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Blockchain technologies are considered one of the most disruptive innovations of the last decade, enabling se-
cure decentralized trust-building. However, in recent years, with the rapid increase in the energy consumption
of blockchain-based computations for cryptocurrency mining, there have been growing concerns about their sus-
tainable operation in electric grids. This paper investigates the tri-factor impact of such large loads on carbon
footprint, grid reliability, and electricity market price in the Texas grid. We release open-source high-resolution
data to enable high-resolution modeling of influencing factors such as location and flexibility. We reveal that
the per-megawatt-hour carbon footprint of cryptocurrency mining loads across locations can vary by as much as
50% of the crude system average estimate. We show that the flexibility of mining loads can significantly mitigate
power shortages and market disruptions that can result from the deployment of mining loads. These findings
suggest policymakers to facilitate the participation of large mining facilities in wholesale markets and require

them to provide mandatory demand response.

1. Introduction

To grapple with the challenge of planetary-scale climate change,
countries around the world are setting aggressive agendas towards car-
bon neutrality by mid 21st century, and electricity sector plays a pivotal
role in achieving this goal [1]. In the U.S., especially in Texas, there is
a sharp increase of electrical loads that power blockchain-based proof-
of-work computation of cryptocurrency mining. Specifically, between
2019 and 2022, U.S. hash rate share, the computational power required
to mine new cryptocurrencies, increased notably from nearly 4 percent
to 37 percent, and its power consumption increased from 300 MW to
5.7 GW [2]. A substantial percentage of these mining activities is hap-
pening in Texas, where there is currently more than 1.5 GW of mining
capacity operating, and it is expected to attract nearly 2 GW of addi-
tional load per year [3]. Such a rapid increase in the energy consumption
of blockchain-based computations for cryptocurrency mining has raised
concerns about their sustainable operation in electric grids. Therefore,
it is necessary to have a scientific, comprehensive understanding of the
impact of mining loads.

While the area of digital assets and cryptocurrency are of high in-
terest to society at large, its energy and environmental impact due to
its high energy intensity remains largely unknown. Most of the recent
scholarly studies [4-10] and reports [1,2] draw their conclusions based
on aggregated, low granularity data such as monthly or regional power
consumption. This paper reveals for the first time higher-granularity
data and provides insight that analyzes the impact of cryptocurrency
mining on carbon footprint, system reliability, and market prices. To
give a preliminary understanding of cryptocurrency mining loads, we
analyze the correlation between cryptocurrency mining loads and ex-
ternal factors such as market price or electricity scarcity, using real data
from the Texas grid (Fig. 1 and Table 1). During the summer peak of
2022, the daily LMP fluctuated significantly, where the high demand
during peak hours (2-5 pm) created congestion in the system and led to
large LMP spikes. Cryptocurrency mining loads showed strongly nega-
tive correlations with system-wide average local marginal price (LMP)
and system-wide total load during these hours, while non-mining loads
showed positive correlations. While it is difficult to deduce whether
the root cause is mandatory demand response orders or spontaneous
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Fig. 1. Negative correlation between real-world average LMP and mining load.

Table 1
Correlation between total mining load, system-wide average LMP, and system-
wide net load.

Correlation between Whole period”  Summer peak”
Total mining load and system-wide average LMP ~ —0.042 -0.517

Total mining load and system-wide net load 0.0667 -0.757
Non-mining load and system-wide average LMP ~ 0.009 0.378
Non-mining load and system-wide net load 0.922 0.971

2 The whole period refers to the period from January 1st, 2021 to October
19th, 2022.

b The summer peak time refers to the period from July 7th, 2022 to July 21st,
2022.

responses to high LMP, cryptocurrency mining loads are proved to be
highly flexible, demonstrating the necessity of high-resolution modeling
and analysis.

We summarize our main contributions as follows:

We develop an open-access tool that combines a large-scale grid
model and high-resolution data to model cryptocurrency mining
loads in grid operations under different scenarios, enabling a sci-
entific, detail-oriented way to quantify the impact of cryptocurrency
mining on the electricity sector.

We study the location of cryptocurrency mining loads as a critical
factor impacting carbon emissions. We show that the per-unit carbon
footprint of mining loads exhibits locational disparity. Specifically,
low-electricity-price locations can reduce per-unit carbon emission
below 50% of the system-wide average, while close-to-renewable lo-
cations do not necessarily lead to low carbon emission.

¢ We demonstrate that the flexibility of cryptocurrency mining loads
plays a pivotal role in the reliability of electricity systems and the
stability of electricity markets. We show that while the reliability
of electric systems with higher renewable penetration is more sus-
ceptible to the integration of mining loads, full flexibility at all times
can significantly avoid the reliability concerns created by the mining
loads. We also show that a profit-driven price-responsive mining fa-
cility that only mines when the real-time local marginal price (LMP)
is below $40 per mega-watt-hour (MWh) can significantly mitigate
extremely high LMPs across the system.
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2. Results
2.1. Per unit carbon footprint of cryptomining has high locational disparity

The results suggest that the per unit carbon footprint of cryptocur-
rency mining has high heterogeneity across different locations in the
synthetic Texas grid (Fig. 2). Here, the carbon footprint of cryptocur-
rency mining loads at a certain location is defined as the difference be-
tween the system-wide total carbon emission of the base system and that
of the system with mining loads (see formal formulation in Section 4.4).
As shown in Fig. 2(b), adding new cryptocurrency mining loads in low
LMP locations, such as Loc-B, could potentially lead to a per-unit car-
bon footprint below 50% of the system average. On the other hand,
integrating new loads in close-to-renewable locations, such as Loc-Al
and Loc-A2, can lead to per-MWh carbon footprints close to the system
average. More details of location selection, flexibility mechanisms, and
simulation process are available in Section 4, and more results are avail-
able in Supplemental Figs. S1 and S2. The results can be explained using
a similar approach to the calculation of LMP.

Extensive research has shown that the LMP at a bus without local
marginal generators is determined by an affine function of the marginal
costs of generators located elsewhere. The coefficients in this function
correspond to the change in active power of corresponding marginal
generators in response to a hypothetical increase in load [11]. Further-
more, as per the definition of carbon footprint associated with increasing
loads in Section 4.4, the carbon footprint is also an affine function of the
changes in carbon footprint of marginal generators, with the same co-
efficients as those in the affine function of LMP. Additionally, the simu-
lation model’s generation bidding curves and life-cycle carbon emission
factors demonstrate a strong correlation between a generator’s marginal
cost and its per-MWh life-cycle carbon emission [2]. Therefore, the LMP
at a bus serves as a reliable indicator of local per-unit carbon emission.
On the other hand, as has been widely studied, the LMP at buses with-
out local marginal generators can be higher, lower, or somewhere in
between those at buses with marginal generators, which is not necessar-
ily explicitly indicated by geographical locations. Observations through
multi-day simulation also show that for most buses, including close-to-
renewable buses, their LMPs are close to the system average, except for
the selected low LMP locations. Therefore, close-to-renewable locations
simply selected by geographic information-based criteria do not nec-
essarily have low LMPs and hence do not necessarily indicate a lower
per-unit carbon footprint.

The results indicate that conventional crude estimations of cryp-
tocurrency mining’s carbon footprint can be significantly off the mark.
To accurately evaluate the carbon footprint of mining loads, it is neces-
sary to incorporate location-in-the-grid. For example, the carbon emis-
sions per MWh of individual miners and large-scale mining facilities
may be quite different, because individual miners are typically concen-
trated in populated high-load areas where the LMP is typically relatively
high, while large-scale mining facilities tend to be deployed in rural
areas where LMPs are highly likely low. Spatial analysis of cryptocur-
rency miners’ carbon footprints could also help policymakers determine
proper carbon credit and tax policies to encourage miners in choosing
locations with lower carbon emissions. Moreover, we hope this analysis
will inspire researchers in the broader energy field to investigate how
to scientifically calculate the carbon footprint of individual components
in a networked system, where changes in individual components affect
carbon emitters in complex ways.

2.2. Flexibility enhances system reliability

To capture the impact of cryptocurrency miners on the safe operation
of the grid, we add different amounts of mining load into the system and
plot the reliability index of Loss of Load Hourly (LOLH) and Expected
Energy Not Served (EENS), which capture the expected number of hours
per year that a system cannot serve load, and the expected energy that



A. Menati, X. Zheng, K. Lee et al.

a.

@ Solar
® Wind

Il Mining loads at Loc-A1
[l Mining loads at Loc-A2
| Mining loads at Loc-B

Carbon emission (kgCO2e/MWh)

Advances in Applied Energy 10 (2023) 100136

600

500 o

400 o

300 o

200 o

CC-A1

Base CC-A2 CC-B PR-B

Fig. 2. Carbon footprint per unit of cryptocurrency mining loads across the grid shows high inhomogeneity. (a) Visualization of mining loads in synthetic Texas
electricity grid, including close-to-renewable locations Loc-Al and Loc-A2, and low-electricity-price locations Loc-B. (b) Carbon footprint per MWh of total loads
(Base), constant mining loads at Loc-Al (CC-Al), Loc-A2 (CC-A2) and Loc-B (CC-B), and price-responsive mining loads at Loc-B (PR-B).

is not served, respectively. As shown in Fig. 3 adding more mining loads
increases both LOLH and EENS which leads to more frequent reliability
incidents. In the coming years, with growing renewable sources on the
grid, uncertainty and intermittency of the generation side will increase,
making the system more susceptible to non-flexible loads. Demand flex-
ibility is a potential solution to address the growing mismatch between
the load and generation. Our results also suggest that in the future sce-
narios, both LOLH and EENS grow with a much faster rate compared
to the current system (Fig. 3a.1 and b.1). The impact of mining loads
is more detrimental in future scenario 2, with higher penetration of re-
newable energy and a larger increase in firm load (Fig. 3a.1 and b.1).
More details of the future scenario creation and reliability assessment
are available in the Experimental Procedure.

Cryptocurrency mining loads are profit-driven, and they tend to in-
stall substantial amounts of loads in a short period of time. Hence, it is
difficult to perform conventional planning studies on time, and incen-
tives new generators to cover the extra load on the system. The gener-
ation inadequacy can be solved by exploiting mining loads’ flexibility
and requiring them to operate during periods that will not compromise
system reliability. As shown in (Fig. 3a.2 and b.2), without flexibil-
ity, adding mining loads threatens system reliability and significantly
increases LOLH and EENS. On the other hand, complete or even par-
tial flexibility, could potentially mitigate reliability incidents and com-
pletely offset the adverse impact of new mining loads.

It can be seen that for a system with 10 GW of added mining load,
the LOLH and EENS are nearly 25 h and 47 GWh per year, respectively.
Which means that the detrimental impact of mining loads could be fully
avoided without major economic loss (at most 25 h of halted mining per
year). In a future scenario (Fig. 3a.3), this number increases to nearly
200 h, which from a reliability perspective is a critical number, but from
a cryptocurrency miner’s point of view, it translates to not mining for
200 h a year on average. Hence, cryptocurrency miner’s demand flex-
ibility is a win-win solution for them and the system operator. There-
fore, modeling cryptocurrency mining as &completeg flexible demand is
shown not to be detrimental to power grid reliability even with signif-
icant amounts at certain locations. Policymakers could consider these
mining loads as virtual power plants capable of participating in the an-
cillary service market and account for their short- and long-term impacts
on system reliability.

2.3. Flexibility mitigates market price volatility

Market clearing price in many wholesale electricity markets is
typically determined by LMP. LMPs are characterized by statuses of

marginal generating units and congestion of transmission lines. Deliv-
ering energy from a generator to a consumer at different location not
only causes energy losses but also may overload the transmission lines, a
phenomenon called congestion. LMPs tend to be volatile with the high
price for the supply shortage and congestion in transmission line and
almost zero price for the excessive supply, posing risks for the gener-
ation investment. The former is often observed during peak hours and
the latter is often observed when abundant renewable energy exists in
bulk power systems.

We investigate the roles of cryptocurrency mining loads on LMPs
especially in terms of flexibility. We select three sets of locations on a
synthetic Texas grid shown in Fig. 2b (Loc-Al, Loc-A2, Loc-B) and in-
vestigate capacity, location and flexibility of mining loads in the 2000-
bus system. Given both location and capacity of mining facilities deter-
mined, SCUC and SCED problems are solved to choose online/offline
status of generating units and LMPs. Detailed simulation procedure is
provided in Experimental Procedures.

Figure 4 illustrates an instance of disruptions driven by mining loads
in terms of price volatility. Figure 4(a)-(c) represent county-level LMPs
for base case (without mining loads), constant mining loads, and price-
responsive mining loads respectively. Observe that county-level LMPs
(averaged LMP value for each county) for base case and price-responsive
mining loads are almost identical that there only is negligible difference
in LMPs whereas there are significant changes in Fig. 4(b). Figure 4 only
shows an instance, yet we provide detailed statistics in Supplementary
Fig. S3. To remind the readers, any types of load growth will lead to the
same disruptions while our focus is especially in terms of mining loads
because they are growing in an unprecedented level. Therefore, based on
our findings, it is essential to design new electricity market structures
to maximally exploit the value of demand flexibility in mining loads.
Price-responsive behavior of these loads could potentially mitigate all
their disruptive impact on the electricity market.

A summary of our results and observations is presented in Table 2.
Future work will examine the impact of co-locating mining loads with
renewable generation to further enable cryptocurrency miners’ sustain-
able operation.

3. Conclusion

This study uses high-resolution data to examine the effects of expand-
ing cryptocurrency mining operations on the large-scale Texas power
grid, focusing on carbon emissions, grid stability, and electricity prices.
In contrast to previous research that used system-wide average carbon
emission as a measurement, we found large variations in the carbon foot-
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Fig. 4. County-level LMP in the systems with or without different types of cryptocurrency mining loads. (a) LMP in the base system without cryptocurrency mining
loads. (b) LMP in the system with constant cryptocurrency mining loads at Loc-B. (¢) LMP in the system with price-responsive cryptocurrency mining loads at Loc-B
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Table 2

Summary of cryptocurrency mining’s impact on system reliability, carbon footprint, and electricity market.

Electricity market

System reliability Carbon footprint
Flexibility Load flexibility could potentially avoid all

reliability concerns without major

economic loss
Location N/A

The impact of demand flexibility on per MWh
carbon emissions is not significant

Low electricity price locations can control carbon
emission below 50% of system-wide average

Price-responsive flexible operation of mining loads
could mitigate market disruptions

Depending on the location, cryptominers impact
on electricity market is highly non-uniform

print of cryptocurrency mining across different locations, which can be
as much as 50% of the crude system average. Considering the fast in-
tegration of new mining facilities, offering proper financial incentives
could potentially encourage the new facilities being built in locations
with lower carbon footprint and high societal benefit.

Our findings indicate that the flexibility of cryptocurrency mining
can greatly mitigate potential market disruption, while its impact on
the electricity market can vary significantly depending on its location.
This suggests that both location and flexibility are critical factors that
policymakers and grid operators should consider when designing ancil-
lary service programs that take advantage of the unique characteristics
of the mining loads and enhance their grid-supporting capabilities. Fur-

thermore, our analysis shows that treating cryptocurrency mining as
fully flexible demand does not negatively impact grid reliability, even
when present in large quantities at specific locations.

4. Experimental procedures
4.1. Data processing

The data was obtained through the Electric Reliability Council of
Texas (ERCOT) with permission to publish at county-level. The original

data included the Supervisory Control and Data Acquisition (SCADA)
measurements of twenty Large Flexible Loads (LFLs) within the ERCOT
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system at 5-min intervals from January 1st, 2021 to December 31st,
2022. The LFLs span across twelve counties and the average hourly to-
tal consumption in each county is calculated. During the data cleaning
process, we noticed erroneous measurements that showed large spikes
or negative values, these data points were filled with the previous value
or set to zero, respectively. The county-level minimum mining capacity
is 80 MW and the maximum mining capacity is 640 MW. However, it
should be noted there is a large difference between the mining capac-
ity and actual measured demand because many facilities are still in the
process of expanding.

4.2. System configuration

In this paper, we quantify the impact of cryptocurrency mining loads
with different flexibility at different locations in different system sce-
narios by simulating a large-scale synthetic Texas grid. Therefore, this
subsection will first describe the base system model, and then introduce
the criteria for selecting cryptocurrency mining sites, designing flexibil-
ity mechanisms, and projecting future scenarios.

4.2.1. Base grid model

A calibrated large-scale synthetic Texas grid is used for optimal
scheduling in this study [12], which has been used in the studies of
long-term planning [12], extreme event analysis [13,14], and electric-
ity market analysis [15]. This base grid model provides system topol-
ogy, cost curves for fossil fuel generation units, renewable generation
profiles, and base load profiles. More details of system calibration and
data aggregation are described in the paper [12]. For the forecasted load
profiles, we aggregate zonal load profiles in 2020, and make appropriate
adjustments (see Supplemental Note S2).

4.2.2. Cryptocurrency mining deployment

The step of cryptocurrency mining deployment aims to determine a
set of buses with cryptocurrency mining loads M and capacity of cryp-
tocurrency mining loads P". We consider four categories of cryptocur-
rency mining sites, including close-to-renewable, close-to-city, low-
electricity-price, and real-mining sites. For close-to-renewable sites, we
manually select buses that are geographically close to solar or wind
generation. For close-to-city sites, we manually select buses that are
geographically close to cities. For low-electricity-price sites, we select
buses with the lowest LMP under the condition of optimal scheduling
of the base system that has M = § (see Model-based Simulation Pro-
cess). For real-mining sites, we select all buses in the counties where the
LFLs recorded by the SCADA data are located. For the former three cat-
egories, we define a uniform, constant capacity for all cryptocurrency
mining loads. For real-mining sites, we define time-varying capacity of
each mining load by scaling the LFL profile in the corresponding county
to reflect the recorded dynamic power consumption of LFLs. Visualiza-
tion of cryptocurrency mining loads is shown in Supplemental Fig. S1
and more details of settings are described in Supplemental Note S1.

4.2.3. Flexibility mechanism design

The flexibility mechanism determines actual power consumption
profiles of cryptocurrency mining loads P™, which will be added to load
profiles in simulation. We assume each cryptocurrency mining load has
one binary state, namely, fully off or fully operational. Three types of
flexibility mechanisms are considered in this study, including no flexi-
bility (Eq. (1a)), price-responsive flexibility (Eq. (1b)), and command-
following flexibility (Eq. (1c)). Specifically, the power consumption of
cryptocurrency mining loads with different flexibility is defined by

P oifieM

pno= Q5 B la

ihd {0 otherwise (a)

—m .. —

pm _ ) P ifieMand py <u
ihd 0  otherwise

(1b)

Advances in Applied Energy 10 (2023) 100136

m
Pihd_

(Ic)

—m ... d
P, ifie Mand not (15% and 194)
0 otherwise

where P is the active power consumption of the cryptocurrency min-

ing load at bus i at hour & on day d, F;n is the installed capacity of the
cryptocurrency mining load at bus i, M is a set of buses with cryptocur-
rency mining loads, y;,, is the LMP at bus i at hour # on day d, u is a
pre-defined threshold that is set as $40 /MWh in this study, 11(?;3;‘ indi-
cates whether system operators order a shutdown at the given moment,
and ﬂf}l’; indicates whether the cryptocurrency mining load provides de-
mand response services at the given moment.

These flexibility mechanisms are designed considering real-world de-
mand response programs currently adopted by cryptocurrency mining
facilities. As it can be seen, in the price-responsive flexibility (Eq. (1b))
cryptominers stop mining if the electricity prices are greater than a
certain threshold (u). This threshold either depends on their opera-
tional profit and their break-even electricity price, or it is determined
by a demand response contract with their electric utility company. An-
other practical flexibility mechanism is command-following (Eq. (1c)),
in which the mining loads receive a command from the grid operator
to shut down their load, and depending on their obligation, they might
decide to keep mining or reduce their load as requested by the operator.

4.2.4. Future scenario creation

To compare the impact of cryptocurrency mining on system reliabil-
ity, we study the current synthetic grid and a future grid representing
the generation mix change in Texas. Currently, the peak load in Texas
is nearly 77 GW, but this load is predicted to reach 87 GW to 93 GW by
2030, depending on the potential of load reduction programs [16]. This
increase in firm load is nearly 10% to 20% of the current load. At the
same time, the generation mix is undergoing substantial change and it is
moving toward a highly renewable grid. While the traditional gas, coal,
and nuclear generator capacities will not see a major change, the renew-
able generation capacity is expected to grow substantially. By 2030, the
amount of renewable generation is planned to increase from 17,000 MW
to nearly 41,500 MW [16]. Hence, we project 50% to 100% of poten-
tial increase in the renewable generation capacity in Texas. Therefore,
two future scenarios are designed in our simulations. In scenario 1, the
synthetic Texas grid’s base load is increased by 10% and the renewable
generation capacity is increased by 50%, and in scenario 2, the base load
is increased by 20% and the renewable generation capacity is increased
by 100%.

4.3. Model-based simulation process

The process of optimal scheduling consists of alternating security-
constrained unit commitment (SCUC) and security-constrained eco-
nomic dispatch (SCED), mimicking day-ahead and real-time electricity
market clearing processes. SCUC is used for day-ahead market clearing
and aims to find optimal commitments and dispatch decisions based
on day-ahead load and renewable forecasts. SCED is used for real-time
market clearing and aims to find more accurate dispatch decision based
on solved optimal commitments and accurate short-term load and re-
newable forecasts. Please refer to the previous study [15] for detailed
mathematical formulation of SCUC and SCED.

It is worth noting that we make a few assumptions and simplifica-
tions for simulation. First, we assume high accuracy of load and renew-
able generation forecasts. Therefore, SCUC and SCED share the same
deterministic load and renewable generation profiles in this study. Sec-
ond, we only consider cryptocurrency mining loads with no flexibility
or price-response flexibility for simulation. Third, we assume that the
generation states in an optimal UC solution are not affected by the min-
ing load behavior, so for simplicity assume no flexibility for all mining
loads for SCUC. Therefore, SCUC and SCED have one key difference in
this study. Only the generation output {Pﬁl 4} and LMP {4, } solved by
SCED are used for the analysis of carbon footprint and market prices,



A. Menati, X. Zheng, K. Lee et al.

while those solved by SCUC are only a reference for cryptocurrency min-
ing loads with price-response flexibility.

We design and implement Algorithm 1 by MATPOWER optimal
scheduling tool (MOST) [17], where G represents a grid model, M is
a set of buses with cryptocurrency mining loads, P" is installed capac-
ity of all cryptocurrency mining loads, P! is base load profiles, and D,
and Dy are the start and end dates of the period of interest. In sum-
mary, through the process of optimal scheduling, we can finally obtain
hourly LMP { y;,,}, generation output { Pﬁz ,} and cryptocurrency mining
power consumption {P7,}. It is worth noting that a minor fraction of
days in some scenarios is excluded due to infeasible SCUC solutions (see
Supplemental Note S2).

Algorithm 1 Process of optimal scheduling by alternating SCUC and
SCED.

Input: G, M, P , P!

D,, Dy

ihd’

Output: {P? ), {ll,hd} (P}
ford = D,,..., Dy do

Initialize U’ 80 _ Uffz wd—ny =1 N, > Start day-ahead
market clearmg by SCUC

Initialize Pm based on Eq. 1a given M and P =1,...,N,h=
1,...,24,

Calculate P!l — Pm + Pl d, i=1, 24,

Uh L (PR L a3, <_SCUC(Q Ugo {thigl %,41)

if price-response flexibility then > Start real-time market
clearing by SCED

Update P, based on Eq. 1b given M, P, , and {M,hd}h pi=
1,...,N,h=1,. 24

Update Pttl PR 4Pl i=1,..,N,h=1,..724,

ihd’
end if
{Phd}h B {ﬂ,hd} < SCED(G, {U }h "{[’!ti:}i}i41)
end for

4.4. Carbon footprint calculation

We define the carbon footprint of cryptocurrency mining loads C™
as the difference between the system-wide total carbon emission of the
base system C and that of the system with mining loads C by

Dr 24 N

=2 ZZ PS¢ 2a)

d=D) h=1 i=

Dr 24 N

€= 2 L2 it (2b)
l

cm=C-C, (2¢)
where Pﬁ, , is the active power output of generator i at hour 4 on day d in
the base system, f’i . 1s the active power output of generator i at hour 4
on day d in the system with mining loads, ¢, is the life-cycle greenhouse
emission factors of generator i determined by the generation type [2],
N is the total number of buses, and D, and D, are the start and end
dates of the period of interest.

Further, we define the per unit energy consumption carbon footprint
of system loads C and cryptocurrency mining loads C™ by

-c/(Z2E%)

Dy H
c‘m:cm/( ZZf’;;d) (3b)
d=D; h=1 i=1
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where Pl is the active power consumption of the load at bus i at hour
hon day d in the base system, and P, is the active power consumption
of the cryptocurrency mining load at bus i at hour A on day d in the
system with mining loads.

Comparing to methods that estimate carbon footprint based on the
average generation mix, this approach can incorporate the nonlinear
spatial-temporal relation between loads and generators in the process
of optimal scheduling.

4.5. Reliability assessment

For reliability assessment, we use the Monte-Carlo method to sim-
ulate the randomness in the failure and repairs of the generators. In
the Monte-Carlo method, each generator has a Mean Time to Failure
(MTTEF), which is the expected number of hours the generator will op-
erate before it fails, and a Mean Time to Repair (MTTR), which is the
expected number of hours it takes to bring the generator back into op-
eration. These numbers are obtained from the standard IEEE Reliability
Test System [18]. The failure (repair) time of each generator is randomly
generated from an exponential distribution with MTTF (MTTR) as its
mean value. We do not consider a failure rate for renewable generators,
but their output is fluctuating and highly uncertain. Using the genera-
tion and load profiles obtained from the synthetic grid, we repeat the
simulation 10,000 times until the reliability indices start to converge.

We calculate the Loss of Load Hourly (LOLH) as the reliabil-
ity/adequacy index, which captures the expected number of hours per
year that the system cannot serve load. The LOLH is calculated for the
current synthetic grid and two future scenarios, where in scenario 1
(scenario 2), today’s synthetic grid is updated by increasing the load by
10% (20%) and increasing the renewable generation capacity by 50%
(100%).

4.6. Market price analysis

For ease of visualization, given hourly nodal LMP {y;;;}, we define
the average LMP in county k by

ﬁzt,zld =1/lzl - 2 Mjng- @

JEZy

where z,, is the set of buses in county k.
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tamu-engineering-research/Crypto_mining_impacts.

Declaration of Competing Interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Data availability
Data will be made available on request.
Supplementary material

Supplementary material associated with this article can be found, in
the online version, at doi:10.1016/j.adapen.2023.100136.

References

[1] White House. Climate and energy implications of crypto-assets in the United States.
https://www.whitehouse.gov/wp-content/uploads/2022,/09/09-2022-Crypto-
Assets-and-Climate-Report.pdf[Online]; 2022.


https://github.com/tamu-engineering-research/Crypto_mining_impacts
https://doi.org/10.1016/j.adapen.2023.100136
https://www.whitehouse.gov/wp-content/uploads/2022/09/09-2022-Crypto-Assets-and-Climate-Report.pdf

A. Menati, X. Zheng, K. Lee et al.

(2]

[3

=

[4]

[5

=

[6]

[7

—

[8

—

[9

—

[10]

[11]

The Cambridge Centre for Alternative Finance. Cambridge bitcoin electricity con-
sumption index. https://ccaf.io/cbeci/index/comparisons[Online]; 2022.

Texas Blockchain Council. Making Texas a leader in blockchain innovation. 2022.
https://www.ercot.com/files/docs/2022/04/26/LFLTF_Collaboration_Deck.pptx.
Krause MJ, Tolaymat T. Quantification of energy and carbon costs for mining cryp-
tocurrencies. Nat Sustain 2018;1(11):711-18.

Dittmar L, Praktiknjo A. Could bitcoin emissions push global warming above 2 °C?
Nat Clim Change 2019;9(9):656-7. doi:10.1038/541558-019-0534-5.

Rhodes J., Deetjen T., Smith C.. Impact of large flexible data center operations on
the future of ERCOT. Lancium White Paper2021.

Masanet E, Shehabi A, Lei N, Vranken H, Koomey J, Malmodin J. Implausible projec-
tions overestimate near-term bitcoin CO, emissions. Nat Clim Chang 2019;9(9):653—
4. doi:10.1038/541558-019-0535-4.

Stoll C, Klaallen L, Gallersdorfer U. The carbon footprint of bitcoin. Joule
2019;3(7):1647-61.

Jones BA, Goodkind AL, Berrens RP. Economic estimation of bitcoin mining’s climate
damages demonstrates closer resemblance to digital crude than digital gold. Sci Rep
2022;12(1):1-10.

Niaz H, Shams MH, Liu JJ, You F. Mining bitcoins with carbon capture and re-
newable energy for carbon neutrality across states in the USA. Energy Environ Sci
2022;15(9):3551-70.

Kirschen DS, Strbac G. Fundamentals of power system economics. John Wiley &
Sons; 2018.

[12]

[13]

[14]

[15]

[16]

[17]

[18]

Advances in Applied Energy 10 (2023) 100136

Xu Y, Myhrvold N, Sivam D, Mueller K, Olsen DJ, Xia B, Livengood D, Hunt V,
d’Orfeuil BR, Muldrew D, et al. US test system with high spatial and temporal res-
olution for renewable integration studies. In: 2020 IEEE power & energy society
general meeting (PESGM). IEEE; 2020. p. 1-5.

Wu D, Zheng X, Xu Y, Olsen D, Xia B, Singh C, Xie L. An open-source extendable
model and corrective measure assessment of the 2021 Texas power outage. Adv Appl
Energy 2021;4:100056.

Wu D, Zheng X, Menati A, Smith L, Xia B, Xu Y, Singh C, Xie L. How much de-
mand flexibility could have spared Texas from the 2021 outage? Adv Appl Energy
2022;7:100106. doi:10.1016/j.adapen.2022.100106.

Lee K, Geng X, Sivaranjani S, Xia B, Ming H, Shakkottai S, Xie L. Targeted demand
response for mitigating price volatility and enhancing grid reliability in synthetic
Texas electricity markets. Iscience 2022;25(2):103723.

Electric Reliability Council of Texas. Report on the capacity, demand and re-
serves (CDR) in the ERCOT region, 2023-2032. https://www.ercot.com/files/docs/
2022/05/16/CapacityDemandandReservesReport May2022.pdf [Online]; 2022.
Zimmerman RD, Murillo-Sdnchez CE. Matpower optimal scheduling tool most 1.0
user’s manual. Power Systems Engineering Research Center (PSerc); 2016.
Probability Methods Subcommittee. Ieee reliability test system. IEEE Trans Power
Appar Syst 1979;PAS-98(6):2047-54. doi:10.1109/TPAS.1979.319398.


https://ccaf.io/cbeci/index/comparisons
https://www.ercot.com/files/docs/2022/04/26/LFLTF_Collaboration_Deck.pptx
http://refhub.elsevier.com/S2666-7924(23)00015-X/sbref0001
https://doi.org/10.1038/s41558-019-0534-5
https://doi.org/10.1038/s41558-019-0535-4
http://refhub.elsevier.com/S2666-7924(23)00015-X/sbref0004
http://refhub.elsevier.com/S2666-7924(23)00015-X/sbref0005
http://refhub.elsevier.com/S2666-7924(23)00015-X/sbref0006
http://refhub.elsevier.com/S2666-7924(23)00015-X/sbref0007
http://refhub.elsevier.com/S2666-7924(23)00015-X/sbref0008
http://refhub.elsevier.com/S2666-7924(23)00015-X/sbref0009
https://doi.org/10.1016/j.adapen.2022.100106
http://refhub.elsevier.com/S2666-7924(23)00015-X/sbref0011
https://www.ercot.com/files/docs/2022/05/16/CapacityDemandandReservesReport_May2022.pdf
http://refhub.elsevier.com/S2666-7924(23)00015-X/sbref0012
https://doi.org/10.1109/TPAS.1979.319398

	High resolution modeling and analysis of cryptocurrency mining’s impact on power grids: Carbon footprint, reliability, and electricity price
	1 Introduction
	2 Results
	2.1 Per unit carbon footprint of cryptomining has high locational disparity
	2.2 Flexibility enhances system reliability
	2.3 Flexibility mitigates market price volatility

	3 Conclusion
	4 Experimental procedures
	4.1 Data processing
	4.2 System configuration
	4.2.1 Base grid model
	4.2.2 Cryptocurrency mining deployment
	4.2.3 Flexibility mechanism design
	4.2.4 Future scenario creation

	4.3 Model-based simulation process
	4.4 Carbon footprint calculation
	4.5 Reliability assessment
	4.6 Market price analysis

	Data and code availability
	Declaration of Competing Interest
	Supplementary material
	References


