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Abstract
Climate change threatens all parts of the US electric power system, from electricity gen-
eration to distribution. An important dimension of this issue is the impact on electricity
demand. While many studies have looked at these impacts, few have tried to represent this
effect at higher temporal resolutions (such as daily or sub-daily) or to analyze its seasonal
aspects. Our study expands on previous work to improve our understanding of how climate
change can affect patterns of hourly electricity demand, the differences in these effects over
different seasons, and how this in turn could affect the operations of the power system.
For this analysis, we combine a linear regression model, a simplified economic dispatch
model, and projections from twenty different climate models to analyze how climate change
may affect seasonal demand patterns and, consequently, power plants dispatch. We use this
method to analyze a case study of the Tennessee Valley Authority (TVA). The results sug-
gest that climate change can result in an average increase in annual electricity consumption
in the TVA region of 6% by the end of the century and an increase in the frequency of peak
demand values (the maximum quantity of electricity demanded during an hour). However,
this increase is not uniformly distributed throughout the year. During summer, total electric-
ity consumption can increase on average by 20% while during winter, it may decrease on
average by 6% by the end of the century. Such changes in demand could result in changes in
the typical dispatch patterns of TVA’s power plants. Estimated summer time capacity factors
would increase (8 to 37% for natural gas and 71 to 84% for coal) and winter time capacity
factor decrease (3% to virtually zero for natural gas and 67 to 60% for coal). Such results
could affect the decision-making process of planning agents in the power sector.
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1 Introduction

While significant efforts are being made to mitigate emissions of greenhouse gases that con-
tribute to climate change, there is increasing interest in using Integrated Assessment Models
(IAM) to understand the social costs of climate change and possible adaptation strategies
across the world and across economic sectors (Stern 2009; US IAWG 2010). An important
component of these costs is the impact climate change can have in the power sector (DOE
2016). A straightforward—but important—example of this impact is that higher tempera-
tures can result in higher cooling demand and lower heating demand (Aroonruengsawat and
Auffhammer 2011). However, the actual costs due to these changes are highly dependent
on local factors. Regions where natural gas is the primary source of electricity will have
different impacts than those that rely more heavily on hydroelectricity. Also, electricity con-
sumption patterns differ by geography. For instance, peak electricity demand (the maximum
quantity of electricity demanded during an hour) in the USA typically occurs in the sum-
mer. However, some areas in the southeastern US experience winter peak demand due to
their use of electricity for ambient heating. This heterogeneity in the characteristics of elec-
tricity demand across the country underscores the importance of regional impact analysis
that captures important local factors.

In recent years, many studies have looked at the impacts of climate change on global
systems, including energy systems. Integrated Assessment Models include a representation
of global agriculture, energy, economic, water, and climate systems. Prior work with IAM
has included analyses of energy demand implication of climate change (Hadley et al. 2006;
Isaac and van Vuuren 2009; Eom et al. 2012; Labriet et al. 2013; Zhou et al. 2013; Yu et al.
2014; Chaturvedi et al. 2014; McFarland et al. 2015; Dirks et al. 2015; Allen et al. 2016;
Clarke et al. 2018). However, IAMs typically have a coarse spatial and temporal representa-
tion. Power system models used for capacity planning and system operations require hourly
data, which are not usually available in IAMs.

Other work on climate impacts on electricity demand has relied on historical data to
fit multiple linear regression models relating regional electricity consumption and weather
variables. Many of such models use data in a monthly time-frame (Sailor 1997; 2003;
Hor et al. 2005; Amato et al. 2005; Ruth and Lin 2006; Mirasgedis et al. 2007; Belzer
et al. 2007). These monthly models typically employ cooling degree-day (CDD) and heat-
ing degree-day (HDD) metrics as the weather regressors. Models also differ on the type
of demand they represent. While some examine only residential or commercial electricity
demand, others aim to represent overall electricity demand for the entire system. Moreover,
these models also differ in the way they represent long-term, non-climate trends in electric-
ity demand. The most common practice1 has been to explicitly include variables associated
with these trends (such as population growth, economic activity, and changes in energy
efficiency) in parametric models.

1The inclusion of additional time-varying explanatory variables may absorb residual variation, hence pro-
ducing more precise estimates. However, adding more controls will not necessarily produce an estimate of
the coefficient of interest that is closer to the true parameter. If the additional controls are themselves out-
comes of changes in climatic variables, which may well be the case for controls such as GDP, institutional
measures, population, and socioeconomic variables, including them will induce an “over-controlling prob-
lem.” (see (Dell et al. 2014)). For example, suppose that poorer counties in the USA tend to be both hot and
have low-quality institutions. If hot climates were to cause low-quality institutions, which in turn cause low
income, then controlling for institutions can have the effect of partially eliminating the explanatory power of
climatic variables, even if climate is the underlying fundamental cause.
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Recently, some studies have argued that using data averaged over large temporal or
spatial ranges instead of higher resolution data can result in different conclusions when esti-
mating some of the social costs of climate change (Siler-Evans et al. 2012; Siler-Evans et al.
2013; Tamayao et al. 2015; Hittinger and Azevedo 2015). For example, the actual decision
to dispatch power plants occurs at an hourly or sub-hourly resolution. Different types of
power plants have specific operational and economic properties that affect their ability to
be turned up or down quickly. Because of these characteristics, some types of power plants
(such as nuclear) are better suited for base load generation, while other types (such as natu-
ral gas) are typically used to meet hourly changes in electricity demand. Therefore, planning
studies that focus on changes in demand on monthly (or even daily) temporal resolutions
may miss important constraints that occur in the actual operation of the power system. Some
studies have started to work with data with higher temporal resolution in order to represent
inter-day or hourly variability in demand (Thatcher 2007; Parkpoom and Harrison 2008;
Franco and Sanstad 2008; Auffhammer et al. 2017). Our study expands on this previous
work to improve our understanding of how climate change can affect the hourly patterns of
demand using hourly demand data. We also focus on the seasonal aspects of these changes
and how this in turn could affect the operations of the power system. For this analysis, we
use a linear regression model that combines a piece-wise linear function with fixed effects
coefficients in order to capture unobserved factors that distinctively affect hourly electricity
demand. Additionally, we use a simplified economic dispatch model to analyze how these
changes in demand can alter some of the dispatch patterns of power plants at the level of the
local balancing authority. The high resolution of our dataset makes it possible to perform
different analysis of the resulting simulations, such as analyzing changes in the simulated
hourly demand profile and constructing probability distributions of the changes in demand.
We can also analyze how the climate-induced changes in demand profiles could affect the
capacity factors of different types of power plants and how these impacts are different in
each season of the year. We apply our method to analyze the potential effects of climate
change on the electricity demand patterns of the Tennessee Valley Authority (TVA) area as
a case study. TVA is a corporate agency of the USA that provides electricity to customers
in the southeast United States. TVA has a diverse generation portfolio (that includes fossil-
based power plants and a significant contribution of hydroelectricity), and a demand profile
with peaks in both summer and winter. According to the National Climate Assessment, it is
a region that is particularly vulnerable to some of the expected impacts of climate change
(Melillo et al. 2014).

2 Data andmethods

2.1 Electricity demand data

Hourly electricity demand data for the TVA service area came from the Federal Energy
Regulatory Commission (FERC) Form 714 (FERC 2016) for the years 2006–2015. Figure 1
shows the time series plot of TVA’s hourly electricity demand. The gray line shows the
observed hourly demand and the black line represents the annual moving average of the
hourly data. The light gray shaded areas in the background represent summer periods. From
this figure, we can observe that TVA’s average annual electricity consumption has expe-
rienced a consistent downward trend in the last decade, after peaking around 2007/2008.
Between 2007 and 2015, TVA’s annual electricity consumption has decreased by approxi-
mately 13%. This downward trend in TVA’s electricity demand is credited to a combination
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Fig. 1 Hourly electricity demand for the TVA area, January 1, 2006, to December 31, 2015. The gray line
represents the observed hourly demand. The black line shows the annual moving average of the hourly data.
The light gray shaded areas in the background represent summer periods

of an increase in energy efficiency, economic changes, and distributed energy generation
(Holladay and Davis 2016; Roberts 2018). Additionally, TVA regularly faces events of high
peak demand during the winter months. For example, in 2014 and 2015, the annual peak
demand values occurred during the winter.

2.2 Weather data

To fit our regression model, we use weather data from the University of Idaho Gridded
Surface Meteorological Data (UofI METDATA) dataset (Abatzoglou 2013). This dataset
combines desirable spatial attributes of gridded climate data from the PRISM dataset
(PRISM Climate Group 2004; Daly et al. 2008) with desirable temporal attributes from
the regional reanalysis dataset NLDAS-2 (Mitchell et al. 2004) to derive a high-resolution
(1/24th degree, ∼ 4 km) gridded dataset of daily surface meteorological variables. This
dataset has been validated by its authors against an extensive network of weather stations.
The daily data is then disaggregated to hourly values using the Mountain Microclimate Sim-
ulation Model (MTCLIM) (Bohn et al. 2013). We use the air temperature data of the grid
cell in Nashville, TN to represent the typical weather patterns in the TVA service area. We
tested using data from other locations inside the TVA area, but because of the high spatial
correlation between different grid cells, the results of our model did not change. Figure 2
shows the observed relationship between hourly demand and hourly air temperature in our
historical data set. We can observe the non-linear relationship between demand and tem-
perature. The main reason for this “U-shaped” relationship is that electricity can be used
for both ambient heating and cooling (US Energy Information Agency 2016b). In winter
months, higher temperatures will result in decreased electricity demand for space heating.
On the other hand, higher temperatures during the summer lead to increased electricity
demand for space cooling.

To simulate the changes in electricity demand induced by climate change, we first need
projections of our explanatory weather variables (air temperature and air humidity). We
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Fig. 2 TVA’s hourly electricity demand plotted against temperature (degrees Celsius) for the period January
1, 2006, to December 31, 2015

obtained the output of twenty different Global Circulation Models (GCM) from the Coupled
Model Intercomparison Project 5 (Taylor et al. 2012), spatially downscaled using the Mul-
tivariate Adaptive Constructed Analogs (MACA) method (Abatzoglou and Brown 2012).
In addition, these projections were also disaggregated to hourly values using the Moun-
tain Microclimate Simulation Model (MTCLIM). The Supplemental Materials include
additional information about the climate model data used in this paper.

Note that we use the UofI METDATA dataset for climate data between 2006 and 2015
to fit our regression model because this is the same dataset used in the training phase of
the MACA method used to downscale projections of future climate. Therefore, our baseline
meteorological data will be coherent with our projected weather variables from the down-
scaled GCMs. This way we avoid potential biases between the data generated by the climate
model and the historical data used as a baseline to fit the regression model (Auffhammer
et al. 2013; Auffhammer et al. 2017). We focus on the projections of air temperature and
air humidity simulated by the 20 GCMs under the Representative Concentration Pathway
(RCP) 8.5, which is usually called the “business as usual” scenario, since it assumes that
concentrations will keep increasing in the same rate as in the present. We focus on the
projections for two different periods: 2055–2065 and 2089–2099.
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2.3 Electricity demandmodel

To estimate the typical response function of hourly electricity demand to weather changes,
we use the historical data described above to fit a multiple regression model. We used a
piece-wise linear function to represent the non-linear relationship between electricity con-
sumption and temperature (Mathieu et al. 2011) (more details about this formulation are
available in the Supplemental Material). This formulation also enforces continuity on the
breakpoints of the piece-wise linear curve. To control for unobserved factors affecting elec-
tricity demand in each hour of the day, our model includes fixed effects coefficients for each
hour of the day in different seasons and different types of day (workday or weekend). The
annual long-term trends are modeled using fixed-effects for each year in the historical data
set. This way our model is capable of controlling for changes in the demand in electricity
caused by economic and technological shifts in our historical dataset.

We also experimented with using air humidity as an explanatory variable. We used inter-
actions between air temperature and air humidity in each temperature bin of our estimated
piece-wise linear function to capture the heterogeneity of how changes in air humidity affect
demand for different air temperature levels (Scott et al. 2007). However, the resulting fit of
the model did not improve significantly, while the interpretability of the resulting model was
considerably compromised. Therefore, we chose the more parsimonious model (without air
humidity as an explanatory variable).

Equation 1 shows the regression model.

yt = β0 + αhds + γa +
N∑

j=1

δjT
c
jt + εt (1)

where t denotes hourly data, h hour of the day (h ∈ [1, 24]), d type of day (workday vs.
non-workday), s season of the year, and a calendar year. yt represents hourly demand at t

(in MW). T c
jt is the j -th piecewise linear component of the temperature at hour t . Finally,

αhds and γa are, respectively, the fixed effects for hour of the day by different seasons and
types of day, and year fixed effects.

All coefficients in our model are estimated by Ordinary Least Squares (OLS). The differ-
ent fixed effects coefficients estimated by our model aim to capture unobserved factors in
our dataset that influence hourly electricity demand and may be related to changes in tem-
perature. The annual fixed effects (γa) capture all observed and unobserved variables that
change on an annual basis such as economic activity, energy efficiency gains, and popula-
tion changes. The hourly fixed effects (αhds) capture hourly patterns of electricity demand in
different seasons, controlling for unobservable behavioral responses regarding consumers’
utilization electric appliances, and other time-varying decisions not easily observable. This
way, the estimated coefficients of our response curve of electricity demand to temperature
will not be biased because of the omission of these unobserved hourly, seasonal, or annual
effects.

2.4 Dispatchmodel

In order to simulate dispatch patterns due to changes in electricity demand resulting from
climate change, we use a similar approach outlined in previous studies (Blumsack et al.
2008; Venkatesh et al. 2012). A reduced-form economic dispatch model simulates the order
in which power plants would be dispatched to meet hourly electricity demand. For each
24-h day in the complete simulation period, a linear programming (LP) optimization model
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finds the dispatch schedule that minimizes the total generation cost. To define the short-run
marginal costs of each power plant, we compile data from different sources. Heat rates of
thermal power plants come from the Emissions & Generation Resource Integrated Database
(eGRID) (US Environmental Protection Agency 2015) from the United States Environ-
mental Protection Agency (EPA). Fuel costs for each power plant come from the Energy
Information Agency (EIA) Form 923 (US Energy Information Agency 2016a), which col-
lects detailed electric power data on electricity generation, fuel consumption, fossil fuel
stocks, and receipts at the power plant level. In the cases of specific power plants for which
this type of data is missing, we use regionally appropriate fuel costs and national average
heat rates reported by the EIA. Combining all these data sources, we compute the short-run
marginal costs of each individual power plant in our study. These costs are used in the linear
programming problem to define the optimal daily dispatch policy (more details about this
formulation are available in the Supplemental Material).

3 Results and discussion

We use our complete historical data set (years 2006–2015) to estimate the coefficients of our
regression model by Ordinary Least Squares (OLS). The specified model results in R2 =
0.853 and R2

adj = 0.853, meaning that 85.3 percent of the variation in hourly electricity
demand in the TVA area is explained by our model. Figure 3 presents the TVA’s estimated
response function of electricity demand to changes in temperature according to our model.
The Supplemental Material includes the estimated values of the slopes in each temperature
bin . The gray points in the background in Fig. 3 represent the observed values of hourly
temperature and residualized electricity demand in our historical data set. The histograms at
the top and at the right of the panel display the observed distribution of the variable on the
respective axis. To compute the residualized electricity demand we subtract our estimated
values of αhds and γa (but not β0) from the observed values of hourly demand. This way
we are left with our estimated values of hourly electricity demand that are temperature
dependent and are not influenced by non-observed hourly, seasonal, or annual effects. We
can observe that the estimated response function appears to be capturing the overall shape
of the relationship between air temperature and electricity demand. One interesting aspect
that we can observe from this scatter plot is that the response curve appears to have a more
symmetrical shape when compared to similar response functions in other load regions, e.g.,
PJM (Lueken et al. 2016). This can be explained by the larger use of electricity for ambient
heating in the southeastern US than other regions (US Energy Information Agency 2016b).
As a result, increased winter temperatures lead to decreased electricity demand for heating,
while increased summer temperatures lead to an increase in demand for cooling.

After specifying the electricity demand model, we use it to simulate future electricity
demand given the scenarios of climate change from the different GCMs. We run the simula-
tion for two future periods: 2055–2065 and 2089–2099. Throughout this document, we will
refer to these two simulation periods as 2060 and 2099, respectively. This way we aim to
account for normal inter annual variability in the weather data in each of these future periods
being simulated. Also we avoid potential biases in our results due to the selection of a single
future year for our analysis. Since our goal is to study the impacts that predicted changes
in climate trends can have on electricity demand, we create our simulations of future elec-
tricity demand under the assumption that all other estimated factors will remain constant.
For example, we use the estimated value of the annual fixed effect for 2015 (γ2015) in our
simulations of demand in 2060 and at the end of the century. Additionally, in order to create
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Fig. 3 Estimated hourly electricity demand temperature response function. The gray dots represent the histor-
ical values (2006–2015) of hourly temperature and residualized electricity demand (temperature dependent).
The red solid line is the average response curve according to our estimated model. To compute the residual-
ized electricity demand we subtract our estimated values of αhds and γa (but not β0) from the observed values
of hourly demand. The histograms at the top and at the right of the panel display the observed distribution of
the variable on the respective axis

a comparable base case of present demand (i.e., without the effect of climate change), we
use our model with historical air temperature data from 2005 to 2015 to backtrack hourly
electricity demand in this period (also using the value of γ2015 for the whole period).

Figure 4 presents the simulated average annual load duration curves (LDC) for the
present and each of the two future periods. The LDCs show the percentage of time in the
year that the hourly demand is above a certain value. The solid line is the average present
load curve (the average is taken over the 2005–2015 period). The dashed lines represent
the average load curves simulated for the periods 2060 and end-of-century (averages are
taken over the 11-year period and over all 20 GCMs). The gray shaded areas show the range
of these future simulated averages LDCs over the 20 GCMs. The plot shows a significant
increase in the occurrence of peak demand values through the year in 2060 and 2099 when
compared with the present. Overall, the simulations indicate that annual consumption of
electricity in TVA increases by 2.5% by 2060 and 6% by the end of the century as a result
of climate change. However, this increase is not uniformly distributed throughout the year.
Most of it occurs on approximately 25% of the year (2,500 h). Additionally, if we focus on
the highest 1,000 hourly values in each curve, the total consumption of electricity during
these hours increases by 11% by 2060 and 21% by the end of the century. Also, we can see
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Fig. 4 Present and future simulated average load duration curves (LDC). The solid curves represent the
average LDC according to present weather conditions. The dashed lines represent the simulated average
LDCs according to projected weather conditions in 2060 and end of century. The gray shaded areas show the
range of these future simulated averages LDCs over the 20 GCMs

by the gray shaded area that the trend observed in the average curve is consistent across all
the 20 GCMs simulated.

The LDCs in Fig. 4 do not show how changes in demand due to climate change may
be chronologically distributed throughout the year. Figure 5 shows the simulated average
hourly load curves for each season in the present and each of the future periods. As with the
LDCs, the solid curves represent the average hourly load curve according to present weather
conditions (the average is taken over the 2005–2015 period). The dashed lines represent the
simulated average hourly load curves according to projected weather conditions in 2060 and
2099 (averages are taken over each 11-year period and over all twenty GCMs). The gray-
shaded areas show the range of these future simulated hourly load curves over the twenty
GCMs used in our simulations of electricity demand.

In winter time, electricity consumption decreases on average by 4% by 2060 and by
6% using the simulated data for 2099. On the other hand, summer electricity consump-
tion increases on average by 11% by 2060 and by 20% using the simulated data for 2099.
Figure 5 shows that there is a large spread on the potential increases in the hourly electricity
demand during summer time depending on which GCM is used to simulate future electric-
ity demand. However, this uncertainty in the simulations results does not show up on other
seasons. Figure 3 shows a non-linearity in the response of hourly demand to temperature.
This suggests that a 1 ◦C change in summer temperature has a larger effect on demand
than a 1 ◦C change in winter. As a result, the variability in temperatures represented in the
different GCMs result in a wider spread in the summer demand values.

The results of the demand simulations under climate change highlight that electricity
consumption during the summer will account for a larger proportion of the total annual
consumption under climate change in TVA. Furthermore, TVA will see changes in the dis-
tribution of daily peak demand. Figure 6 shows simulated kernel density plots of daily peak
demand. This figure suggests that there will be an increase in the probability of larger values
of peak demand, illustrated by the increase in the right tail of the distribution. The 95th per-
centile of these curves increases by 10% by 2060 and 19% by the end of the century. These
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Fig. 5 Present and future simulated average hourly load curves for each season. The solid curves represent the
average hourly load curve according to present weather conditions. The dashed lines represent the simulated
average hourly load curves according to projected weather conditions in 2060 and end of century. The gray
shaded areas show the range of these future average hourly load curves over the 20 GCMs

values are comparable to the ones found by previous studies such as (Auffhammer et al.
2017). In that work, the authors found an increase between 15% and 21% of 95th percentile
of daily peak demand by the end of the century for different load zones in the USA.

The changes in the seasonal distribution of electricity consumption and the distribution
of peak demand hours could affect the operations of the power system. Increased peak
demands in the summer require increased available generation capacity, which will not be
used in the winter, when increased temperatures will lead to decreased demand. To evaluate
these operational impacts, we used the projected values of electricity demand to simulate
the generation dispatch using a linear programming model (more details about this model
are presented in the Supplemental Material).
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Fig. 6 Comparison of simulated kernel density plots of daily peak demand. The solid curves represent daily
peak demand values under present weather conditions. The dashed and dotted lines represent daily peak
demand values according to projected weather conditions in 2060 and end of century, respectively

Different types of power plants have different marginal costs of generation and differ-
ent operational properties that affect their ability to be turned up or down quickly. Nuclear
power plants, for example, have a low marginal cost of generation and have a limited abil-
ity to respond to rapid changes in demand for electricity. As result, nuclear power plants
are better suited for based load generation. Natural gas power plants, on the other hand,
have a higher marginal cost of generation but can very quickly respond to demand changes.
Therefore, natural gas plants have historically been used to “follow load.” The costs and
constraints of different power plants will affect how they are scheduled to meet hourly
demand under climate change. Figure 7 shows the simulated average capacity factors of dif-
ferent plant types in TVA. The capacity factor for a power plant is the ratio between annual
generation (from the dispatch model) and the maximum amount of electricity the plant can
generate in a year given its rated power (assuming the plant operates at its rated capacity
24 h a day, 7 days a week). Figure 7 does not include results for hydro and nuclear power
plants because the magnitude of the change in their capacity factors was not significant. In
our simulation, the variable operating cost of these types of plants is zero or close to zero;
therefore, they are typically the first ones to be dispatched in every season (with or without
climate change). We display one plot for each season in the year in order to be able to under-
stand how the changes in demand affect the dispatch of the different types of power plants in
each season. The darkest bars show the average capacity factor for each plant type resulting
from the dispatch simulations using current demand (without climate change). The bars of
lighter colors show the simulated capacity factors for each plant type in 2060 and 2099. The
error bars represent the 90% uncertainty range computed over each simulation period (11
years) and over all the 20 GCMs used in our simulations. As expected, we observe a large
increase on the average capacity factor in the summer and a decrease in the winter using
climate simulations for 2060. Furthermore, we find coal, natural gas, and oil-based power
plants experience most of the changes in their average capacity factors, since the changes in
demand by 2060 are within the range in the supply curve in which these plants provide the
marginal supply.

In the simulations for the end of the century, we find that average peak demand values
during the summer can increase by more than 10% as a result of climate change. These
shifts move the peak demand values closer to the right region of the supply curve, resulting
in an increase of the dispatch of the more expensive power plants, such as oil. According to
our results, capacity factors of natural gas power plants in the summer would increase from
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Fig. 7 Barplots with average simulated capacity factors by generation fuel in each season of the year. The
error bars represent the 90% uncertainty range computed over each simulation period and over all the 20
GCMs. We did not include hydro and nuclear in this figure because the change in their capacity factors was
not significant

8% in the present to more than 37% using end of the century temperatures. On the other
hand, during the winter, they would decrease from 3% to virtually zero. The capacity factor
of coal power plants in the summer would increase from 71 to 84%, while in the winter, it
would decrease from 67 to 60%. Oil plants would experience an increase on their average
capacity factors from approximately 0% to approximately 14% during the summer.

These results can have important implications for TVA’s planning agents. The projected
increase in electricity consumption in the summer and the decrease in consumption in the
winter may imply two effects. On the one hand, the decreased consumption in the winter
may offset part of the increased consumption in the summer. On the other hand, the changes
in seasonal peak demands might mean that more power plant capacity would remain idle
in the winter, just waiting to be dispatched during the months of higher demand in the
summer. This could have implications for cost recovery and electricity tariffs in vertically
integrated utilities. In de-regulated regions that operate wholesale electricity markets, the
shifts in seasonal capacity factors could have implications for spot prices, capacity markets,
and market design. While this analysis relies on the existing fleet of power plants, which
will not be the same by mid-century (much less by the end of the century), these results
highlight why the analysis of the climate-induced impacts on hourly load curves is relevant
for system planning and operations.
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A related consequence of increased summer peak demand would be the need for addi-
tional reserve margins, in order to cope with the increased probability of higher values of
peak demand. Currently, the “rule-of-thumb” in the power sector is that utilities should have
a reserve margin (i.e., amount of capacity above average peak demand) of 15% in order to
cope with values of peak demand higher than the expected ones. As peak demand increase,
so will the amount of capacity (in GW) needed to maintain appropriate reserve margins,
which would likely affect costs.

There are some caveats in our analysis. First, we assume that the only variable that affects
demand for electricity is temperature. This is a deliberate assumption, since our goal is to
estimate how the changes in climate projected by the GCMs will affect the demand for elec-
tricity. However, changes in weather patterns will certainly not be the only factor that will
affect electricity demand. Even in our regression analysis, the amount of variability in the
historical data of electricity demand that was explained by the estimated temperature func-
tion was smaller than, for example, the variability explained by the annual fixed effect terms.
This suggests the non-observed socioeconomic variables that these annual fixed effects are
meant to represent (such as economic growth, population changes and efficiency gains) have
a larger effect on electricity demand than changes in temperature, as suggested by previous
studies (Ruth and Lin 2006).

Incorporating alternative socioeconomic assumptions in our study would result in eval-
uating their mitigating or compounding effects on the climate-induced impacts. However,
the direction of those effects can be ambiguous. Economic growth is usually related to
increases in electricity consumption. However, it may also result on greater investment on
energy efficiency technologies that could offset demand growth. As illustrated in Fig. 1,
TVA’s electricity demand has decreased in recent years despite positive population and eco-
nomic growth in the region in the same period, which is arguably a result of recent energy
efficiency gains (Holladay and Davis 2016). Additionally, other changes in technology and
infrastructure could affect our estimated hourly fixed effects. For example, the possible
increase in the penetration of plug-in hybrid electric vehicles (PHEVs) could shift electric-
ity demand patterns (Hadley and Tsvetkova 2009) in ways that are not yet clear. Analyzing
such effects could be the subject of future studies.

These modeling limitations not-withstanding, the results in this paper suggest that tem-
perature changes as a result of climate change could, by themselves, affect demand profiles
in important ways. These results suggest that total electricity consumption during the sum-
mer in TVA under climate change could increase by up to 20% by the end of the century,
while overall winter electricity consumption could decrease by up to 6%. Such effects are
significant enough to suggest that power system planner and operators should account for
climate change-induced effects in electricity consumption when making decisions.

4 Conclusion

In this study, we analyzed the impacts of climate change on hourly electricity demand
and how these can affect the dispatch of power plants. We used a linear regression model
capable of representing hourly electricity demand and its non-linear relationship to air tem-
perature. This high-resolution analysis can be important when trying to estimate the social
costs of climate change in the power sector, because it better approximates how the sys-
tem is operated (as opposed to using averaged/aggregated data). We focused our analysis
on a case study of the TVA service area. However, the framework presented in this study
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can be directly applied to other load areas where data are available. As observed previously,
these results are dependent on location-specific parameters, such as electricity consump-
tion behavior (for example, the higher share of electricity usage as a source of energy for
space heating) and the characteristics of the power plant fleet that supplies electricity for
this region. Future work could expand this analysis to other regions of the USA to com-
pare how these regional issues affect our results. Additionally, it could also combine the
effects of climate change with scenarios of changes of other variables that affect electricity
demand, such as economic activity and population growth.

In order to evaluate the system-effects of changes in demand patterns, we use a reduced
form economic dispatch model. Dispatch decisions account for more constraints and vari-
ables than we included in our model (Craig et al. 2018). Furthermore, climate may also
affect the technical operations of power plants, and the hydrological conditions which may
result in new constraints. In future work, we will analyze potential interactions of climate
impacts on different components of the power system using more complex power system
models than the one used in this paper. It is clear from our results, however, that climate
change could have an important effect on the shape of the hourly load curve as well as on the
differences between seasons, and that these effects could have implications for the dispatch
of power plants, which in turn would affect the costs of power supply.
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1 Piecewise linear model

The relationship between hourly electricity demand and air temperature is modeled using a piecewise linear
model. An important aspect of this method is that it preserves continuity at the breakpoints of the estimated
piecewise linear function. Figure 1 shows a simple example of an arbitrary piecewise linear function with
two break points.

x′ x′′
x

y

Figure 1: Example of a piece wise linear function with two break points (x′ and x′′)

Equation 1 shows the expression that we use to model this function. In our case, the parameters β0, δ1,
δ2 and δ3 are estimated using our data. 1x>a represents the indicator function and is defined as being equal
to 1 when x > a and zero otherwise.

y = β0 + δ1 min{x, x′}+ δ2 min{x− x′, x′′ − x′}1x>x′

+ δ3 min{x− x′′}1x>x′′
(1)

We can see this formulation preserves continuity on the break points by analyzing one of the cases. If
x ≤ x′, then we have y1 = β0 + δ1x. On the other hand, if x′ < x < x′′, then y2 = β0 + δ1x

′ + δ2(x− x′) =
(β0 + δ1x

′ − δ2x′) + δ2x.
Now, if we have x → x′−, then y = y1 → β0 + δ1x

′. On the other hand, if x → x′+ then y = y2 →
(β0 + δ1x

′ − δ2x
′) + δ2x

′ = β0 + δ1x
′. Since both limits converge to the same value, we have preserved

continuity at the breakpoint x′.
To estimate the parameters of the piecewise linear function, the air temperature variable T is decomposed

into N different temperature components T c
j (T ), where j ∈ {1, . . . , N} in the same manner as done in

[4]. The process of decomposing the temperature into these components starts by first dividing the range
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of temperature values into N temperature intervals. Let Bk be the bounds of the the intervals where
k = 1, . . . , N − 1. Then each temperature value T is decomposed using the following process:

1. If T > B1, then T c
j (T ) = B1. Otherwise, T c

j (T ) = T and T c
j (T ) = 0 ∀ j = 2, . . . , N and the process

ends.

2. For n = 2, . . . , N − 2, if T > Bn, then T c
j (T ) = Bn − Bn−1. Otherwise, T c

j (T ) = T − Bn−1 and
T c
j (T ) = 0 ∀ j = n+ 1, . . . , N and the process ends.

3. If T > BN−1, then T c
N−1(T ) = BN−1 −BN−2 and T c

N (T ) = T −BN−1

Table 1 presents a simple numerical example of the decomposition of different temperature values.

Table 1: Example of computation of temperature components with bounds Bi = 10 × i i = 1, . . . , 5 (in
arbitrary temperature units)

T T c
1 T c

2 T c
3 T c

4 T c
5 T c

6

2 2 0 0 0 0 0
18 10 8 0 0 0 0
32 10 10 10 2 0 0
47 10 10 10 10 7 0
58 10 10 10 10 10 8
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2 Estimated coefficients of the linear model

Table 2 presents the estimated slopes of the piecewise linear function in each of the chosen temperature bins.
Standard errors are estimated using Newey-West standard errors [5] that account for up to 14 days of serial
correlation in the residuals. We tested several different values for the lag parameter (L) in the Newey-West
estimator. We chose a value of L = 336 hours (14 days) as longer values of L did not change the standard
errors significantly.

Table 2: Estimated slopes of the piecewise linear function

Temperature Bin [◦C] Coefficient Value [MW
◦C ] SE p-value

<= −30◦C 2 0.2 < 0.001
(−30◦C, 0◦C] -596 22.1 < 0.001
(0◦C, 10◦C] -372 11.1 < 0.001
(10◦C, 20◦C] -60 11.3 < 0.001
(20◦C, 30◦C] 537 13.9 < 0.001
> 30◦C 874 39.2 < 0.001

R2 = 0.853
R2

adj = 0.853
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3 Details of the dispatch model

Figure 2 plots the estimated short-run marginal costs of TVA’s individual plants. Following the methods
outlined in previous studies [2, 7], we represent planned maintenance and forced outages in thermal power
plants by using an availability factor as an upper bound of the plant’s generation. This availability factor was
computed as a percentage of nameplate capacity as reported by EPA’s Integrated Planning Model (IPM).
Also, in the case of wind and solar power plants we use capacity factors instead of availability factors, since
the former better represent the constraints these type of power plants face [7]. One difference in our model
is that, for hydroelectric power plants, we impose a restriction that at a specific hour the power plant may
generate up to its available power. However, its total daily energy generated cannot be above its capacity
factor (as reported in the eGRID data base). This flexibility is needed in order to meet peaks of demand
throughout the day in areas that had a significant share of hydroelectric power. Turndown constraints are
represented as a 50% minimum-operation limit for coal steam and nuclear units. These constraints ensure
that these plants – which typically are operated as base load generators – are not cycled.

Figure 2: Estimated short-run marginal cost curve (supply curve) for Tennessee Valley Authority (TVA)

Equation 2 shows the formulation of the linear programming problem. Table 3 presents the variables
used in the formulation and a brief description of each of them.

min
∀ xp,h

∑
h∈H

∑
p∈P

cpxp,h

s.t. ∑
p∈P

xp,h ≥ yh ∀h ∈ H

xp,h ≤ Cp ∀h ∈ H , ∀p ∈ P
xp,h ≥ Gmin

p ∀h ∈ H , ∀p ∈ Pmin∑
h∈H

xp,h ≤ |H| ∗ CFp ∗ Cp ∀p ∈ Phyd

xp,h ≥ 0 ∀h ∈ H , ∀p ∈ P

(2)

The objective function represents the total generation cost over the period H (in this case, a 24-hour day).
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Table 3: Variables used in the definition of the dispatch problem

P Set with all the power plants in TVA
Pmin Set with the power plants in TVA with minimum generation constraints (Pmin ⊂ P)
Phyd Set with all the hydro power plants in TVA (Phyd ⊂ P)
H Period of simulation (24-hour day)
xp,h hourly generation (MWh) in hour h ∈ H of power plant p ∈ P
cp generation cost ($/MWh) of power plant p ∈ P
yh total demand (in MWh) at hour h ∈ H
Cp maximum capacity power plant p ∈ P (in MW)
CFp capacity factor of power plant p ∈ P (in %). Used only for hydro plants.
Gmin

p minimum dispatch value of power plant p ∈ P (in MW)

This total cost is the sum of the hourly costs of each power plant p in the set of all the power plants owned by
TVA (P). The first constraint states that for each hour h, total generation must be greater than the demand
(yh). The second constraint represents the capacity upper bound: in each hour, generation of each power
plant (xp,h) must be smaller than its capacity (Cp). The third constraint applies to thermal generators that
have turn-down restrictions such as coal plants. To emulate these restrictions, we use lower bound on their
dispatch (Gmin

p ). The fourth constraint is an energy restriction that applies to hydro generators. Generators
of this type cannot generate more than their average capacity factor (CFp) over the periodH. This constraint
assures that the simulated dispatch of hydro generators will not be unrealistically large. Finally, the fifth
constraint is the non negativity constraint, to ensure that the solution will not have negative generation
values.

Validating the results of the dispatch simulations can be difficult task as the dispatch model does not
include many factors that affect real-time power plant dispatch. For example, system operators have to
consider real world constraints such as transmission limits and ramping constraints in thermal power plants.
The constraints on the operation of dams would also affect the amount of hydro generation available. For the
purpose of this paper, the objective was to make a comparison between the results in a baseline (or present)
scenario without the effects of climate change, and a scenario with the estimated effects of climate change.
Using the same model formulation and basic assumptions ensures that the biases that result from the model
specification are constant in all the simulations. The relevant results relate to the comparison between the
scenarios and the implications of such differences.
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4 List of General Climate Models (GCM)

The section presents details of the different General Climate Models (GCM) used in this study. Table 4
shows twenty different models used in our study. We obtained the output of GCMs from the Coupled Model
Intercomparison Project 5 [6], spatially downscaled using the Multivariate Adaptive Constructed Analogs
(MACA) method [1]. In addition, these projections were also disaggregated to hourly values using the
Mountain Microclimate Simulation Model (MTCLIM) [3].

Table 4: List of GCMs used in this study

Modeling Center Model Institution

BCC
BCC-CSM1.1
BCC-CSM1.1(m)

Beijing Climate Center, China Meteorological Administration

CCCma CanESM2 Canadian Centre for Climate Modelling and Analysis

CNRM-CERFACS CNRM-CM5
Centre National de Recherches Meteorologiques / Centre Europeen de
Recherche et Formation Avancees en Calcul Scientifique

CSIRO-QCCCE CSIRO-Mk3.6.0
Commonwealth Scientific and Industrial Research Organisation in collabora-
tion with the Queensland Climate Change Centre of Excellence

GCESS BNU-ESM College of Global Change and Earth System Science, Beijing Normal University

INM INM-CM4 Institute for Numerical Mathematics

IPSL
IPSL-CM5A-LR
IPSL-CM5A-MR
IPSL-CM5B-LR

Institut Pierre-Simon Laplace

MIROC MIROC5
Atmosphere and Ocean Research Institute (The University of Tokyo), National
Institute for Environmental Studies, and Japan Agency for Marine-Earth Sci-
ence and Technology

MIROC
MIROC-ESM
MIROC-ESM-
CHEM

Japan Agency for Marine-Earth Science and Technology, Atmosphere and
Ocean Research Institute (The University of Tokyo), and National Institute
for Environmental Studies

MRI MRI-CGCM3 Meteorological Research Institute

NCAR CCSM4 National Center for Atmospheric Research

NCC NorESM1-M Norwegian Climate Centre

NOAA GFDL
GFDL-ESM2G
GFDL-ESM2M

Geophysical Fluid Dynamics Laboratory

MOHC (additional
realizations by
INPE)

HadGEM2-ES365
HadGEM2-CC365

Met Office Hadley Centre (additional HadGEM2-ES realizations contributed
by Instituto Nacional de Pesquisas Espaciais)

The following plots show the average seasonal air temperature simulated by each climate model in each
period used in our study. They show how different models differ on their predictions of air temperature on
our study region. We can see that in the summer there are a couple of models that consistently predict
higher air temperatures than the rest of the climate models.
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Figure 3: Average seasonal air temperature simulated by each climate model in the period 2055-2065
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Figure 4: Average seasonal air temperature simulated by each climate model in the period 2089-2099
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