavior and the emergence of new technologies
like cryptocurrency mining, load prediction errors should
remain within acceptable limits to avoid production shortages
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and equipment damage. In the electricity market, accurate
load prediction is crucial for maximizing profits, minimiz-
ing penalties, and ensuring network security and reliability.
Interactive market players, including power plants, regional
electricity companies, and large industries, focus on improv-
ing load prediction accuracy to meet these objectives [66].
Ignoring consumption changes in specific areas and new
industry trends, such as cryptocurrency mining, can lead to
significant challenges in development planning and network
operation.

In Iran, the share of cryptocurrency mining in the electric-
ity network’s peak load was approximately 2.8% in 2023.
Awareness of consumption changes, especially in regions
affected by emerging industries, is vital for effective electric-
ity market management and infrastructure planning. Failure
to account for these changes can jeopardize the stability
and sustainability of the electricity network in the long
term. In many power systems worldwide, there has been a
shift from traditional to modern structures. This restructuring
leads to decentralized decision-making by market players,
influenced by various market behaviors. This impacts devel-
opment planning, as private investors drive investment in the
generation sector, aiming to maximize profits while consid-
ering uncertainties like future electricity prices and return
on investment. In regions with low energy costs, the highly
profitable cryptocurrency industry offers short-term capital
returns, tempting investors to mine cryptocurrencies rather
than contribute their electricity to the grid. This can threaten
overall generation in production planning.

Continuing with an example, we emphasize the signifi-
cance of this concern by providing a practical example in Iran.
In 2023, the Ministry of Energy announced the renewable
energy feed-in tariff for solar power plants with capaci-
ties below 20 kilowatts as 3.2 cents/kWh [67]. Consider a
solar power plant with a capacity of 20 kW. Two scenar-
ios are considered for the owner of this power plant in a
day, as depicted in Fig. 10. In the first scenario, the solar
power plant owner sells electricity to the national grid at a
guaranteed price. Assuming 6 hours of daily sunlight expo-
sure and maximum capacity operation, the plant generates
120 kWh per day, yielding $3.84 in revenue. In the second
scenario, the owner opts for BTC mining, using the electricity
generated. Using the power plant capacity, they can mine
BTC using six Bitmain Antminer S19 Pro devices, yield-
ing approximately $7.5 daily. This redirection of electricity
to BTC mining increases the daily income by nearly 95%.
However, in a fluctuating energy market, this trend may lead
to decreased grid production and associated challenges. The
example underscores the potential shift of energy producers
towards cryptocurrency mining due to the uncertain energy
market, raising concerns about grid reliability and production
levels.

While using renewable energy sources, such as solar and
wind power, for cryptocurrency mining may reduce the injec-
tion of renewable energy into the main grid, it significantly
decreases the dependence of CMLs on the grid, thereby
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reducing their overall impact on grid stability. This trade-off
can be effectively managed through the integration of elec-
trical energy storage systems (EESSs) and demand response
(DR) programs. By storing excess renewable energy and
adjusting CMLs based on grid conditions, the variability of
renewable energy generation can be balanced, ensuring a
stable energy supply for both the cryptocurrency mining oper-
ations and the grid. Proper management of cryptocurrency
mining loads alongside renewable resources offers a solution
that mitigates the negative effects on the grid while promoting
the use of clean energy.

il
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Cryptocurrency Mining Load
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FIGURE 11. Graphic illustration of the impact of high penetration of CMLs
on transmission line congestion

C. IMPACT OF CMLS ON TRANSMISSION EXPANSION
PLANNING

This subsection addresses potential challenges that may arise
when CMLs penetrate the power transmission sector, pri-
marily focusing on the impact of cryptocurrency mining
farms. The initial step in power system planning is load
forecasting. Given the uncertainties associated with load pre-
diction, particularly with the rising presence of CMLs, it’s
crucial to anticipate and address these challenges in transmis-
sion network expansion planning. These uncertainties include
fluctuations in load prediction due to the growing number of
cryptocurrency mining farms, shifts in generation prices and
contracts driven by miners seeking lower electricity costs, and
variations in available generation capacity due to increased
use of independent generation sources for mining. Addition-
ally, bilateral contracts and inter-area exchange volume may
impact electricity prices, affecting miner purchasing behav-
ior. Adapting models to account for these uncertainties is
essential for effective transmission network planning amidst
the cryptocurrency industry’s influence [68].

In restructured power systems, creating a competitive and
fair electricity market for all participants is a key objective.
This entails allowing consumers to procure electrical energy
from any seller, based on the prices determined by interac-
tions between producers and consumers [69]. However, the
high penetration of CMLs can lead to congestion on certain
transmission lines, as CMLs tend to purchase energy from
lower-priced electricity sellers. This congestion can result in
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market distortion, forcing consumers to pay higher prices
for electricity due to unfavorable transmission conditions.
As CMLs concentrate their operations in specific geographic
regions, such as areas with cheap electricity or abundant
renewable energy sources, transmission lines in those regions
may experience significant strain, leading to congestion. This
congestion not only impacts the efficiency of electricity mar-
kets but also disrupts the equilibrium of supply and demand,
causing localized spikes in the locational marginal price
(LMP). Consequently, consumers located in areas with con-
gested transmission lines may face disproportionately higher
electricity prices compared to those in regions with smoother
transmission flow. Fig. 11 provides a visual depiction of the
aforementioned challenges.

The variation in LMPs throughout the system contradicts
the foundational principles of fairness and competitiveness
within electricity markets. This incongruity underscores the
pressing necessity for the implementation of efficient con-
gestion management strategies, ensuring equitable access to
electricity at reasonable prices for all participants. Conse-
quently, the mitigation of congestion issues in transmission
lines during transmission expansion planning emerges as
a crucial priority, particularly in the context of heightened
CMLs. Addressing these concerns is pivotal for sustaining a
marketplace that is both fair and competitive, aligning with
the interests of all stakeholders.

To ensure a competitive and fair marketplace, several cri-
teria must be considered, including transparency in pricing
mechanisms, equal access to resources, and the prevention
of monopolistic practices. While the market operates on
free-market principles, the increasing penetration of CMLs
may lead to congestion and market imbalances, necessitat-
ing regulatory interventions. These measures ensure that all
stakeholders have fair access to electricity, preventing distor-
tions such as excessive price inflation or supply constraints,
while still preserving the competitive nature of the market.

V. IMPACT OF CMLS ON THE POWER DISTRIBUTION
NETWORK

The primary goal of the electricity industry is to provide
high-quality and reliable energy to consumers across various
sectors. Understanding consumer behaviour is crucial for
effective planning and investment in power distribution net-
works. Load studies are particularly important in this regard,
as they help in optimizing network design and investments.
Consumer demand and consumption patterns significantly
influence energy management policies adopted by electricity
distribution companies. Therefore, accurate knowledge of
maximum consumption levels and patterns assists in prioritiz-
ing optimal designs. In countries like Iran, where electricity
prices are low, many consumers are turning to cryptocur-
rency mining, leading to changes in consumption patterns.
Neglecting these changes due to CMLs can result in incorrect
planning and operational issues, including increased load
and premature aging of critical equipment like distribution
transformers. These issues are explored in detail in section.

VOLUME 12, 2024



M. Hajiaghapour-Moghimi et al.: Investigating the CMLs High Penetration Impact on Electric Power Grid

IEEE Access

Cryptocurrency mining, as a profitable business in
some countries with low electricity costs, is increasing in
sub-transmission and distribution networks. In the former
one, business owners accumulate their CMDs in a mining
field, and several private transformers supply their devices
and cooling systems. In this situation, a special case-to-case
planning method based on the pure CMLs could be applied.
In contrast, in the distribution networks, some residential,
commercial, and small-scale industrial customers have some
degree of interest to mine cryptocurrencies and consume
more electrical energy besides their previous energy con-
sumption pattern. Therefore, their consumption pattern deals
with a sharp increase. In a rapidly evolving new technology
such as CMDs in distribution grids and different consump-
tion patterns as results, it is necessary to investigate whether
traditional methods are sufficient. Therefore, in the following
subsections, a conventional approach and its modification are
presented.

A. CONVENTIONAL METHOD FOR PEAK LOAD
ESTIMATION

Power distribution companies in developed countries use a
metric called After Diversity Maximum Demands (ADMDs)
in their designs. This parameter is used to calculate/estimate
the coincident peak demand for many consumers with a
common consumption pattern and sizing network assets such
as distribution transformers and cables [27]. In other words,
the ADMD" expresses the average coincident peak of each
customer in a group of n customers, the relationship of which
is as follows [70]:

Dn

ADMD" = 70 (10)
where, D, is coincident peak demand across n customers. The
ADMD" converges to a steady-state value in a large number
of customers, which is denoted by ADMD®. In fact, the
ADMD® indicates the coincident peak demand of a single
customer in a particular consumption pattern. For example,
in the London Electricity Distribution Company, the follow-
ing equation is used to calculate the ADMD" [70].

b
ADMD" = a x (ADMD®™ + —) (11)
n

where, a and b are numerical coefficients calculated by fitting
the ADMD" curve.

B. PEAK LOAD ADJUSTMENT IN PRESENCE OF CMLS

As mentioned before, in countries with low electricity prices,
customers install CMDs due to the profitability of cryptocur-
rency mining, which may change the consumption pattern
of customers. In order to prevent this destructive effect, the
planners of distribution companies must consider this issue
in sizing network assets such as distribution transformers
and cables. One of the solutions suggested by the authors
of this paper to alleviate this problem is that designers use
a modified ADMD to calculate the coincident peak load of a
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FIGURE 12. Change of ADMD" in the presence of CML penetration.

group of customers in the presence of CMLs in the network
and reiterate the design procedure. This amount of change
can be calculated using the following equations. Suppose
that 8 percent of customers in a group of customers with
a specific consumption pattern install the CMDs and con-
sume electricity to the extent of their contract power. Under
these conditions, coincident peak demand across n customers
(denoted by Dg/) is calculated as follows:

DZ/ = DS_ﬂ)n + B x n X Pgemand (12)

where, Pjomana 1S the contract demand of each customer,
which is considered equal for all customers in this paper and
B is the penetration rate of CMLs in distribution network.
It should be noticed that, n is an integer number and for each
amount of S, the equation (12) is valid only for values of n
meet the constraint in (13) as follows:

nx(l—=p)=1 13)

By substituting (12) into (11), the following equation is
formed to estimate the coincident peak demand of customers
in the presence of CMLs:

D!, = D! + BXn(Pdemand — a X ADMD™®) ~ (14)

In order to calculate the modified ADMD, it is enough to
divide both sides of (14) by n.

ADMD" = ADMD" + BX(Pemand — a x ADMD™) (15)

where, ADMD" is the after diversity maximum demands in
the presence of B-percent penetration level of CMLs. More-
over, one could consider the following general relationship
for determining ADMD" .

, C
ADMD" = d x (ADMD*® + =) (16)
n

By comparing (15) and (16), new parameters can be con-
sidered as follows:

d=a
ADMDOO/ = ADMD®>® x (1 — ﬂ) + _ﬂxptlilemand (17)
bV=>b

As seen in (17), an increase in the percentage of CMLs
penetration in the distribution network leads to an increase
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in the maximum simultaneous load of customers. To further
analyze the impact of CML penetration on the ADMD curve,
a simulation study is considered in a distribution company.
Fig. 12 illustrates the modification of the ADMD" curve for
different percentages of CML penetration within the E.ON
distribution network in London. For the residential customer
category in this company, ADMD* and Pgjenana are set to
1.4 and 15, respectively. Additionally, the coefficients a and
b for this customer group are 0.7 and 12, respectively [70].
As shown in this figure, ADMD® increases from 1.52 kW
to 2.2 kW with only a 5 percent penetration of CML. Failure
to consider this factor in the planning and operation of the
distribution network can lead to overloading and premature
aging of network assets. To determine the effect of CMLs
on the utilization factor of distribution network facilities,
(18) provides the necessary relationship. According to the
definition of the utilization factor, this equation includes a
modification coefficient and indicates the percentage change
in the utilization factor due to the presence of CMLs.

UF' D) P — ADMD®
— < 1 4nx B x demand (18)
UF D! nxADMD* + b

where, UF’ and UF are the utilization factors after and before
the penetration of CMLs in distribution networks. Fig. 13
shows the dramatic escalation of the utilization factor by
increasing the penetration rate of CMLs based on data from
E.ON distribution company for 50 customers. As shown in
this figure, the utilization factor of assets rises by a factor
of 25% if only 3% of residential customers install CMDs
and operate at their maximum contracted demand. For more
understanding, in the following subsection, ADMD curve and
utilization factor modification is analyzed, given real data for
a distribution company in Iran.

The data utilized in this study is derived from a combi-
nation of publicly available datasets and industry reports,
encompassing global cryptocurrency mining activity data
and energy market trends. Key sources include the Cam-
bridge Bitcoin Electricity Consumption Index [6], govern-
ment energy reports, and leading databases on cryptocurrency
mining infrastructure [44]. Additionally, specific data was
recorded, including measurements of transformer loading
and PQ data from cryptocurrency mining operations. The
data composition covers factors such as electricity prices,
mining difficulty, BTC market prices, and the distribution of
CMDs across different regions. Data integrity was ensured by
cross-referencing multiple sources, incorporating recorded
data, and applying statistical validation techniques to enhance
the robustness and reliability of the conclusions drawn in this
study.

C. EVALUATING THE PREMATURE AGING OF
DISTRIBUTION TRANSFORMERS FROM CMLS
The significant impact of CMLs on the ADMD and, conse-
quently, on the utilization factor of distribution assets, can
lead to premature aging of these assets and result in substan-
tial financial losses for distribution system operators (DSOs).
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FIGURE 13. Utilization factor change percentage for a different
penetration rate of CMLs.
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FIGURE 14. A broad overview of the case study: (1) DT monitoring
employing dedicated data loggers, (2) load profile and ADMD curve
estimation, (3) pentration of CMLs, (4) penetrated CMLs estimation based
on electricity price- green: low penetration, olive: medium penetration,
red: high penetration, (5) ADMD modification, (6) load profile
modification, (7) loss-of-life calculation of DTs in different penetration
rates.

Additionally, as studied in [10], the presence of CMLs alters
the energy consumption pattern and the normalized load
profile of a group of customers, as CMLs exhibit a unique
and consistently flat load profile. Therefore, DSOs should
continuously monitor and manage the penetration of CMLs
in their networks. To further analyze the impact of CML
penetration on the premature aging of distribution assets, it is
important to consider distribution transformers (DTs), which
are the most expensive components in power distribution
networks. Managing their aging is crucial for DSOs. The con-
stant power consumption of CMLs can lead to significant DT
overloading, increased operating temperatures, and reduced
lifetimes. This paper investigates the influence of CMLs on
DTs, employing thermal analysis and loss-of-life calculations
based on IEEE C57.91 [71] and IEC 60076-7 [72] standards.

The concept of cryptocurrency mining and its impacts
on distribution network planning and operation, including
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FIGURE 15. a) Schematic connection of power quality analyzer to distribution panel and, b) method for data retrieval from distribution

panel of distribution substations [65].

inaccurate peak load estimation and increased DT loss-
of-life, have been discussed in previous sections. In the
following subsections, real-world measurement data from
distribution substations in Tehran, Iran, are used to model a
typical distribution network where CMLs can penetrate and
affect network planning and operational considerations. The
impact of CMLs on peak load estimation and DT aging is
then evaluated. Fig. 14 provides an overview of the case study
discussed in this section of the paper. This figure illustrates
several key curves that capture the impact of CML on the
power grid, with color-coded sections representing differ-
ent levels of CML penetration. The green section indicates
low penetration, olive represents medium penetration, and
red signifies high penetration, offering a visual guide to
how various CML levels affect grid performance. The first
curve (2) shows the load profile and ADMD estimation over
time, representing the changing demand as CML penetration
increases. The second curve (5) highlights the modification
of ADMD based on varying penetration levels, emphasizing
how the grid adapts to these fluctuations. The third curve (6)
presents shifts in the load profile at different penetration
levels, indicating how electricity consumption patterns evolve
with increasing CML activity. Lastly, the fourth curve (7)
displays the loss-of-life calculation for DTs, illustrating how
higher CML penetration accelerates wear and reduces equip-
ment lifespan. The color-coded sections clarify the distinct
effects of low, medium, and high penetration on load demand
and transformer stress, demonstrating the necessity of adap-
tive grid management strategies as CML levels rise.

D. ADMD ANALYSIS BASED ON THE REAL-WORLD DATA

Based on the studies presented in this paper, to investigate
the effect of the CMLs on the modification of the ADMD
curve, we first need to have a base curve of ADMD for
residential customers. For this purpose, data for one year has
been collected for 40 residential distribution substations with
various capacities within the Tehran Electricity Distribution
Company. The load type in these substations is typically
residential, with capacities varying between 50 to 1600 kVA.
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FIGURE 16. Curve of the average coincident peak a residential customer
within Tehran Electricity Distribution Company.

The collected data includes the coincident peak demand, and
the number of customers connected to these substations.

Fig. 15 illustrates the test setup of a PQ analyzer for
gathering the aforementioned. Based on the collected data,
Fig. 16 shows the actual data of ADMD with a fitted curve
based on (11). By fitting the substations load data with the
curve expressed in (11), the following equation is formed to
calculate the average coincident peak demand of residential
customers:

. 4.507
ADMD" = 1 x (1.006 + ——) (19)
n

As it can be referred from Fig. 16, the rational pattern of
the average coincident peak demand of residential customers
based on the literature holds in this approximation. More-
over, R-square (criterion of the goodness of fitting a model)
is calculated for the ADMD curve equal to 0.8986, which
indicates that the data model is well fitted. Therefore, with
an acceptable approximation, (19) can be used to calculate
the coincident peak demand of residential customers in the
Tehran Electricity Distribution Company. In this company,
the average contract demand and maximum peak demand
for residential customers are equal to 6.4 kW and 5.5 kW,
respectively [5]. By employing the fitted ADMD curve,
we can quantify the effect of CMLs on the adjustment of the
ADMD® values across different levels of CML penetration,
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based on (19) These calculations are summarized in Table 4.
This table highlights that if only 5% of residential customers
in the Tehran Electricity Distribution Company install CMDs
in their homes and utilize their maximum contracted power,
the average coincident peak demand of this customer group
rises by 26.81%. This is a rational effect by taking into
account (17), which Pgenang has a significant effect on the
modified ADMD. Failure to address this issue in the plan-
ning and operation of the distribution network can result in
overload and premature aging of network assets, particularly
distribution transformers and cables.

TABLE 4. Modification of ADMD for different CMLs penetration and its
variation from the base case.

Type ADMD® Variation (%)
Base Curve 1.006 0
B=1% 1.0599 5.36
B=2% 1.1139 10.72
B=3% 1.1678 16.09
B =4% 1.2218 21.45
B =5% 1.2757 26.81

N
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FIGURE 17. The obtained loss-of-life result for a DT different CML
penetration rates.

E. DT LOSS-OF-LIFE ASSESSMENT BASED ON THE
REAL-WORLD DATA
In this subsection, real-world measurement data from distri-
bution substations presented in the previous subsection are
employed to evaluate the impact of CMLs on DT aging. The
lifetime of a DT in the presence of CMLs depends on several
factors: the penetration rate of CMLs, the consumption time
of CMDs, and the baseload of the DT. To analyze the penetra-
tion rate, different levels of mining penetration (up to 5%) are
studied. Flat electricity pricing strategies are used to reflect
the impact of consumption time on DT aging. The electricity
price in the flat tariff equals the average price in Iran, 3 cents
per kWh. The transformer load profile and its utilization
factor are crucial parameters in this study. The data over one
year include transformer loading at 1-hour intervals, ambient
temperature, and the harmonic content of the transformer
load. The Antminer S19 Pro ASIC is considered as a sample
CMD.

Fig. 17 shows the output results of loss-of-life assessment
for a sample residential substation with different CML pen-
etration rates, showing that a 5% penetration increases the
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LOL from 1.1% to 23%, a 21-times increase. This sharp rise
is due to the correction of ADMD" and the normalized load
profile, leading to a significant increase in the DT’s utilization
factor. The coincident peak load of the DT increases from
286.6 kW to 363.4 kW with 5% CML penetration, a 26% rise,
causing accelerated DT aging. Fig. 18 compares the aging
rate of 40 DTs in the dataset under flat tariff pricing, showing
24-hour penetration. The aging rate, defined as the ratio of
LOL with and without CML penetration, ranges from less
than 10 to more than 25, depending on the initial DT loading
condition. The median aging rate of the monitored DTs is
approximately 16.7.

Loss-of-Life Rate (p.u.)
o

o
T
L

Penetration Rate (%)

FIGURE 18. The aging rate of the real-world monitored DTs in the
presence of CMLs.

Loss-of-Life (%)

5 10 14 15 20
Electricity Rate (cents/kWh)

FIGURE 19. The effect of electricity price on loss-of-life of a DT in the
presence of CMLs.

The subsequent analysis assesses the direct impact of elec-
tricity price levels on the loss-of-life of DTs. Electricity prices
are incrementally increased from approximately 2 to 20 cents
per kWh, while the loss-of-life rate of a DT is examined.
Fig. 19 illustrates the effects of varying electricity prices on
the loss-of-life rate of the DT, considering different levels
of CML penetration in the distribution network. The results
indicate that CML penetration has an insignificant impact on
the loss-of-life of DTs when electricity prices exceed 14 cents
per kWh, serving as an upper threshold. In this scenario, DT's
operate under normal conditions throughout most or all of the
year without significant daily CML operation, as supported
by Fig. 19. Conversely, when the electricity price is below
10 cents/kWh, CMLs gradually emerge in the grid. This leads
to a substantial increase in peak load and load profile, result-
ing in accelerated DT aging. The loss-of-life rate in high CML
penetration scenarios is approximately 21 times greater than

VOLUME 12, 2024



M. Hajiaghapour-Moghimi et al.: Investigating the CMLs High Penetration Impact on Electric Power Grid

IEEE Access

in non-penetrated cases. Between these two thresholds, even
aminor increase in electricity price significantly improves the
loading condition and loss-of-life rate of DTs.

FIGURE 20. Test setup of power quality analyzer for data extraction from
Antminer S9j [65].

VI. ELECTRICAL POWER QUALITY ANALYSIS
A. CORRECTION OF NORMALIZED LOAD PROFILE IN THE
PRESENCE OF CMLS
The increasing penetration of CMLs significantly alters the
normalized load profile of electrical customers and their
load factor. Typically, electricity usage follows predictable
patterns, varying throughout the day and across seasons.
However, the introduction of CMLs disrupts these patterns
by creating a continuous and intensive demand for elec-
tricity, even during off-peak hours when regular customer’s
demand is low. This results in a flattening of the load profile,
blurring the distinction between peak and off-peak periods.
Consequently, the load factor, which measures the ratio of
average power demand to peak power demand, increases due
to the more consistent usage pattern induced by CMLs. The
adjustment in normalized load profile and load factor presents
challenges for distribution networks due to several adverse
effects. Firstly, the heightened load factor resulting from the
continuous demand imposed by CMLs can strain the grid
infrastructure, potentially leading to equipment overheating,
voltage fluctuations, and increased maintenance costs.
Secondly, the flattening of the load profile reduces the
predictability of electricity consumption patterns, making
it harder for utilities to forecast and manage energy sup-
ply and demand accurately. This unpredictability can result
in inefficiencies in resource allocation, potentially leading
to underutilization or overloading of grid assets. Moreover,
it can pose challenges for grid assets such as distribution
transformers. With a more consistent demand for electricity
throughout the day, these assets have less downtime to rest
and cool down. This continuous operation can lead to accel-
erated depreciation, reduced lifespan, and increased risk of
equipment failure. Ultimately, these factors can result in pre-
mature aging, reliability issues, and increased maintenance
costs for utilities. Therefore, addressing the impact of CMLs
on load profiles and load factors is crucial to ensuring the
reliability of grid assets.
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FIGURE 21. Daily load demand parameters of a Bitmain Antminer S9j
under study, including: a) active power, b) reactive power, and c) power
factor.

TABLE 5. Power quality parameters for the CMD under study.

Parameter Max. | Min. | Average | Standard | Status
Frequency (Hz) 50.08 | 49.92 50.01 - -
Voltage (V) 2229 | 209.6 216.89 - -
Current (A) 6.2 5.7 6.08 - -
Active power (kW) 1.3 1.22 1.29 - -
Reactive power (kVAr) 0.3 0.27 0.29 - -
Power factor (%) 97.7 96.9 97.45 - -
Flicker 1.99 0.08 0.16 1 Ok
Current THD (%) 17.6 15.7 16.62 15 O/S
Voltage THD (%) 4.6 2.6 3.48 5 Ok

In order to delve further into these challenges, a PQ ana-
lyzer has been installed on a Bitmain Antminer S9j, serving
as a CMD, for a duration of one week to analyze active and
reactive power parameters. Fig. 20 depicts the experimental
setup, demonstrating the connection of the PQ analyzer to
the CMD for the purpose of data collection. It is important
to note that, at the time of writing this paper, the most
commonly used CMD in Iran is Bitmain Antminer S9i. This
CMD has a hash rate of 14.5 THash/s, power consumption of
1.35 kW, and energy efficiency of 10.47 GHash/J [45]. It was
released in August 2018 and has an energy efficiency that
is approximately one-third of the average energy efficiency
of CMDs connected to the BTC network. Fig. 21 shows
the active power, reactive power, and power factor of this
CMD over a 24-hour period. Based on the measurement
data exemplarily presented in this figure for a day, the load
demand remains relatively constant during both day and
night-time hours. The amount of generated reactive power
is approximately 0.3 kVAr, with an average power factor
value of 0.99.
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FIGURE 22. Current harmonic spectrum for the Bitmain AntMiner s9j
under study.

B. POWER QUALITY CONCERNS IN PRESENCE OF CMLS
The PQ concerns associated with CMDs are amplified
by their utilization of switch-mode power supplies. These
devices introduce significant harmonic distortion into electri-
cal networks, disrupting the sinusoidal waveform of currents
and voltages. This distortion, characterized by harmonics
of various orders, including but not limited to the third,
fifth, and seventh, poses multifaceted challenges. Not only
does it compromise the stability and reliability of the power
supply, but it also accelerates equipment wear and tear,
leading to reduced operational lifespans and increased main-
tenance costs. Additionally, the increased harmonic content
can interfere with other connected devices, potentially caus-
ing disruptions across the entire electrical system. As the
prevalence of CMDs continues to rise, addressing these
PQ issues becomes necessary to ensure grid stability, mini-
mize operational disruptions, and optimize energy efficiency.
To enhance comprehension of this matter, a week-long anal-
ysis of PQ has been conducted on a Bitmain Antminer S9j
device, focusing on its harmonic components.

Table 5 and Fig. 22 present the PQ parameters and current
harmonic components of the device, respectively. It should
be noted that in this table, ‘Ok’ and ‘O/S’ indicate that for
a parameter, it is within the standard range and above the
standard range, respectively. Through observation of results
the following can be determined in relation to IEEE Std. 519
[73]:

« Frequency variations are within the acceptable range.

o The average power factor is desirable.

« Short-term flicker index is within standard limits.

« Total voltage distortion is within standard limits, with
the index value being 69.6% of the standard limit.

o Total current distortion exceeds the permissible max-
imum demand, with the index value reaching up to
1.11 times the standard limit.

« Voltage harmonics are within standard limits.

o The third harmonic current exceeds the permissible
limit, with the index value reaching up to 1.09 times the
standard limit.
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The study acknowledges its current limitation of focusing
on PQ measurements from a single CMD. It recognizes the
need to explore the propagation of harmonics and other dis-
turbances across the network, particularly in systems with
multiple PQ polluters such as photovoltaic (PV) systems or
electric vehicle (EV) charging stations, where these effects
may be more significant. Efforts are underway to install
power analyzers on a wider range of mining devices, as well
as in larger cryptocurrency mining farms, to collect more
comprehensive PQ data. Future work will also include the
installation of power analyzers in small networks comprising
mining devices and other harmonic-producing equipment,
such as solar panels and electric microwaves. These extended
investigations aim to provide a more detailed understanding
of the impact of CMLs on PQ in diverse network environ-
ments.

VIl. CONCLUSION AND FUTURE WORKS

A. SUMMARY AND CONCLUSION

The escalating integration of CMLs into power grids poten-
tially introduced remarkable challenges to power systems due
to their high power demand and unique characteristics. This
challenge was further compounded by the swift expansion of
cryptocurrency mining operations, propelled by factors like
escalating cryptocurrency prices and advancements in min-
ing technology. Consequently, this trend carried significant
implications and challenges for the stability and sustainability
of power grids.

This paper investigated the impacts of a high penetration of
CMLs into power grids, both in the form of micro-miners and
cryptocurrency mining farms, across various subsystems of a
power network, including generation, transmission, and dis-
tribution. The proposed study was conducted using real-world
data and case studies from Iran to develop empirical insights
toward the challenges caused by CML penetration and to
validate the findings. Initially, by employing a technology
acceptance model for the adoption of cryptocurrency min-
ing technology, the study examined criteria related to the
integration of these emerging loads into the power network.
Subsequently, a method for estimating the power demand of
the BTC network was presented.

The study found that approximately 2.8% of Iran’s total
electricity consumption is allocated to CMLs. Furthermore,
if only 5% of residential customers in the Tehran Electric-
ity Distribution Company installed CMDs in their homes,
the average coincident peak demand of this customer group
rose by 26.81%. Additionally, the analysis revealed that the
average power factor value of a sample CMD was about
0.99, and its total current distortion and third harmonic cur-
rent exceeded the permissible limits by 1.11 and 1.09 times,
respectively.

While the analytical methods employed in this study may
seem straightforward, they address critical aspects of man-
aging the growing demand of CMLs on power systems. The
combination of economic factors, such as marginal electricity
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rates, and technological choices, such as the widespread use
of inefficient CMDs, underscores the importance of these
analyses for effective energy management. By applying these
models to regions like Iran, where mining has unique impacts
on distribution networks and overall energy consumption, the
study highlights the need for precise forecasting and system
planning. Understanding the power demand and distribution
network effects of CMLs is essential for policymakers and
grid operators to mitigate potential disruptions and ensure
the stability and efficiency of power systems facing increased
mining activity.

B. FUTURE WORKS SUGGESTIONS

While this study provides a comprehensive analysis of the
impacts of CMLs on power grid performance, several areas
warrant further investigation to address the evolving chal-
lenges and opportunities in this field:

o Development of Real-Time Monitoring Systems: Imple-
ment and refine real-time monitoring systems for
tracking CML impacts on power grids. This includes
deploying sensors and advanced analytics to continu-
ously assess and manage the load and its effects on grid
performance.

o Transmission Line Congestion Analysis and Solutions:
Conduct detailed analysis of transmission line conges-
tion caused by high CML penetration. Develop and
test practical solutions such as upgrading transmission
infrastructure, optimizing network configurations, and
implementing congestion management strategies to alle-
viate and prevent overloads.

o Dynamic Load Management Strategies: Develop and
implement dynamic load management strategies that
adjust mining operations based on real-time grid condi-
tions. This includes creating demand-response programs
and incentives for CML operators to align their activities
with grid stability needs.

« Policy and Regulatory Frameworks: Create and evaluate
policy and regulatory frameworks tailored to manag-
ing the impact of CMLs on power grids. This involves
working with policymakers to establish guidelines for
sustainable mining practices and effective integration
into power systems.

o Long-Term Impact Assessment: Perform longitudinal
studies to assess the long-term impacts of high CML
penetration on power grid infrastructure, including
maintenance and upgrade needs. This will help in
developing strategies for sustaining grid reliability and
efficiency over time.

o Propagation of Harmonics and Disturbances in Net-
works: Expand the study to investigate harmonic
propagation in networks with multiple PQ polluters,
such as PV systems and EV charging stations. Plans
include installing PQ analyzers in larger mining farms
and smaller networks with other harmonic-producing
devices. This will help gather more comprehensive data
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and provide deeper insights into the impact of CMLs on
PQ in varied network setups.

By focusing on these practical areas, future research and
initiatives can address immediate challenges, enhance grid
stability, and pave the way for more efficient and sustainable
integration of cryptocurrency mining into power grids.
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