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Abstract 
Modeling studies predict that droughts and hotter water and air temperatures caused by 

climate warming will reduce the efficiency (!) of thermoelectric plants by 0.12-0.45% for each 

1°C of warming. In Chapter 2, we evaluate these predictions using historical performance data for 

39 open- and closed-loop, coal and natural gas plants from across the U.S., which operated under 

daily and seasonal temperature fluctuations multiples greater than future average warming 

projections. Seven to fourteen years of hourly water ("#), dry-bulb air ("$) and wet-bulb air ("#%) 

temperature recordings collected near each plant are regressed against efficiency to attain 

estimates of ∆! per 1°C increase. We find reductions in ! with increased "# (for open-loop 

plants) up to an order of magnitude less than previous estimates. We also find that changes in ! 

associated with changes in "$ (open-loop plants) or "#% (closed-loop plants) are not only smaller 

than previous estimates but also variable, i.e. ! rises with "$ or "#% for some plants and falls for 

others. Our findings suggest that thermoelectric plants, particularly closed-loop plants, should be 

more resilient to climate warming than previously expected. Moreover, our results raise questions 

regarding the relative impacts of climate change-induced drops in water availability versus 

increases in ambient temperatures on the ability of thermoelectric power plants to generate power. 

In Chapter 3, we explore and compare the effects of decreased water availability and 

increased water temperature on once-through power plants, which are expected to suffer more of 

the impacts of climate change than recirculating plants. Currently, little is known about which of 

the constraints, water temperature or availability, has a greater impact on power generation, and 

how these impacts and trends may vary with plant age, nameplate capacity, fuel type, generator 

technology, and location. We apply seven years of historical data from 20 once-through coal and 

natural gas plants into a thermoelectric power generation model to simulate how changes in 
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various external parameters (water temperature, temperature regulations, and water availability) 

can affect the usable capacity of these plants. We find that depending on the plant, streamflow 

can contribute to 0 − 35% of the capacity reduction, while temperature can contribute 0 − 17% 

and regulations 48 − 100%. We also observe that power plants located on smaller water bodies 

(i.e., < 3000 m3/s in this study) are more likely to be severely impacted in future climate extreme 

events than plants located in other areas, regardless of power plant technology. 

The fourth and final chapter of this dissertation diverges from the previous chapters and 

examines the processes that influence the evolution of fluvio-deltaic systems at passive 

continental margins. Depositional and erosional patterns that were previously believed to be 

entirely produced by externally-derived (allogenic) processes are now being recognized as 

patterns that can develop from autogenic interactions (e.g., channel avulsion and delta lobe 

switching). In this work, we are interested in understanding how traditional, allogenically-based 

interpretations of these systems change when we incorporate the impacts of autogenic processes. 

We introduce a novel first-order numerical basin-filling model to address this question. This 

model differs from previous work in that external inputs (i.e., subsidence rate, base level change, 

sediment supply) as well as streamwise and cross-stream transport coefficients can be adjusted to 

simulate basins that are dominated by allogenic processes (i.e., subsidence, eustasy, and sediment 

supply), laterally-moving autogenic processes, or a combination of both. Because of this, the 

model can be used to track how autogenic and allogenic processes interact to impact the evolution 

of fluvio-deltaic systems as more and more autogenic forcing is introduced. Our ability to 

identify, separate, and understand the geomorphic and stratigraphic signals of internally-derived 

processes from those of external controls is critical for better understanding shelf development.   
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1. Introduction 

1.1 Dissertation Structure 

 This dissertation is comprised of two distinct components: one that examines the impacts 

of climate variability on coal- and natural gas-fired power plants (Chapters 2 and 3) and another 

that introduces a new diffusive transport model that can be used to explore the evolution of 

fluvio-deltaic systems (Chapter 4). The first component makes up the bulk of my dissertation and 

is the title of this work. The second became part of my research because I wanted to take the 

opportunity to work on a project with a geology focus, as I received my undergraduate degree in 

Earth Science. The only tie between the two is that they fall under the broader umbrella of energy 

research. While the first project helps illuminate some of the possible issues that the power sector 

will face with increased climate variability in the future, the second project develops 

methodologies that ultimately allow us to better understand the stratal patterns associated with 

different petroleum plays. 

In addition, I include in Appendix B a Response article that we published in 

Environmental Science & Technology. This is a response to a Comment by Yearsley et al. (2017) 

addressing our published work in Chapter 2. I include this article here because it helps convey 

how this research project evolved. 

1.2 Chapters 2 & 3 

1.2.1 Background and Motivation 

In 2016, thermoelectric power plants generated 85% of the electricity consumed in the 

United States (EIA Form 860). While this percent is decreasing with the introduction of 

renewables, many base load and load following generators in the U.S. are still being constructed 
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with combined cycle or steam turbine technologies that rely heavily on river and lake water for 

cooling. As of 2016, 67 GW of production has been proposed from the development of 

conventional coal-fired steam, natural gas combined cycle, natural gas steam, and nuclear 

generation units (EIA Form 860). In Europe, 65% of the electricity produced in 2015 came from 

fossil fuels or nuclear, while in China and India, 76% and 83% did so respectively (with no 

distinction between thermoelectric and non-thermoelectric generation). It is evident, therefore, 

that climate change-related variations in river and lake water, as well as in ambient air, will play a 

significant role in the future of power generation across the world. 

The generation capacity of thermoelectric power plants can be impacted by ambient 

environmental conditions in several ways. The first is through changes in regional hydrologic 

cycles that cause river discharge and lake levels to fall, thereby reducing the quantity of water 

available for power plants to use for cooling (Feeley et al. 2008; NETL 2005; Poch et al. 2009; 

Elcock and Kuiper 2010; Rübbelke and Vögele 2010; Macknick et al. 2012; Strzepek et al. 2012). 

A second is through increasing the temperature of inlet cooling water, which increases the 

condensing temperature and saturated pressure of the steam coming from the turbine, creates a 

smaller temperature gradient between the inlet and outlet steam in the condenser, and then causes 

a reduction in the generation efficiency (Durmayaz and Sogut 2006; Hamanaka et al. 2009; 

Rousseau 2013; Ibrahim et al. 2014; Huston 1975). A third is from regulatory limits on the 

maximum temperature of cooling water discharge from once-through plants, where plants may be 

forced to curtail generation if they cannot abide by the regulations because inlet temperatures 

were already sufficiently warm (Koch and Vögele 2009; van Vliet et al. 2012; Miara and 

Vörösmarty 2013; Bartos and Chester 2015; Liu et al. 2017). The final way in which climate 

change can impact thermoelectric power plants is through increased ambient air temperatures that 
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could impact the incoming air used for combustion in the boiler and natural gas combustor. 

Warmer ambient temperature could increase boiler and combustor efficiency because it yields 

moderately preheated air, or it could decrease combustor efficiency in combined-cycle plants 

because it is less dense (Jabboury and Darwish 1990; Ponce Arrieta and Silva Lora 2005; De Sa 

and Zubaidy 2011). 

Previous work has focused on one or a combination of these four impacts. Most have 

used either fully-thermodynamic or integrated hydrologic and thermodynamic models to address 

these issues (Durmayaz and Sogut 2006; Hamanaka et al. 2009; Jabboury and Darwish 1990; 

Ponce Arrieta and Silva Lora 2005; De Sa and Zubaidy 2011; Koch and Vögele 2009; van Vliet 

et al. 2012; Miara and Vörösmarty 2013; Bartos and Chester 2015; Liu et al. 2017). Few studies 

have applied empirical analysis of historical data to better understand how power plants operated 

in past extreme climate events mostly due to the lack of accessible data. However, recognizing 

how power plants responded to past warming and drought events can help us better predict how 

plants will be affected in the future. Moreover, it can help us validate existing models and fill in 

any gaps in our assumptions regarding how thermoelectric power plants respond to changes in 

ambient conditions. 

1.2.2 Research Questions 

The goal of this component of the dissertation is to investigate and illuminate the 

magnitude and variability of various climate impacts on coal- and natural gas-fired power plants. 

Specifically, I aim to address the following questions: 

1. How have power plants historically responded to changes in environmental variables 

in terms of the change in generation efficiency, !, due to changes in air temperature, 

"$, and water temperature, "#? The magnitudes of past daily and seasonal changes in 
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temperature often exceed the projected changes in average temperatures due to 

climate change, so historical analysis should provide a good measure of how the 

efficiency of thermoelectric power plants will be affected by future average warming. 

2. How do empirically-based results compare with those from model-based studies? If 

the results differ, what are possible explanations for the discrepancies? 

3. Can we apply what we learn from the analysis of historical data to help mitigate 

climate impacts on power generation in the future? 

4. Will the impacts on thermoelectric power generation from decreased water 

availability or increased water and air temperatures be greater? 

I present a newly compiled database of historical plant-level and environmental data from 

coal and natural gas open- and closed-loop plants located across the U.S. Using this data, I am 

able conduct a first of its kind analysis to evaluate how power plant operators historically 

responded to large, short-term fluctuations in ambient air and water temperatures to ensure that 

electric demand was met. These results can then be used to explore how climate impacts may be 

alleviated in the future, as well as whether mitigation efforts should be focused on the 

temperature or drought component. 

1.2.3 Chapter 2 Synopsis 

We first present the aforementioned database and describe the data source, history, 

quality, and collection method. Then, we statistically analyze the data through generalized least 

squares regression for 39 coal- and natural gas-fired power plants across the eastern U.S. in order 

to quantify the percent change in generation efficiency due to 1 ℃ increase in air (for open-loop 

plants) or wet-bulb temperature (for closed-loop plants) and water temperature. We find 

reductions in efficiency with increased water temperature (for open-loop plants) up to an order of 
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magnitude less than previous estimates. We also find that changes in efficiency associated with 

changes in air temperature or wet-bulb temperature are not only smaller than previous estimates 

but also variable. This suggests that that thermoelectric plants, particularly closed-loop plants, 

should be more resilient to climate warming than projected by existing model-based studies (van 

Vliet et al. 2012; Bartos and Chester 2015). Our results also raise the question of whether drought 

impacts, which we did not include in the study, are more detrimental to power generation than 

temperature impacts. Addressing this question is important because it can help power plant 

owners and operators assess where climate mitigation efforts should be focused in order to 

maintain generation capacity in the future. 

1.2.4 Chapter 3 Synopsis 

Our goal in Chapter 3 is to explore whether ambient temperature or water availability has 

a greater impact on thermoelectric power generation, as well as how these impacts and trends 

may vary with plant age, nameplate capacity, fuel type, generator technology, and location. In 

this work, we focus on once-through power plants because we find in Chapter 2 that the impacts 

of air temperature on closed-loop plants are trivial. Using historical meteorological and power 

plant data alongside a widely-applied thermoelectric power generation model (Koch and Vögele 

2009; van Vliet et al. 2012; Bartos and Chester 2015; Liu et al. 2017), we calculate the expected 

change in usable capacity for the 20 once-through plants presented in Chapter 2 for various 

scenarios of increased water temperature and/or decreased water availability alongside different 

degrees of regulatory stringency. Because we use historical hourly power plant data, we can 

incorporate plant operations and optimizations into our estimates where previous studies that used 

this model could not. Comparisons between these scenarios allow us to isolate the impact of 

water temperature from that of water availability. We find that temperature impacts on generation 
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are low if temperature regulations are not enforced or if provisional variances that temporarily 

relieve power plants from permit requirements are granted, as projected in Chapter 2. Meanwhile, 

we predict the impacts of decreased water quantity to be more damaging for power production, 

which partially explains the large discrepancy between our results in Chapter 2 and those from 

existing model-based studies (van Vliet et al. 2012; Bartos and Chester 2015). Through further 

exploring these discrepancies, we can better recognize how climate variability impacted plants in 

the past, how plants managed these impacts, and how operations can be optimized in future 

extreme weather events. 

1.3 Chapter 4 

1.3.1 Background and Motivation 

In the late 1970s, geoscientists from Exxon introduced the concept of sequence 

stratigraphy to study the reflection responses from seismic surveys collected for petroleum 

exploration. Sequence stratigraphy allows for the interpretation of subsurface reservoir conditions 

and depositional facies by providing a model that illustrates the stratal architecture that would 

result from one cycle of falling and rising eustatic sea level. This framework is grounded in the 

idea that accommodation, the space available for potential sediment accumulation, is created by 

large-scale changes in eustatic sea level, tectonics, and the rate of sediment influx and 

accumulation (Wheeler 1958; Mitchum 1977; Vail et al. 1977; Jervey 1988; Posamentier et al. 

1992). As such, by interpreting the current depositional patterns and sequence architecture, one 

can work backwards to reveal past accommodation changes in the geological basin and thereby 

reconstruct past sea level, tectonics, and sedimentation rates. This method is widely applied to 

seismic reflection data and outcrops by researchers today for understanding past depositional 

environments. For petroleum exploration, the identification of distinct sequences and sequence 
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boundaries through the application of sequence stratigraphy to seismic data, cores, and wire logs 

allows for the prediction of facies geometry and facies-related porosity and permeability 

anisotropy. This, in turn, allows for the prediction of reservoir, hydrocarbon source, and seal 

rocks within a basin (Taylor and Gawthorpe 1993). 

In this conventional sequence stratigraphic framework, “self-organized” (autogenic) 

processes that occur in fluvio-deltaic settings (e.g., channel avulsion and lateral migration) are 

considered to be small-scale processes that only produce high frequency signals superimposed 

onto larger-scale externally-derived (allogenic) signals (e.g., sea level and tectonics). However, 

more recent research based on 3-D numerical models and physical experiments have shown that 

autogenic processes can in fact occur on sufficiently large time- and length-scales to interact with 

and modify allogenic signals within the sedimentary record (Jerolmack and Paola 2010; Powell et 

al. 2012; Kim et al. 2014; Muto et al. 2016). As such, the traditional sequence stratigraphic model 

and our understanding of how allogenic processes control fluvio-deltaic systems are now being 

reconsidered by researchers studying the evolution of these depositional environments (Burgess 

et al. 2016; Hampson 2016; Madof et al. 2016; Muto et al. 2016; Ridente 2016). In this work, we 

are interested in identifying how the geomorphic and stratal patterns from traditional 

representations of allogenic controls can be translated or related to the 3-D autogenic models that 

include the complexities of autogenic processes. Particularly, we are interested in exploring 

whether there is a systematic transition from allogenically- to autogenically-dominated systems. 

The ability to disentangle and interpret autogenic and allogenic signals in outcrops and seismic 

data is important because it allows us to better understand the basin’s history. In addition, it 

allows us to more accurately interpret stratal stacking patterns and sediment dispersal patterns 

within basins that are associated with different petroleum plays. 
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1.3.2 Research Questions 

The aim of this work is to explore the impacts of vertical and streamwise accommodation 

change relative to those of cross-stream self-organized processes on fluvio-deltaic systems. The 

questions that I am interested in addressing are: 

1. How do we reconcile the sedimentation patterns and basin-filling processes that are 

observed in two-dimensional (allogenic) models from those in 3-D experiments that 

incorporate autogenic complexities? 

2. Are there patterns that appear systematically throughout the evolution of fluvio-

deltaic systems that represent specific autogenic or allogenic processes, or autogenic-

allogenic interaction? 

3. Can we relate these basin-filling processes to the timing of base level change or other 

large-scale process in order to nondimensionalize the variables and scale our model 

to geological time- and length-scales? 

1.3.3 Chapter 4 Synopsis 

In the final chapter of this dissertation, we introduce a novel first-order numerical basin-

filling model that can be used to explore the questions posed above. This model can help us 

understand how sedimentation varies as we move from an allogenically-dominated environment 

(similar to traditional sequence stratigraphic models that are typically represented in 2-D) to an 

autogenically-dominated one (like the 3-D physical and numerical experiments). Deposition and 

erosion are controlled in the model by streamwise and cross-stream transport coefficients, which 

can also respond to changes in subsidence, base level, and sediment supply. By varying the 

transport coefficients, the model can reproduce fluvial strata that is dominated by cross-stream 

processes (avulsion and lateral channel migration) or by vertical and streamwise processes 
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(changes in accommodation). In this work, we begin with an allogenically-dominated basin and 

slowly introduce autogenic variability, which allows us to more systematically study how 

autogenic and allogenic controls interact to effect the evolution of fluvio-deltaic systems. By 

identifying depositional, erosional, or other morphodynamic patterns that are characteristic of 

basins with different levels of autogenic influence, we can begin to look for similar patterns in 

real-world geological settings to shed light on the basin’s autogenic history. Eventually, our 

understanding of the geomorphology of different basin environments will help researchers to 

revise the sequence stratigraphic framework to incorporate autogenic processes as potential 

controls on stratal architecture.  
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2. The effects of environmental temperature change on the 
efficiency of coal- and natural gas-fired power plants 
 This chapter was published in Environmental Science and Technology in 2016 

and is reprinted with permission. The document is available at DOI: 

10.1021/acs.est.6b01503. 

2.1 Introduction 

Over 88% of the electricity consumed in the U.S. is produced by thermoelectric power 

plants (EIA 2015). The generation capacity of these plants could be reduced by future climate 

warming in at least four ways. One is through changes in regional hydrologic cycles that shrink 

currently available water supplies used in power plant cooling (Feeley et al. 2008; NETL 2005; 

Poch et al. 2009; Elcock and Kuiper 2010; Rübbelke and Vögele 2010; Macknick et al. 2012; 

Strzepek et al. 2012). Another affects the cooling system by increasing coolant temperatures and 

thus lowering power plant efficiency (100	× Plant Energy Output (MWh)/Heat Input (MMBtu) × 

3.412 MMBtu/MWh; Durmayaz and Sogut 2006; Hamanaka et al. 2009; Rousseau 2013; Ibrahim 

et al. 2014; Huston 1975). In this second case, efficiency reductions can occur in thermoelectric 

plants with once-through (open-loop) cooling systems because hotter waters remove less heat 

from the plants’ steam cycle when pumped through the condensers (Figure 1A&C). In plants with 

wet-recirculating (closed-loop) systems, elevated ambient air temperature and/or humidity 

(characterized together by wet-bulb temperature, the lowest temperature that can be reached by 

evaporation) can reduce condensation in cooling towers and thus the system’s cooling capacity 

(Figure 1A&D; Huston 1975). A third potential loss is from federal and state regulatory limits on 

the temperature of water discharged from once-through plants, which could force plants to curtail 

generation if the temperatures of the water bodies tapped for cooling increase too much (Koch 
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and Vögele 2009; van Vliet et al. 2012; Bartos and Chester 2015). Lastly, increased ambient air 

temperatures could decrease the gas turbine output of combined-cycle plants due to less dense 

turbine inlet air (Figure 1B; Jabboury and Darwish 1990; Ponce Arrieta and Silva Lora 2005; De 

Sa and Zubaidy 2011).  

Figure 1. Power plant schematics of the simple steam Rankine cycle (A), the combined Rankine 
and Brayton cycles (B), the once-through cooling system (C), and the recirculating cooling 
system (D). Blue arrows indicate cold fluid flow and red hot/warm fluid flow. Either type of 
steam cycle can have either type of cooling system. 

These potential warming impacts on plant performance have been estimated in several 

ways. One is by applying condenser heat balance equations to model heat removal from the steam 

cycle of open-loop plants given condenser inlet and outlet water temperatures, cooling water flow 

rate, and the heat capacity of water (e.g. Q = mcDT; Figure 1A&C) to calculate efficiency change 

per degree increase in water temperature (%/°C). This approach has been used to assess: the 
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efficiency of a theoretical pressurized-water reactor (PWR) nuclear plant in a temperate 

environment (Durmayaz and Sogut 2006); a proposed PWR nuclear plant to be located in the type 

of hot, arid environment that might expand under future climate warming (Ibrahim et al. 2014); 

and an actual PWR nuclear plant subject to an assumed regulatory water discharge limit of 35°C 

(Table 1; Hamanaka et al. 2009). The last study, along with another that applied the same method 

to a generic 350 MW coal-fired plant (Lakovic et al. 2010), also accounted for the fact that water 

flow rate is changed in actual operations in order to steady the condensing temperature and thus 

plant efficiency. 

Similar heat-transfer and fluid flow equations have been used to estimate changes in the 

efficiency of natural gas combined-cycle plants due to the lower density of warm air entering the 

turbine compressor (Figure 1B). De Sa and Zubaidy (2011), Jabboury and Darwish (1990), and 

Ponce Arrieta and Lora (2005) all concluded that warmer dry-bulb air temperatures reduce the 

efficiency of such plants (Table 1). Note that this efficiency loss applies only to the gas turbine 

cycle in combined-cycle plants (Figure 1B) and not the steam cycle (Figure 1A). 

A third approach has been to use KaSIM, a semi-empirical model that simulates power 

plant water demand using thermodynamic relationships and plant-specific design parameters from 

a 1983 power plant database (Koch and Vögele 2009). Rübbelke and Vögele (2010) and Koch 

and Vögele (2009) used this method to estimate the volume of cooling water demand – and their 

associated costs – for plants across Europe due to increased future water temperatures. Van Vliet 

et al. (2012) modified KaSIM to account for environmental (e.g. river discharge and temperature) 

and regulatory (maximum allowed discharge temperature) variables in modeling power plant 

water demand and usable capacity. The authors then input future hydrological conditions into the 

model where mean summer water temperatures are estimated to increase 0.7-0.9º C by 2040. 
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KaSIM predicted that such warming would produce an overall decrease in summer average 

usable capacity of 4.4-16% in the eastern U.S. depending on the cooling type (Table 1). In a 

follow-up study that applied a similar approach and scenario for the western U.S., KaSIM 

predicted that thermoelectric plants in this region would suffer similarly significant capacity 

reductions by mid-century (2040-2060; Table 1; Bartos and Chester 2015). 

Regression modeling can also be used to estimate the temperature impacts of climate 

change on power plant performance, specifically, regressing plant-performance data over daily 

and seasonal changes against water and air (dry- and wet-bulb) temperatures. The magnitudes of 

these shorter-term changes in temperature often exceed the projected changes in average 

temperatures due to climate change and so should provide a good measure of how the efficiency 

of thermoelectric power plants will be affected by future average warming (IPCC 2013; NOAA 

2015). However, we are aware of only two such regression analyses, both of which are 

unpublished Masters’ theses and lacked high-resolution data (Rousseau 2013; Colman 2013). 

Here, we build on previous work by presenting a newly compiled database of historical 

plant-level and environmental data from coal and natural gas open- and closed-loop plants located 

across the U.S. We then use regression analysis to quantify the air and water temperature impacts 

on plant efficiency. 
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Table 1. A summary of results from previous studies that have examined the impacts of 
temperature (dry-bulb air and water) on thermoelectric performance. Note that while most 
sources give results in terms of efficiency, van Vliet et al (2012) and Bartos and Chester (2015) 
show change in electric output. 

Source Method/Model 
Cooling 

Type Fuel Type Results 
Temperature 

Range 

Durmayaz and 
Sogut (2006) Thermodynamic  Open Nuclear 

Linear efficiency decrease of 
0.12% per 1°C 

10-30° C 
(Water) 

Ibrahim et al 
(2014) Thermodynamic  Open Nuclear 

Linear efficiency decrease of 
0.15% per 1°C 

15-30° C 
(Water) 

Hamanaka et al 
(2009) Thermodynamic  Open Nuclear 

Nonlinear efficiency decrease 
with mean of 0.45% per 1°C 

15-32° C 
(Water) 

Laković et al 
(2010) Thermodynamic  Open Not specified 

Nonlinear efficiency decrease 
with mean of 0.2% per 1°C 

8-29° C 
(Water) 

Van Vliet et al 
(2012) KaSIM Both 

Nuclear, 
Coal, 

Natural Gas 

a) Average regional capacity 
decrease of 12-16% (OT) 
b) Average regional capacity 
decrease of 4.4-5.9% (RC) 

0.7-0.9º C 
above 
summer 
mean (Water) 

Bartos and 
Chester (2015) KaSIM Both 

Nuclear, 
Coal, 

Natural Gas 
Average regional capacity 
decrease of 1.6-3% (OT, RC) 

0.7-0.9º C 
above 
summer 
mean (Water) 

De Sa and 
Zubaidy (2011) Thermodynamic N/A Natural Gas 

Linear efficiency decrease of 
0.1% per 1°C 15-47°C (Air) 

Jabboury and 
Darwish (1990) Thermodynamic N/A Natural Gas 

Linear efficiency decrease of 
0.1% per 1°C -20-60°C (Air) 

 

2.2 Methods 

2.2.1 Power Plant and Environmental Data 

We studied 39 power plants located across the continental United States (Figure 2): 20 

once-through plants of which 16 were coal steam, two natural gas steam, and two natural gas 

combined-cycle; and 19 recirculating plants of which 13 were coal steam, one natural gas steam, 

and five natural gas combined-cycle (U.S. EPA 2015). Data on each plant’s cooling technology 

was retrieved from the 2013 version of form EIA-860 from the U.S. Energy Information 

Administration (EIA) database (EIA Form 860). Plant locations were plotted using ArcGIS 
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version 10.2 and selected based on proximity to United States Geological Survey (USGS) river 

gauge sites (USGS NWIS) such that gauges were ≤30 miles upstream on the water bodies from 

which each plant draws cooling water (listed in EIA Form 860). Surface temperature and 

humidity measurements were obtained from the National Climatic Data Center (NCDC; NOAA 

2015). We chose the closest NCDC station to each plant, <75 miles away. Plant-level data of 

hourly heat input and electricity generation were obtained from the Environmental Protection 

Agency’s (EPA) Air Markets Program Data (AMPD; U.S. EPA AMPD). The 39 plants that we 

focus on constitute the relatively small number of sites with data for all parameters necessary in 

our analysis, i.e., heat input, electricity output, water and air temperatures, and humidity. 

Figure 2. The locations of the 39 plants assessed in this study. Blue symbols mark coal plants and 
red marks natural gas plants. Circles show once-through plants and pentagons show recirculating 
plants. The nameplate capacity (<500-3000 MW) is indicated by the size of the symbols. 
Basemap source: Esri (www.esri.com) 
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The AMPD database was established in 1993 as part of the EPA’s Acid Rain Program 

(ARP), where fossil fuel-burning electric generating units were required to continuously monitor 

and report mass emissions (U.S. EPA 2009). Continuous monitoring was necessary because 

emissions cap and trade was an important component of the ARP, and this required accurate 

recordings of emissions over periods of time. Heat input was included as a way to verify 

emissions recordings, and hourly rate of electric output for apportioning emissions to specific 

generating units (U.S. EPA 2009; U.S. EPA 2014a). Currently, hourly heat input recordings for 

each plant are derived from metered fuel characteristics and either stack gas flow rate (for coal 

plants) or fuel flow rate (for natural gas plants; U.S. EPA 2009). Plants are required to use 

certified flowmeters and to conduct hourly to monthly (depending on fuel type) sampling of fuel 

characteristics, e.g. gross calorific value and density, for use in the hourly heat input calculations 

(U.S. EPA 2009). (This minimizes heat input-related discrepancies between plants in our analysis 

caused by differences in the energy content of fuels.) The heat input and electric output data are 

submitted via the Emissions Collection and Monitoring Plan System (ECMPS) Client Tool, 

which checks and recalculates reported values to ensure they remain within acceptable tolerances 

(U.S. EPA 2009; U.S. EPA 2014a; Vollaro 2016; ECMPS). 

Water quality measurements at USGS sites are collected at varying frequencies 

depending on the gauge, but in this study, we focused on plants with nearby surface gauges that 

collected at the hourly timescale. These historical records are post-processed as required by 

USGS regulations (Shampine et al. 1992). The NCDC’s air temperature and humidity data also 

have hourly resolution. In instances where finer-resolution data were collected (e.g. 15-minute 

timescales), we took the average for that hour. These data are quality checked per National 

Oceanic and Atmospheric Administration (NOAA) standards (NOAA 2009). 
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For recirculating plants, our data extends from January 2000 to December 2014. For 

once-through plants, however, the records are reduced to October 2007 to December 2014 due to 

limited USGS data. Hourly records with missing data for any variable were omitted from our 

analysis. In addition, plant data were filtered to remove hours either when capacity factor was 

below 20%, the lower end of the minimum load at which a plant can reliably operate, or when 

change in capacity factor exceeded +/-50%, as two hours is the fastest possible ramp rate for a 

base load plant to reach full capacity (Truby 2014; Kumar et al. 2012). This removes the hourly 

records when plants are ramping up from or down to zero generation, i.e. being turned on/off, the 

times when plant efficiency is more affected by operational processes than by environmental 

temperatures. Our filtering removed ≤12% of the 50,000 to 220,000 data points for each plant 

(which varied depending on the number of generators in a plant and whether it is once-through or 

recirculating). 

Note that data from the AMPD is given separately for each generator within a plant, as 

plants typically have several generator units. If a plant has more than one fuel or cooling 

technology, then only the units using the plant’s dominant technology were modeled. We did this 

because alternative units are typically used as back-up or peaking generators, so they represent 

only a small and intermittent fraction of the plant’s total electrical output and are not good gauges 

of how efficiency is affected by temperature. Of our 39 plants, 14 use both coal and natural gas, 

and one uses both open- and closed-loop systems. Also note that we have only one peaking plant 

in our analysis, i.e., plants called to run only during times of maximum electricity demand. We 

determined this using the EPA’s metric where a peaking unit is defined as one that has an annual 

capacity factor of 20% or less over the course of one year and an average annual capacity factor 

of 10% or less over three years (U.S. EPA 2009). We focus on non-peaking and base load plants 
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(i.e., those that run 24/7) because these are the plants that will be most exposed to and affected by 

daily to seasonal variations in environmental temperatures. 

2.2.2 Generalized Least Squares Regression 

Using a generalized least squares model (GLS), we tested the hypothesis that changes in 

hourly efficiency can be attributed to hourly plant capacity factor @A (in %), ramp rate ∆@A (in %), 

and either water temperature "# (°C) and dry-bulb air temperature "$ (°C) for once-through 

plants, or simply wet-bulb air temperature "#% (°C) for recirculating plants. We used GLS 

because, while similar to ordinary least squares (OLS), GLS can account for potential 

autocorrelation in the residual, which is common in time series data (Fox and Weisberg 2010). To 

calculate efficiency (!) at each hour, we used the AMPD’s hourly electricity generation, E 

(MWh), and heat input, F (MMBtu), where, 

 ! = B	(CDE)
F(CCGHI)

∗ K.MNO	CCGHI
CDE

 [2.1] 

Capacity factor, which is calculated from and represents electricity output, changes on a 

daily to sub-hourly basis as dictated by the electric grid operator. In order for a plant to achieve 

this mandated output or capacity factor, its heat input, which is related to efficiency, must be 

adjusted. Thus, capacity factor and efficiency are closely related (Drbal et al. 1996). Ramp rate 

(or change in capacity factor) was also included because it represents the speed at which plants 

are able to increase or decrease output. Design or machine limitations on the maximum ramp rate 

can affect how much heat input is required to meet electricity demand. For once-through plants, 

water temperature was included because cooling water can affect the efficiency of the cooling 

system, and air temperature for potential impacts from ambient air drawn into the boiler. Note 

that dry-bulb air temperature was used instead of wet-bulb because research suggests that the 
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effect of humidity on boiler efficiency is minimal (Rayaprolu 2009). For recirculating plants, the 

temperature of the coolant is determined principally by the cooling tower, whose performance is a 

function of both humidity and dry-bulb air temperature (Huston 1975). As such, we used "#% for 

recirculating plants. In this study, "#% was calculated using an empirical equation (Stull 2011), 

which accounts for variations in "$ and relative humidity but requires constant sea-level pressure 

(101.325 kPa). While not all of our plants are located at sea level, when we calculated "#% at the 

correct altitudes using a psychometric table, the results were within <0.1º C of those predicted by 

the empirical equation (Stull 2011). Also, the boiler of recirculating plants may be affected by 

"#%, but we were unable to distinguish between the effects of "$ and "#% since the latter was 

calculated from the former. Thus, "#% embodies both impacts on the cooling system and the 

boiler. 

We did not include interaction terms because we could not determine any technical basis 

for why any two or more of the explanatory variables should have extra, non-additive effects on 

efficiency. However, we did test for autocorrelation in the residuals by conducting a first-run 

OLS regression and then plotting the autocorrelation and partial autocorrelation functions of the 

residuals per the Box-Jenkins method (Fox and Weisberg 2010; Levich and Rizzo 1999). Results 

revealed an autoregressive process of order 24, e.g. AR(24), which we confirmed was the best 

model using Akaike’s Information Criterion (AIC) and then accounted for in our regression 

(Figure 3). We also assessed our residuals using the Ljung-Box test, which indicated independent 

model errors (Table 2; Fox and Weisberg 2010; Levich and Rizzo 1999; Ljung and Box 1978).  
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Figure 3. The autocorrelation function (ACF) and partial autocorrelation function (PACF) plots 
for the model residuals of representative plant EIA593 after including an AR(24) error term. Most 
peaks in both figures are below the 95% confidence level (dotted lines), indicating that no 
significant autocorrelation lags remain in our model. 

 
Table 2. The Ljung-Box Test for autocorrelation for the representative once-through plant 
EIA593. 

Box-Ljung Test (H0: Model errors are independent) 

Data: Model Residuals 

X-squared = 0.1896 df = 1 p-value = 0.6633 

 

A priori analyses of the data showed that efficiency is nonlinearly related to the capacity 

factor, so an exponential relationship was included for @A. The exponential value for each power 

plant was estimated using nonlinear regression prior to inclusion in the GLS model. All other 

independent variables were found to have linear relationships with efficiency, including water 
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temperature. We tested "# and "$ for collinearity in open-loop plants using the variance inflation 

factor (VIF) and found that for both variables in all equations, VIF ≤ 6, which is lower than the 

threshold rule-of-thumb (VIF > 10; Kutner et al. 2005; Kroll and Song 2013). This is expected 

because, while air and water temperatures might be closely correlated on the daily or monthly 

scale, hourly air temperature fluctuations are much greater than hourly water temperature 

fluctuations (Figure 4). 

Figure 4. The hourly water temperature versus air temperature for plant EIA593 over the course 
of a randomly selected 50 hours. The figure shows that the two variables are not highly correlated 
at the hourly resolution. 

The resulting regression for the hourly efficiency of each once-through plant, !PQRS, was 

 !PQRS = T + V	(@A)A + W	∆@A + X	"# + Y	"$ + Z [2.2] 

and for the hourly efficiency of each closed-loop plant, ![\P]R^, was 

 ![\P]R^ = 2 + _	(@A)` + a	∆@A + b	"#% + Z [2.3] 

Significant p-values (p << 0.01) for all independent variables in the regression equations yielded 

the constant coefficients T (%), V (%), W (hr), X (%/°C), and Y (%/°C) for Equation 2.2, and 2 
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(%), _ (%), a (hr), and b (%/°C) for Equation 2.3. The amounts that each degree change in "# 

and "$ affect !PQRS	are given by the coefficients d and e in Equation 2.2, while the impact of each 

degree change in "#% on ![\P]R^ are given by p in Equation 2.3. The error term Z contains 

autocorrelation that follows our AR(24) model plus white noise error. Recall that the nonlinear 

relationship between @A and !PQRS or ![\P]R^ were estimated by the unitless c or d, respectively, 

prior to inclusion in Equations 2.2 and 2.3. 

After testing our models, we examined the assumption of stationarity (i.e., the 

autocorrelation structure does not change over time), as nonstationary AR processes can lead to 

spurious regression (Fox and Weisberg 2010; Levich and Rizzo 1999; Erdogdu 2007). The 

Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test revealed that @A, "#, "$, "#%, and efficiency are 

all nonstationary (Table 3), which is expected as all have seasonality (Kwiatkowski et al. 1992). 

However, given that both dependent and independent variables are nonstationary, we were able to 

test for cointegration between nonstationary variables, which allows for stationary relationships 

and thus stationary residuals (Erdogdu 2007; Reimers 1992). This is preferred to the standard 

method of differencing because we are interested in the monthly-to-annual impacts of 

temperature on efficiency and not just the hourly. We considered both the augmented Engle-

Granger (AEG) and Johansen’s trace and maximum eigenvalue tests for cointegration testing 

(Erdogdu 2007; Reimers 1992). The tests confirmed that the variables are cointegrated (as 

expected because the variables are all similarly influenced by seasonality) and yield stationary 

residuals (Table 4), and thus the conventional regression methodology applies. 
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Table 3. The Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test for stationarity applied to the time 
series datasets for all regression variables of the representative once-through plant EIA593. 

KPSS Test (H0: Data is stationary) 

Data:  Efficiency KPSS Level = 5.6729 

p-value < 0.01 
Data: Water Temperature KPSS Level = 3.0001 

p-value < 0.01 

Data: Air Temperature KPSS Level = 3.8283 

p-value < 0.01 

Data: Capacity Factor KPSS Level = 41.709 

p-value < 0.01 

Data: Ramp Rate KPSS Level = 0.1841 

p-value > 0.1 

 

Table 4. The augmented Engle-Granger (AEG) test and Johansen’s trace and maximum 
eigenvalue tests for cointegration of variables for the representative once-through plant EIA593. 

2-Step Augmented Engle-Granger Test (H0: No cointegration) 

Value of test-statistic is: -36.226 

Critical values for residual test statistics:  

 10% 5% 1% 

Tau -3.45 -3.77 -4.31 

 
Johansen Procedure  

1. Trace Test 
H0: Number of cointegration vectors r is r = k 
Ha: Number of cointegration vectors r is r > k 
 Test-statistic 10% 5% 1% 

r <= 2 19.46 7.52 9.24 12.97 

r <= 1 1219.11 17.85 19.96 24.6 

r = 0 2987.4 32 34.91 41.07 

2. Maximum Eigenvalue Test 
H0: Number of cointegration vectors r is r = k 
Ha: Number of cointegration vectors r is r = k+1 

 Test-statistic 10% 5% 1% 

r <= 2 19.46 7.52 9.24 12.97 

r <= 1 1199.66 13.75 15.67 20.2 

r = 0 1768.28 19.77 22 26.81 
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2.3 Results 

The regressions using Equations 2.2 and 2.3 all yielded homoscedastic residuals (Figure 

5), as well as errors with no signs of autocorrelation or nonstationarity (Figure 1 and Figure 6). 

There was, however, leptokurtosis in our residuals (i.e., peaked distribution) due to the nature of 

our dependent variable (Figure 5). Specifically, the efficiency at a given plant typically hovers 

around 25-45% and only departs this range when plants are ramping to higher or lower capacity 

factors, thereby generating a leptokurtic distribution. Neither data transformations (including 

logarithm, power, square root, and sinh-arcsinh) nor robust regression (weighted least squares) 

improved the distribution, so we did not apply them in our final model. Regardless, the Central 

Limit Theorem concludes that GLS estimators are asymptotically normal given large datasets and 

homoscedasticity, both of which our data satisfy (Lumley et al. 2002; Altman and Krzywinski 

2016; Wooldridge 2009). In addition, GLS estimators give unbiased estimates of coefficients 

even with non-normal errors, which means that our coefficients are valid (Wooldridge 2009; 

Lehmann et al. 1998), while our coefficient p-values were substantially less than 0.01 (and up to 

p < 10-16), which suggests that our t-statistics and standard errors are valid as well. 
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Figure 5. Four diagnostic residual plots for the generalized linear model for plant EIA593 with 
AR errors. Panels (A) and (C) show homoscedasticity and random scatter of the residuals, while 
panel (D) shows unautocorrelated, independent residuals. Panel (B) reveals a leptokurtic 
distribution, which is expected because the dependent variable, efficiency, is most frequently 
between 30-50% at a given plant, and is only higher or lower during ramping. 

Comparisons of modeled versus observed efficiency for individual power plants indicate 

that the regressions explain a significant portion of the total variation in the actual efficiency over 

the 7- to 14-year study period. Figure 7 shows the modeled versus observed efficiencies for two 

regressions that have good (Figure 7A&C) and bad (Figure 7B&D) fits. As can be seen, even the 

regression with the lower fit has modeled efficiencies that fall near a one-to-one relationship with 

the plant’s observed efficiencies. The difference between regressions with better and worse fit is 
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that in the latter, the models are not able to capture all high efficiencies (! > 60%; compare 

Figure 7A&B). This is likely because these occasional high efficiencies occur during ramping 

events that were not removed by our filtering (e.g. if a plant ramps up above 20% capacity factor 

but at a rate slower than 50% per hour). Regardless, our models capture the temperature effects at 

the normal, lower operating efficiencies, which are the periods that we are interested in. 

Figure 6. The residuals of the GLS model with AR(24) error terms through time, which appear to 
be stationary. 

The focus of this analysis is on the modeled coefficients d and e for the open-loop plants, 

and the coefficient p for the closed-loop plants, as these represent, respectively, the impact that a 

degree change in "# and "$ have on !PQRS, and a degree change in  "#% has on ![\P]R^. In the 

case of the open-loop plants, for all but Plant Kraft (Figure 8A), d is negative (Figure 8A), 

meaning that as expected, increases in cooling water temperature correlate with decreases in the 

efficiencies of these plants. At the same time, however, this effect of "# on !PQRS (i.e. d) is lower 

than previously estimated. As indicated in Figure 8A, Durmayaz and Sogut (2006) place the 

impact of water temperature on !PQRS at approximately -0.12%/°C, which is the most 
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conservative literature estimate, while we find the impact to be at most -0.11%/°C, and less than -

0.05%/°C for more than half of the plants analyzed (Figure 8A).  

Figure 7. (A) and (B) show the observed efficiency data (η) for two example plants compared to 
their respective modeled efficiency. Panel (A) represents good model fit and Panel (B) worse fit. 
(C) and (D) show the modeled versus observed efficiencies of those same plants through time. 
Note that the x-axes in (C) and (D) do not show the entire datasets but rather intervals of 
randomly selected 500 hours; however, these are representative of the respective datasets. The 
shaded blue areas indicate the 95% confidence interval for the modeled values, while the black 
circles mark the observed efficiencies that fall outside of this interval. 

In contrast to "#, the impact of "$ on !PQRS is less consistent: while e is positive for ten 

of the plants analyzed, it is negative for three and approximately zero for seven. In other words, 
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depending on the plant, increasing air temperature can correlate with increasing or decreasing 

efficiency, or effectively not be correlated at all. This finding departs from previous studies that 

suggest that increasing "$ should decrease !PQRS (Rübbelke and Vögele 2010; Jabboury and 

Darwish 1990; Ponce Arrieta and Silva Lora 2005; De Sa and Zubaidy 2011). Furthermore, we 

find that in all cases, the absolute (i.e., unsigned) impact of "$ on !PQRS (or e) is smaller than 

previous estimates. Both Jabboury and Darwish (1990) and De Sa and Zubaidy (2011) place the 

impact at -0.1%/°C, while we estimate the impact to range from -0.02%/°C to +0.05%/°C. Not 

only do our estimates of e fall in a narrower range than our estimates of d, but the standard errors 

are generally smaller too. Also note that the impacts of "$ and "# on efficiency are not correlated, 

i.e. once-through plants that are more sensitive to cooling water temperature are not necessarily 

also more sensitive to air temperature. 
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Figure 8. (A) The change in efficiency (∆!PQRS) per 1° C increase in water and dry-bulb air 
temperatures for each of the 20 once-through power plants compared to the estimates from 
existing studies. Dashed black lines are the minimum estimates from previous studies of water 
and air temperature impacts. The 95% confidence intervals for the associated coefficient errors 
are indicated by the error bars, all of which are so small that they fall within the area of the 
estimate symbols. Coal plants are indicated by blue circles, natural gas simple cycle plants by 
orange diamonds, and natural gas combined-cycle are green squares. (B) The change efficiency 
(∆![\P]R^) per 1° C increase in wet-bulb air temperature for the 19 recirculating plants in no 
particular order. No existing studies have attempted to quantify this value for comparison. Plant 
EIA codes are listed on the x-axis. 

The outlier among the open-loop plants, Plant Kraft, is a coal-fired plant that is being 

retired in 2016 (Van Brimmer and Landers 2013). While the retirement was announced in 2013 

(Van Brimmer and Landers 2013), the hourly plant-level data indicate that since mid-2011 there 

has been almost 50% reduction in average capacity (from 35% to 20%; Figure 9), suggesting that 

the plant’s generating units have been in preparation for shutdown. We assume that this and 

possibly other changes in plant operations have contributed to our arriving at positive, standout 

values for the plant of 0.03±0.01%/°C for d and 0.04±0.002%/°C for e. 
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With respect to the closed-loop plants, the impact of "#% on  ![\P]R^ parallels the 

inconsistent impact of dry-bulb air temperature on the efficiency of open-loop plants; p varies 

from being positive for six of the closed-loop plants to being negative for another six to being 

almost zero for the remaining seven. Given that ours is the first study to place a quantitative 

estimate on the effect of  "#% on ![\P]R^, there are no other estimates against which to compare 

ours. Similar to the environmental temperature effect on open-loop plants, however, we find the 

effect (i.e. p) to be small, ranging from -0.06%/°C to +0.04%/°C (Figure 8B). Note that this is of 

the same order of magnitude as d. The standard errors associated with p, however, are narrower 

than those associated with d and similar to those of e (compare Figure 8A&B). 

A complete table of coefficients and standard errors is presented in Appendix A. 

Figure 9. The capacity factor data for Plant Kraft in Georgia. The red dotted line marks the point 
in time when average capacity factor drops significantly. This occurs around May of 2011. 
Though capacity factor reaches near 50% after this, the frequency at which it occurs is much 
lower. 

2.4 Discussion  

2.4.1 Model Uncertainty 

The accuracy of our results is limited by various, unquantified errors and/or uncertainties. 
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One is that we have missing records in the different datasets. There are gaps in both the USGS 

and NOAA datasets, so we had to omit those hours from our analysis. Undoubtedly our 

regression models would be improved with a completely continuous dataset; however, as we still 

have over 40,000 data points for each plant (even after filtering out ramping events), we have 

confidence in our estimates. 

Another uncertainty is that power plants often intake their cooling water at depths of 3-25 

feet (EIA Form 860) rather than at the surface where the water temperature data used in our 

analysis were recorded (USGS NWIS). During daytime hours in the summer, surface water 

temperatures are higher than at depth due to heat exchange with the ambient air (Monson 1992), 

while at night, temperatures tend to become more uniform throughout the water column. As a 

result of this surface fluctuation, our estimate of the impact of  "# on !PQRS, i.e. d, could be lower 

than it actually is. We examined how much muting this effect might cause to our estimates of d 

by studying available time series of concomitant surface and bottom water temperature 

measurements in U.S. rivers and lakes, with special focus on records where and when surface-to-

bottom water temperature gradients are strongest. We find that for all seasons and latitudes 

differences between surface and bottom water temperatures are <2° C (Figure 10), so any biases 

introduced into our regression model by higher surface temperatures should be minimal. More 

importantly, changes in surface and bottom temperatures occur almost simultaneously, being 

within one hour of each other at most, so there is no significant time lag in water temperature 

with depth. This supports our use of surface water temperature as a proxy for cooling water 

temperature. 
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Figure 10. The surface (A) and at-depth (B; 1-ft above river bed) water temperature profiles for a 
gauge on the Potomac River near Frederick, Maryland. These figures illustrate the change in 
temperature per hour for 7 days. This gauge was selected for its location on the same water body 
used by 2 of our plants. Panel A shows a week in August of 2012, when temperatures are highest 
and differences between surface and bottom temperatures should be greatest. These profiles are 
typical of summer temperatures across all of our study years (2007-2014). Panel B shows a week 
in early October, when air temperatures have already decreased enough such that the surface and 
bottom profiles coincide. 

In our view the biggest uncertainty is the difference between how operators run their 

power plants, which may be the primary reason why we get the results that we do. Among the 

plants we examined, it is likely that at least some are operated to maximize efficiency, such as 

through preheating air for combustion, adjusting cooling water pump flow rate, alternating 

between condensing versus back-pressure turbines, and minimizing auxiliary systems (Hamanaka 

et al. 2009; Lakovic et al. 2010; Rayaprolu 2009; Drbal et al. 1996). Operations at other plants, 

however, may be only partially optimized to not optimized at all, at least for periods of time, as 
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suggested by our results for the outlier, Kraft. If so, such operation-induced variation in plant 

performance would contribute significantly to how sensitive plants are to environmental 

temperatures. For instance, !PQRS for once-through plants would be less sensitive to "$ if the 

plants preheat incoming combustion air. Adjusting the cooling water flow rate through the 

condenser of an open-loop plant would lead to greater operational control over !PQRS because 

!PQRS could be maintained as "# rises (Hamanaka et al. 2009). Since we cannot discern between 

which plants optimize or how they do so, we cannot determine which of the temperature 

coefficients in our regressions (d, e and p) more or less reflect direct temperature impacts versus 

impacts modified by plant operations. However, our results do estimate the range of impacts of 

"#, "$ and "#% on !PQRS and ![\P]R^. This range reflects how plants have historically dealt with 

daily and annual fluctuations in temperature, and allows us to compare our results to those made 

in other studies. 

2.4.2 Temperature and Power Plant Efficiency 

Our results do not support the conclusions of previous studies that increases in dry-bulb 

or wet-bulb air temperature will reduce the efficiency of all open- and closed-loop plants, 

respectively. Thinking that this inconsistency might be related to inherent differences among the 

plants, we examined whether changes in plant efficiency with air temperature (i.e., either e or p) 

might also be a function of plant attributes such as age, nameplate capacity, fuel type, average 

heat rate, and location. In all cases, no correlation was found. This, along with our findings that e 

and p are much smaller in magnitude than previously suggested (Jabboury and Darwish 1990; 

Ponce Arrieta and Silva Lora 2005; De Sa and Zubaidy 2011), lead us to believe that ambient air 

temperature, be it dry-bulb or wet-bulb, has no unidirectional impact on the efficiency of simple 

or combined-cycle power plants. 
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In contrast to air temperature, our results do support the findings of previous studies that 

open-loop plant efficiency declines with warmer cooling water. However, our estimates of the 

sensitivity of efficiency to cooling water (i.e., d) tend to be lower than even the lowest 

thermodynamic prediction (Figure 8; Durmayaz and Sogut 2006). There are at least three possible 

reasons for this. The first is that most previous estimates of d, including those made by Durmayaz 

and Sogut (2006), have been for nuclear power plants rather than coal and natural gas plants, the 

focus of this study. Because nuclear plants are at higher risk of overheating than other types of 

plants, they tend to require greater quantities of cooling water per MW of rated capacity (Feeley 

et al. 2008). Consequently, d may indeed be higher for nuclear plants than for the coal and natural 

gas plants we analyze here. 

A second possibility is that, as mentioned previously, optimization of plant operations to 

increase efficiency may be an important factor as to why our estimates of d are relatively small. 

For example, plant operators may have actively lessened water temperature impacts by throttling 

the exhaust flow rate in the steam turbine or adjusting the cooling-water pumping rate (Hamanaka 

et al. 2009; Lakovic et al. 2010; Rayaprolu 2009; Drbal et al. 1996). 

Third, a subset of previous studies factor in reductions in cooling water intake when 

water temperatures exceed environmental regulatory limits (Hamanaka et al. 2009; van Vliet et 

al. 2012; Bartos and Chester 2015). In this type of estimate, electricity generation by a plant is 

assumed to decrease to zero as cooling water temperature climbs from ~5° C below the limit up 

to the limit, between 32° C and 35° C (Hamanaka et al. 2009; van Vliet et al. 2012). This is 

because the plant is not supposed to discharge spent cooling water hotter than the regulatory limit, 

forcing plant operations to become sub-optimal and efficiency to decline. While this type of 

modified plant operation should happen in theory, in practice it often does not. The hourly 
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temperature and power plant data suggest that, historically, most plants have not significantly 

reduced output leading up to the 32° C limit. Of the 20 open-loop plants that we analyzed, 19 had 

cooling waters that warmed over 27° C (5° C below the limit) for an average period of 20-180 

days per year over the study the period. The typical operation during these periods is exemplified 

by the plant shown in Figure 11. Like this plant, all others continued to run as they had when 

cooling water temperatures were well below the limit, including running at full capacity at times. 

This is because plants often obtain permits to discharge above regulatory limits (Madden et al. 

2013). Thus, studies that have assumed open-loop plants reduce output at 27-30° C will have 

overestimated the impact of water temperature on efficiency, unless future enforcement of these 

regulations becomes more stringent.  

Figure 11. The load (A) and efficiency (B) data for sample plant EIA3140 (Brunner Island). Gray 
bars indicate the data distribution for all plant records; Hatched bars indicate the data distribution 
for records when water temperature was > 27° C. Histograms for 19 of the 20 once-through plants 
have similar shapes to those shown in the graphs, suggesting that energy output and efficiency do 
not change significantly when temperatures reach above the 27° C critical limit.  
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2.4.3 General Implications 

It appears that future water availability will have a much greater impact on plant 

performance than will water temperature. Van Vliet et al. (2012) and Bartos and Chester (2015) 

both project that climate warming will decrease the useable capacity of once-through plants in the 

U.S. by 12-16% per year due to the cumulative (and in the studies, unseparated) impacts of rising 

water temperatures and declining water availability (Table 1). Using our estimate of d for the 

most water temperature-sensitive open-loop plant that we examined, PSEG Mercer Generating 

Station where d = -0.108%/°C, and assuming a 3°C rise in monthly mean water temperature 

above the current historical average (corresponding to the 2080 A2 warming scenario used by van 

Vliet et al. 2012), we estimate that the summer average useable capacity of a 40-plant region 

(similar sample size to van Vliet et al. with n = 39) will be reduced by 0.4%. This estimate is 

significantly lower than those of van Vliet et al. (2012) and Bartos and Chester (2015) for the 

open-loop power plants they examined, suggesting that the drought component is much greater 

than the temperature component. 

As Equation 2.2 indicates, the effect of climate change on open-loop plants will not only 

be a function of "# or "$, but of both. When the coefficients for these variables (d and e) are 

combined on a plant-by-plant basis, we find that the efficiency of all open-loop plants (excluding 

the outlier Plant Kraft) will decline with increases in both temperatures. Assuming for simplicity 

that "$ and "# increase simultaneously, the combined efficiency impact would range between -

0.01%/°C and -0.11%±0.01%/°C, with the upper range being that for the open-loop Williams 

Station. Even this upper range, however, is small in terms of plant fuel costs. We determined this 

by conducting a second set of regressions in which the variables in Equations 2.2 and 2.3 were 

first standardized into z-statistics (i.e., zero mean and unit variance) so that the resulting 
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coefficients were unitless and of equal scale. When this is done for Williams, the sum @A + ∆@A is 

found to account for three times more variation in efficiency than the sum "# + "$. Other once-

through plants yield much lower relative impacts for "# + "$, implying that the operational 

variables @A and ∆@A have a greater effect on total plant fuel costs than environmental 

temperatures currently do. 

That said, our results indicate that the plants least affected by and thus least vulnerable to 

environmental temperature change are closed-loop plants. The impact of  "#% on the efficiency of 

these plants is variable but consistently small (Figure 8). This finding provides additional support 

to the EPA’s Clean Water Act 316(b), which requires new and existing electric generators to 

install closed-loop recirculating systems to meet entrainment and impingement standards that 

prevent the death of organisms in cooling water intake structures (U.S. EPA 2014b). Changing 

existing and new cooling structures from once-through to closed-loop will provide the added 

benefit of reducing the temperature impact of climate warming on the efficiency and thus useable 

generating capacity of existing power plants. 
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3. Vulnerability of U.S. thermoelectric power generation to 
climate change: Understanding temperature and drought 
impacts 

3.1 Introduction 

In 2016, nearly 1000 thermoelectric power plants generated 85% of the electricity 

consumed in the United States (EIA Form 860). Of these power plants, roughly one-third still 

utilizes once-through cooling despite Environmental Protection Agency (EPA) Clean Water Act 

316(b) regulations requiring new and existing electric generators to install closed-loop 

recirculating systems (EIA Form 860; U.S. EPA 2014b). These once-through plants produce 35% 

of total thermoelectric power (EIA Form 860), so future projected extreme weather events 

involving heightened coolant water temperatures and/or droughts in summers are expected to 

significantly impact the U.S. electricity sector. Specifically, for once-through power plants, 

usable capacity is expected to decrease as a result of: (1) thermal efficiency losses caused by the 

coolant’s reduced capacity to remove heat from the steam load when ambient temperatures 

increase, (2) forced reduction in power output due to a drop in available cooling water in drought 

conditions, and (3) forced reduction due to environmental regulations on the maximum coolant 

discharge temperature. In the past several years, once-through plants across the U.S. have already 

been forced to curtail output or even shut down as a consequence of these impacts. Particularly 

vulnerable are nuclear plants, which tend to have greater water requirements and face more 

stringent regulations than coal and natural gas plants. For example, a 2012 heat wave in the 

Northeast forced several reactors to shut down (Eaton 2012), while drought conditions across the 

Southeast in 2008 brought many nuclear plants within days of shutting down (Weiss 2008). 

However, coal and natural gas plants are exposed as well. For instance, during a drought in Texas 

in 2011, one coal plant was forced to curtail output while another had to rush to build new 
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cooling capacity in order to maintain full load with decreased reservoir levels (O’Grady 2011). It 

is evident, therefore, that as climate extremes worsen in the future, thermoelectric power plants 

will experience more and more difficulty meeting electricity demand. 

Recent studies have investigated these impacts using thermodynamic modeling and 

historical data analysis. Within thermodynamic modeling-based studies, there are those that 

examine only the impacts of air and water temperature changes on thermal efficiency (e.g., 

Durmayaz and Sogut 2006; Hamanaka et al. 2009; Ibrahim et al. 2014; Laković et al. 2010) and 

others, such as integrated hydrological and electricity production models, that incorporate the 

effects of (1), (2), and (3) on usable capacity (van Vliet et al. 2012; Bartos and Chester 2015; Liu 

et al. 2017). In this paper, we focus on the latter because these studies include a wider range of 

potential climate impacts. Comparison between studies that use integrated models and those that 

use historical data reveals that integrated models tend to predict more severe climate impacts on 

power generation (van Vliet et al. 2012; Bartos and Chester 2015; Henry and Pratson 2016). Van 

Vliet et al. (2012) used an integrated model and projected that 4.4-16% of the generation capacity 

in the U.S. will be lost by mid-century, while Bartos and Chester (2015) estimated similar 

outcomes for power plants in western United States. On the other hand, Henry and Pratson (2016) 

analyzed historical data from 20 once-through, coal and natural-gas power plants across the U.S. 

and projected that increases in average air and water temperatures by mid-century would result in 

<1% decrease in gross electrical output from the plants in the study. The discrepancy in these 

results can be attributed to three factors. First, model-based studies did not account for the fact 

that operators have historically obtained provisional variances to temporarily relieve plants from 

discharge requirements when ambient temperatures were high (Madden et al. 2013; Henry and 

Pratson 2016). Liu et al. (2017) explored this by using a method similar to that of van Vliet et 
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al.’s but explicitly including provisional variances that relieve power producers from significantly 

curtailing output when temperature limits are exceeded. They found that without the effects of 

stringent environmental regulations, climate change alone will reduce average generating 

capacity by only 2-3% by the 2060s, which is more consistent with the results of empirically-

based studies. Second, power plant operators can optimize plant processes to offset environmental 

impacts (Hamanaka et al. 2009; Laković et al. 2010). While some optimization can be 

incorporated into thermodynamic models, e.g., allowing for variable coolant flow rate when 

ambient temperatures are high in order to maintain condensing temperature (van Vliet et al. 2012; 

Liu et al. 2017), other processes would require more complex components to be added. For 

instance, turbine exhaust throttle and flow can be temporarily increased to maintain power 

generation if the condenser pressure drops due to increased cooling water temperatures (Laković 

et al. 2010), or cooling ponds can be used to store warm discharge water for a short duration of 

time before being returned to the source in order to adhere to temperature regulations. Including 

these elements within integrated models would likely reduce the differences between models and 

historical data analyses. Third, due to the lack of high-resolution historical river flow data, Henry 

and Pratson (2016) do not account for drought-related impacts where van Vliet et al. (2012) does. 

This final point suggests that the drought impact on usable capacity may be much greater than the 

temperature impact when provisional variances are granted. 

In this paper, we explore the relative impacts of water temperature versus availability on 

power generation when environmental regulations are observed as well as when provisional 

variances are granted. Using historical meteorological and power plant data alongside the 

thermoelectric power generation model of Liu et al. (2017; modified from Koch and Vögele 2009 

and van Vliet et al. 2012), we calculate the expected change in usable capacity the for 20 once-
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through plants from Henry and Pratson (2016) for seven combinations of scenarios (Table 5): 

unlimited flow (no drought conditions) with historical ambient temperatures and strict discharge 

temperature regulations; unlimited flow with increased ambient temperatures (van Vliet et al.’s 

warming projections for 2080) and the allowance of provisional variances (no temperature 

regulations); unlimited flow with increased ambient temperatures and strict discharge temperature 

regulations; limited flow (at 25% and 50% decrease from historical discharge rates) with 

historical temperatures and provisional variances; limited flow with historical temperatures and 

strict temperature regulations; limited flow with increased ambient temperatures and provisional 

variances; and limited flow with increased ambient temperatures and strict temperature 

regulations. These results allow us to isolate the impact water temperature from that of water 

availability, which can help stakeholders assess where climate mitigation efforts should be 

focused in order to preserve power generation capacity in the future. In addition, because we 

utilize historical hourly power plant data, we can incorporate more realistically the mitigating 

effects of power plant operations into our projections. We then compare these results to the 

impacts estimated by Henry and Pratson (2016) in order to pinpoint the principal cause of the 

discrepancy between empirically-based and model-based studies (i.e., provisional variances, plant 

optimization, or the exclusion of drought in previous estimates). This lets us better understand 

how climate variability impacted plants in the past, how plants managed these impacts, and how 

operations can be optimized in future extreme weather events. 
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Table 5. The shaded boxes mark the seven scenarios (S1-S7) that we analyze in this study to 
explore the impacts of water temperature versus availability on usable capacity. The unshaded 
scenario (S0) reflects the historical analysis from Henry and Pratson (2016), whereby provisional 
variances were obtained by the plant operators when ambient temperatures increased and 
historical water levels were not sufficiently low to cause curtailment. 

 Historical temperature 2080 temperature projections 
No drought With provisional 

variance - Henry 
and Pratson 
(2016) (S0) 

Strict temperature 
regulation (S1) 

With provisional 
variance (S4) 

Strict temperature 
regulation (S6) 

Drought @ 25, 
50% drop from 
historical flow 
rate 

With provisional 
variance (S2) 

Strict temperature 
regulation (S3) 

With provisional 
variance (S5) 

Strict temperature 
regulation (S7) 

 

3.2 Methods 

3.2.1 Modeling Framework 

The thermoelectric power generation model used in this study simulates usable capacity 

of once-through power plants given changing environmental inputs (water temperature and 

availability) and various plant properties (Miara and Vörösmarty 2013; Liu et al. 2017). It is 

derived from the heat exchange equation, 

 e[PS^ = WQ ∗ 2 ∗ ∆" [3.1] 

where e[PS^ is the heat per hour (mmBtu/hr) that must be removed from the steam in the 

condenser, WQ is the heat capacity of water (mmBtu/kg-℃), 2 is the flow rate of cooling water 

through the condenser (kg/hr), and ∆" is the rise in cooling water temperature between the 

condenser inlet and outlet (℃). The heat that must be removed per hour,	e[PS^, can be estimated 

as a function of the heat input per hour, F (mmBtu/hr), the fraction of heat released from the 

steam to flue gas in the boiler rather than through the condenser, df], and the operating thermal 

efficiency per hour, !, through the relationship 

 e[PS^ = 1 − 	! − df] ∗ g	 [3.2] 



 

 43 

Thermal efficiency, !, is calculated based on Equation 2.1 where E (MWh/hr) is power 

generation per hour. In Miara and Vörösmarty (2013) and Liu et al. (2017), ! was calculated as 

the optimal efficiency, !PQhij$\, minus the loss of efficiency due to above-optimal inlet 

temperature, !\P]], derived from a thermodynamic equation. This accounts for losses in 

generation efficiency caused by warm inlet cooling water that increases the condensing 

temperature of the steam exiting the turbine, i.e., (1) in the introduction. In this study, we use 

historical data of ! at the hourly level, which should inherently incorporate any !\P]] that was 

experienced by plants when water temperatures exceeded the optimum. Similarly, it also accounts 

for any processes that operators historically used to mitigate efficiency losses (i.e., minimize 

!\P]]). This is because any changes in E and/or F as a response to ambient conditions would 

appear as changes in efficiency. As such, if a power plant is able to temporarily optimize 

operations to offset environmental changes without changing E or F, such as by throttling turbine 

exhaust to maintain condenser pressure, efficiency would remain constant even as temperature 

rises. 

Combining Equations 3.1, 3.2, and 2.1, and rearranging the variables, we derive 

 k =
[l∗j∗∆m∗n

No	no`pq
∗ CDE
K.MNO	CCGHI

 [3.3] 

Here, ∆" is constrained by either the maximum permissible temperature rise across the condenser 

(∆"̂ R]irS) or by the inlet-outlet temperature difference, whichever is smaller. We estimate 

∆"̂ R]irS for each individual plant by taking the difference between the average intake and 

discharge temperatures listed in form EIA-923 (EIA Form 923). If discharge temperature 

regulations, "sRr, are in place, then ∆" will decrease when ambient temperature, "#, rises but will 

not be affected when ambient temperatures are well below the regulatory limit. If provisional 
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variances are granted, then ∆" is set as the condenser design’s maximum permissible temperature 

rise. The required hourly cooling water flow rate, 2, is a function of the ambient water 

temperature and the power generation (Equation 3.4) but can be constrained by the hourly river 

discharge rate, t. We assume that power plants are allowed to use 100% of the hourly t; 

however, in reality plants might only withdraw a fraction of the flow in order to maintain aquatic 

habitat conditions (Tennant 1976). The full usable capacity equation for once-through plants used 

in this study is as shown in Equation 3.5. 

 2 = No	no`pq ∗B∗K.MNO
[l∗uvw(uxy ∆mz{q|}~,mÄ{}omÅ ,Ç)∗n

 [3.4] 

 k =
[l∗uxy j,É ∗uvw(uxy ∆mz{q|}~,mÄ{}omÅ ,Ç)∗n

No	no`pq ∗K.MNO
 [3.5] 

We assess only plants with once-through cooling systems in this work due to the limited 

availability of historical USGS water temperature data at recirculating power plant sites. 

Historically, recirculating plants were found to be significantly less impacted by temperature 

variability than once-through plants (Henry and Pratson 2016), so any power generation 

reductions due to warming temperatures in the future will likely come from once-through plants. 

In addition, the quantity of make-up water typically drawn by recirculating power plants is a 

fraction of that by once-through plants, so the impacts of droughts on recirculating plants should 

be minimal (EIA Form 860). 

3.2.2 Historical Power Plant and Environmental Data 

In this study, we use the power plant-level and environmental data from the 20 once-

through coal- and natural gas-fired plants analyzed in Henry and Pratson (2016). Data for each of 

the plants include hourly measurements of power plant efficiency, capacity factor, and cooling 

water intake temperature from 2007-2014. Hourly air temperature data was also included in 
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Henry and Pratson’s (2016) analysis, however, we exclude this variable here as it is not used in 

the modeling framework. This is a reasonable omission since Henry and Pratson (2016) found the 

impacts of air temperature on once-through plants to be minimal. For efficiency and capacity 

factor, the data are from the Environmental Protection Agency’s (EPA) Air Markets Program 

(AMPD). The AMPD collects hourly data of fuel consumption, F, and electricity generation, E, 

from all coal- and natural gas-fired power plants in the U.S. for the purpose of emissions and air 

quality monitoring (EPA AMPD). This data is used to calculate the hourly efficiency, !, of each 

power plant (Henry and Pratson 2016). A detailed description of the AMPD database, the data 

collection methodology, and quality assurance can be found in Henry and Pratson (2016). Note 

that three of the 20 power plants from Henry and Pratson (2016) have since retired; however, the 

goal of this work is not to predict future summer usable capacity but rather to investigate and 

quantify the relative importance of water temperature versus availability on once-through power 

plants in general. For this, the use of high-resolution historical data from once-through plants is 

appropriate. 

For cooling water intake temperature, the United States Geological Survey (USGS) 

collects hourly water data using gauges located along rivers and lakes across the U.S. (USGS 

NWIS). Henry and Pratson (2016) selected gauges based on proximity to power plants of interest 

such that gauges were ≤30 miles upstream on the water bodies from which each plant draws 

cooling water (listed in EIA-860). Information regarding the USGS National Water Information 

System (NWIS) database can be found in Henry and Pratson (2016). 

In addition to the data that were collected and cleaned in Henry and Pratson (2016), we 

use data of boiler efficiency at 100% load, 1 − df], for each of the 19 plants (EIA Form 860), as 

well as river discharge data, t, from USGS water gauges (USGS NWIS). Here, we use data from 
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the same water gauges as in Henry and Pratson (2016). The resolution of river discharge data 

(ft3/s) varies between the different plant locations, ranging from hourly recordings to daily 

maxima and minima. Where available, hourly level data is used. However, for the purpose of this 

analysis, the lower resolution data is sufficient for application in the modeling framework. 

Specifically, we use the daily minimum values as a conservative estimate of hourly historical 

water flow rate for plants with lower resolution flow data. For the two plants located on lakes 

rather than rivers, we use hourly lake volume as a proxy for t. To do this, we multiply the lake 

area, determined using Google Maps, by the water level (maps.google.com). The water level is 

calculated using the gage height (both locations have hourly resolution data), the full pool height 

(i.e., height of the lake at maximum capacity), and the average lake depth (USGS NWIS). The 

reason we must calculate the water level in this way is because both gage and full pool height are 

measured based on an arbitrarily established altitude that is often but not always close to the 

stream or lakebed (USGS NWIS). As such, we must use the gauge height’s relation to the full 

pool height and the actual average lake depth in order to calculate the height of the water above 

the lakebed. 

3.2.3 Scenario Analysis 

Based on the results of Henry and Pratson (2016), we hypothesize that water availability 

has and will have in the future a greater impact on usable capacity than water temperature. To 

investigate this, we simulate seven scenarios with changes in ambient temperature, river 

discharge, and regulatory stringency (Table 5). For scenarios S4-S7 with increased "#, we apply 

van Vliet et al.’s (2012) SRES A2 warming projections for the 2080s. They find that across the 

entire continental U.S., mean summer water temperatures will increase by 2.4 ℃, while mean 

summer water temperature on the East Coast can increase by >3 ℃. We use the latter projection 
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and uniformly increase the historical hourly summer (June 1 – September 30) temperature data by 

3 ℃ each hour as an estimate of future water temperatures. This results in an increase in the mean 

summer temperature from the historical value, but assumes that the temperature distribution and 

standard deviation will remain the same (Figure 12). It is possible that the standard deviation will 

increase in the future, e.g., if the high water temperature range is expected to experience larger 

increases than in the mean values (van Vliet et al. 2012). However, we can assume that the 

summer hourly temperature will remain close to normally distributed (based on the historical 

summer temperature distributions of the 20 water bodies in this study), so our use of the mean 

temperature is still appropriate for estimating the average impacts on usable capacity. In addition, 

we assume the change in water temperature to be spatially uniform based on van Vliet et al.’s 

(2012) results which appear to indicate a fairly homogeneous increase in mean summer river 

water temperature across the entire eastern U.S. 

 As previously mentioned, ! is expected to decrease when "# rises above the optimal inlet 

temperature (22 ℃ based on Hamanaka et al. 2009). In this work, we use historical hourly data of 

! to understand how it fluctuated in the past with ambient temperatures when temperatures 

exceeded the optimal inlet value (S1-S3). However, we do not have efficiency data for the future 

temperature scenarios (S4-S7), which we need for Equation 3.5. Thus, we must utilize the 

thermodynamic relationship between efficiency loss (!\P]]) and inlet water temperature from 

Miara and Vörösmarty (2013) in order to derive the future expected efficiency loss (Figure 13). 

Our estimation of future hourly efficiency, !QsPÑ, is then the historical hourly efficiency minus 

the efficiency loss, !QsPÑ = ! − !\P]], where !\P]] is calculated per hour from the projected "# 

and the relationship shown in Figure 13. Note that the hourly historical efficiency data 

intrinsically includes any operational processes by plant operators to optimize generation and 
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mitigate temperature effects. But for the four future temperature scenarios, we assume that 

optimization does not occur because we use the relationship given by Miara and Vörösmarty 

(2013). Future work using lower temporal resolution could also project the relationship between 

efficiency and inlet water temperature by fitting nonlinear best-fit lines to the empirical data for 

each individual power plant in order to obtain an equation similar to that in Hamanaka et al. 

(2009). This yields plant-specific temperature versus efficiency equations that are more realistic 

than the thermodynamically-derived ones. However, we elect to use the former method here 

because it allows for hourly resolution of changes in efficiency. 

Figure 12. Probability distribution functions of summer (June 1 – September 30) temperature and 
discharge for two regions with distinct temperature and river flow patterns (Florida vs. Iowa). The 
solid lines indicate the historical PDFs and the dashed lines indicate the resulting PDFs after we 
project future changes in temperature (∆ÖÜ = á	℃) and discharge (25% decrease). 
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Figure 13. The loss of efficiency against the inlet water temperature above the optimal value 
(after which thermal efficiency begins to drop; 22 ℃). From Miara and Vörösmarty (2013). 

To examine the impacts of drought on usable capacity, we project river discharge, t, 

decreases of 25% and 50% from historical rates in the summer months (June 1 – September 30). 

These decreases were chosen based on van Vliet et al.’s (2012) SRES A2 projected changes in 

low flows (10th percentile of hourly flow distribution) for the 2080s compared to historical 

values, where 25% is the lower limit for the southeastern U.S. and 50% is the upper limit (the 

nationwide average was 16%; van Vliet et al. 2012). We assume uniform decreases (25%, 50%) 

in discharge across all hours of the summer, which means that the mean discharge decreases but 

the shape of the distribution of discharge will remain constant (Figure 12). This may potentially 

underestimate the drought impacts on usable capacity in the summer if river discharge during 

non-low flow hours decreases more than during low flow hours. However, we elect to 

underestimate rather than overestimate the drought component because we hypothesize that 

temperature impacts will be significantly lower than even the underestimated water availability 

impacts. In addition, van Vliet et al.’s (2012) hydrological model does not predict homogeneous 
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decreases in discharge across the entire eastern U.S.; however, for simplicity we assume spatial 

uniformity rather than incorporating a probability distribution for different regions. This permits 

us to compare drought impacts on a plant-by-plant basis but not necessarily at a regional scale. 

Finally, we include scenarios with ("sRr = _a	àâ2â6) and without provisional variances 

("sRr = 32	℃) not to focus on the impacts of temperature regulations on usable capacity as in Liu 

et al. (2017), but rather to account for the possibility that temperature and/or drought impacts can 

be amplified or diminished by the implementation of regulations. 

3.3 Results 

3.3.1 Model Validation 

 To validate the model, we conduct two checks of the results. First, we compare modeled 

2 (Equation 3.4) for each of the power plants to the design capacity listed in form EIA-860 and 

the monthly average flow rate listed in form EIA-923 (EIA Form 860; EIA Form 923). We find 

that with historical temperature and efficiency data and without "sRr enforcement, our calculated 

hourly 2 falls below both the listed design pump rate and the listed monthly average flow rate for 

all of the plants in this study (Figure 14), which confirms that the parameters used in our 

equations do not exceed realistic thresholds. Note that our modeled values are often lower than 

the reported monthly average values because these reported values are estimated based on stated 

pump capacity and pump running time, and do not actually reflect the amount of water that was 

required at each hour (EIA Form 923).  
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Figure 14. Comparison of our modeled monthly average cooling water flow rate, 2, to the 
monthly averages reported in form EIA-923 (red solid line) and the maximum design flow rate at 
100% capacity from form EIA-860 (dashed red line). 

 Second, we compare the modeled results from our historical scenario (S0) to the total 

reported monthly power generation for each of the 20 plants (EPA AMPD). Figure 15 shows the 

comparison for an example plant located on the White River in Indiana. The solid red line shows 

the monthly maximum possible usable capacity given three model assumptions: that provisional 

variances are obtained (no "sRr), that the ∆"̂ R]irS derived from form EIA-923 is correct, and that 

power output is limited by either 2 or t. As can be seen, the maximum usable capacity generally 

lies above the actual power generation (black solid line), suggesting that our model and 

assumptions are reasonable. Then, when we multiply this maximum usable capacity (solid red 

line) by the actual historical capacity factor, we find that the results (dashed red line) closely 
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simulate the expected generation. This further confirms that our model behaves as expected, and 

projections of scenarios S1-S7 should be accurate as long as power plants are optimized in the 

future the way that they are today. 

Figure 15. Comparison of the modeled and reported monthly power generation for a plant 
located on the White River in Indiana. The model used here assumes provisional variances were 
granted for all necessary hours. 

3.3.2 Temperature and Drought Impacts 

Three plants tend to suffer greater decreases in usable capacity (>15% reduction) in all 

scenarios (Figure 16 and Figure 17). These are a 350-MW coal-fired power plant located in South 

Carolina, a 700-MW coal-fired plant in central Indiana, and a 1500-MW natural gas combined 

cycle plant in central Florida. One of these is the southern-most plant in our study and thus has 

historically experienced the warmest temperatures, and all three are located on smaller water 

bodies (rivers and lakes). Looking at impacts of temperature increases alone (S4), we see that no 

plants experience >15% mean decrease in usable capacity aside from the three discussed above 

(blue circles in Figure 16B). For the three plants above, mean reductions range from 16.6% 

(interquartile range of 0 − 0 − 41.3%) to 18.0% (0 − 2.6 − 46.8%). (We also report the median 
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and interquartile range of usable capacity reduction here because hourly values of generation are 

not normally distributed.) For all others, mean reductions range from 0 − 3.3% (IQR 0 − 0 −

0%). However, seven additional plants experience mean reductions >15% when discharge 

temperature regulations are also enforced (S6; Figure 16B). Four of these seven experience >40% 

mean reduction. These are a 600-MW natural gas simple cycle plant on the Upper Potomac River 

in Maryland, an 850-MW natural gas simple cycle plant on the coast of Louisiana, and two coal-

fired plants of different sizes (600 MW and 150 MW) in South Carolina. For this scenario (S6), 

mean reductions range from 0.3% (0 − 0 − 0%) to 94.7% (100 − 100 − 100%), where the 

upper end reflects the three plants described above. When we compare other regulation versus no-

regulation scenarios, e.g., S2 and S3 (S5 and S7), we find that some plants experience decreases 

in usable capacity that are 2-15 (up to 100) times greater when "sRr is in place compared to when 

it is not. Meanwhile, aside from the same three plants discussed above, no plants suffer >15% 

mean reduction in usable capacity due to drought impacts alone (S2) when flow rate decreases by 

25% (mean reductions range from 0% to 23.9% with IQR 0 − 8.3 − 51%, including the three 

plants discussed above). However, when flow rate drops by 50%, mean reductions range from 

0% to 35.7% (0 − 38.8 − 68%) in scenario S2 (Figure 16A). Finally, four plants experience no 

change in usable capacity in S1-S5, and suffer mean reductions <10% in the worst-case scenarios 

S6 and S7. These plants are an 850-MW coal-fired plant on the Missouri River in Iowa and three 

plants located on the Delaware River: a 1600-MW coal-fired plant in eastern Pennsylvania, a 

700-MW natural gas simple cycle plant in Delaware, and a 600-MW natural gas combined cycle 

plant in Delaware. The projected decrease in usable capacity for all plants in all scenarios is 

shown in Figure 17.  
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Figure 16. Changes in generation for scenarios S2 (drought impacts only at 50% decrease in 
flow) and S4 (temperature impacts only). The mean, median, and interquartile range are plotted 
for all plants in both scenarios. The yellow squares indicate a similar scenario but with 
temperature regulations in place. These demonstrate how usable capacity can decrease 
substantially when provisional variances are not granted. 
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Figure 17. Maps indicating how usable capacity changes for each plant in each of the seven 
scenarios, as well as the base scenario estimated based on the regression coefficients from Henry 
and Pratson (2016). 
 



 

 56 

3.4 Discussion 

3.4.1 Uncertainty 

In this analysis, we make several simplifications and assumptions that can produce 

uncertainty within our results. Most notably, we simplify van Vliet et al.’s (2012) future climate 

projections by assessing mean increase in temperature and mean percentage decrease in flow rate 

(∆"# and ∆t), and assuming that the temporal distribution of ∆"# and ∆t will be the same in 

the future. Thus, our results do not consider large changes in the temperature and discharge 

extremes that can occur, such as if temperature increase is greater than 3 ℃ in already warm 

hours or when ∆t is greater than 25% or 50% in each of the respective drought scenarios. 

However, as "# is expected to remain normally distributed, the mean change gives a fairly 

accurate estimate of the temperature impacts on usable capacity. It is the standard deviation of 

usable capacity reductions that may be underestimated. And for t, we are comfortable with 

underestimating its impacts on usable capacity because we hypothesize that the temperature 

effects will be lesser than even the lower end of flow rate effects. Future work could use hourly-

level climate projections or adjusted temperature and drought distributions to capture the full 

range of predicted impacts, but the assumptions presented here are sufficient for exploring 

whether warmer temperatures or droughts have a greater impact on power generation. 

In addition to temporal simplifications, we assume that the spatial distribution of ∆"# and 

∆t will be homogeneous. As such, results of the impacts on usable capacity, particularly by 

changes in t, can be compared between plants but may not necessarily reflect accurate estimates 

at the broader, region-wide scale. But because we are interested in better understanding the 

relative impacts of temperature versus drought, using plant-by-plant comparisons will likely yield 

more insights than making generalizations at the region-wide scale. 
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As mentioned in section 2.3, historical ! captures operational processes that were applied 

to optimize generation and mitigate temperature effects in the past. However, our projection of 

future hourly efficiency, !QsPÑ, incorporates a component of thermodynamically-derived impact 

estimates, which does not include real-time optimization by plant operators. This can lead to 

overestimation of the impacts of temperature on efficiency and thereby usable capacity. But, 

again, we prefer to underestimate than overestimate the impacts of droughts. 

3.4.2 Plant-level Trends 

We use our results to explore whether plant size (nameplate), heat rate, fuel type, age, or 

cooling water source create any discernable signals that indicate which power plants experience 

greater reductions in usable capacity. The factor that appears to most greatly impact generation in 

all scenarios is the size of the cooling water source. The three power plants that experience >15% 

mean reduction in all of the scenarios (see section 3.3.2) are located on the three water bodies in 

our study with the lowest streamflow (< 3000 m3/s or < 10.8×10ç kg/h). The four plants that 

experience no changes in usable capacity in scenarios S1-S5 are all located on water bodies with 

discharge rates > 10000 m3/s (> 36×10ç kg/h). Moreover, of the plants located in the warmer 

regions where large temperature impacts are expected (historical mean summer river temperature 

is 27.8-29.8 ℃), those near the coast (<50 miles upstream of the river mouth) experience 

significantly lower reductions in usable capacity than those that are more inland (>50 miles 

upstream of the river mouth; Figure 17). This is because issues stemming from increased 

temperature and reduced streamflow are alleviated by the proximity of these cooling sources to a 

large ocean body. Cooling water is more readily available to offset any temperature effects on 

efficiency. Meanwhile, the plant located in Indiana, where historical mean summer river 

temperature is cooler (24.3 ℃), suffers >15% mean reduction in all scenarios because of its 
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placement on a river that often experiences reductions in flow rate. This suggests that changes in 

climate will most impact those plants positioned on already drought-prone water bodies (e.g., the 

three power plants described above). One approach for mitigating the impacts of drought for 

plants located in cooler regions is to increase ∆"̂ R]irS. Our model reveals that, using this method, 

usable capacity can be recovered significantly for plants located on rivers where average summer 

"# is much lower than "sRr (i.e., the plant in Indiana). However, plants located on smaller water 

bodies in warmer regions (higher summer average "#) should switch to recirculating cooling 

systems per Clean Water Act 316(b) regulations sooner rather than later. 

None of the other factors that we looked at revealed obvious trends indicating which 

power plants are most impacted by climate. Figure 18 shows an example comparison of the 

decrease in usable capacity across all scenarios between two similar plants. One is an 800-MW 

coal-fired plant built in Indiana in 1958 that is located on the smallest water body in this study, 

and the other is a 660-MW coal-fired plant built in Iowa in 1954 that is located on a large river 

(summer mean of 37000 m3/s). Both regions have similar ambient air and water temperatures, 

with mean summer temperatures of ~22 ℃ and ~24 ℃, respectively. In addition, the heat rates for 

these two power plants are similar, at means of 9881 Btu/kWh and 9877 Btu/kWh across our 

seven years of hourly data. As can be seen, though the two plants are similar, the one in Iowa 

does not experience any decreases in generation capacity in scenarios S1-S5 while the one in 

Indiana suffers significant decreases in capacity in all scenarios. Additional analysis using data 

for more power plants should be conducted to further explore plant-level trends. 
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Figure 18. Change in usable capacity in each scenario for the entire study region as well as for 
the least (Iowa) and most (Indiana) temperature and drought sensitive power plants. 

In terms of variation from the mean, power plants with the largest decreases in usable 

capacity also have the largest interquartile ranges (Figure 16). In addition, the median values for 

these plants in all of the scenarios differ significantly from the mean values (for example, 

compare values indicated by circles and triangles in Figure 16). This is because at these plants, 

hourly summer decreases in usable capacity are often large (>80% decrease) but occur for short 

periods of time (a few hours). As such, large outliers can cause bias in the mean. And the reason 

why hourly decreases in usable capacity are large for these plants is because historical discharge 

fluctuations over the course of the summer months are more substantial in these regions than in 

others. Summer temperature fluctuations do not appear to differ significantly between the 

locations. Large decreases in usable capacity even for short periods of time can be detrimental 

when electricity demand is high. Thus, going into the future, it is important for power plant 

operations to incorporate methods for alleviating potentially large changes in river flow that can 

occur over the course of a few weeks. For instance, once-through power plants could switch to 

recirculating cooling systems that require lower volumes of water. 
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3.4.3 Impacts of Discharge Temperature Regulations on Power Generation 

As Liu et al. (2017) concluded, we find that the impact of temperature on power 

generation is reduced when provisional variances that temporarily relieve power plants from 

permit requirements are included in the model. For instance, we can compare scenario S1 

(regulations enforced) to Henry and Pratson’s (2016) analysis (S0; where historical data suggests 

that provisional variances were frequently granted) in order to determine temperature impacts on 

efficiency. The temperature coefficients from Henry and Pratson (2016) suggest that in the past, 

mean summer usable capacity decreased 0 − 0.8% across plants due to increases in summer 

temperature above the annual mean. (Note that while Henry and Pratson’s coefficients do not 

include river discharge impacts, historically, river flow was only low enough to effect power 

generation in three of the 20 study sites, i.e., South Carolina, Indiana, and Florida. As such, the 

results are generally representative of a scenario with historical water temperature, no reduced 

flow impacts, and no "sRr. We obtain similar estimates when we input the parameters of such a 

scenario into Equation 3.5; we find that mean summer usable capacity is projected to decrease 

<1% for all plants.) Comparing Henry and Pratson’s (2016) results to those from scenario S1 (0% 

to 58.6% mean reduction), we see that temperature regulations can significantly impact power 

generation. We also observe this trend when we compare scenarios S4 and S6, which assume 

future temperature projections (Figure 16). S4 illustrates that most of the plants in this study 

experience <1% mean decrease in usable capacity, and the plants that exceed 1% are those 

located on water bodies with historical flow reductions. However, when stringent temperature 

regulations are applied (S6), half of our plants (all located in the southern U.S.) suffer >15% 

mean decrease in generation and the power plant located in Florida would be forced to shut down. 
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From these two scenarios, we see that reductions in usable capacity increase 3-20 times when 

provisional variances are not granted (compare Figure 17E and G). 

Note that plants located near the coastlines may be exempted from discharge regulations 

because they are sufficiently close to the ocean where thermal pollution is of lesser concern, so 

the results presented here for these plants would be overestimated. Even though temperature 

impacts on inland power plants can be mitigated through the use of provisional variances, 

temperature regulations are in place because they are vital to the survival of fish and other aquatic 

wildlife. As such, power plant owners and operators, particularly those in warmer inland regions, 

should consider other methods for easing the climate impacts on power generation, such as the 

installation of cooling ponds. 

3.4.4 Comparing Temperature vs. Streamflow 

Comparisons of the scenarios suggest that drought impacts may be more severe than 

temperature impacts when provisional variances to discharge above temperature regulations are 

permitted. We find that depending on the plant, future streamflow decrease of 25% (50%) from 

the historical rate can contribute to 0 − 18% (0 − 36%) of the capacity reduction relative to the 

historical contribution, while temperature can contribute 0 − 4% (0 − 3.3%) and regulations 

84 − 100% (60 − 100%; Figure 19). To further explore this, we use Equation 3.5 to determine 

the magnitude of change that "# versus 2 and t must undergo at each plant location in order to 

result in 10 MW decrease in the plant’s usable capacity. We found that power plants in our study 

would be forced to decrease generation by 10 MW if pump flow rate were to decrease by 0.4 −

6.3%. During low flow hours (10th percentile of hourly flow distribution), this would translate to 

0.5 − 6% decrease in low flows across 50% of the plants and < 50% across 70% of plants. This 

assumes that power plants are permitted to withdraw 100% of the streamflow at any given time, 
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and that intake structures are located at the riverbed rather than near the surface. In reality, plants 

might only withdrawal a fraction of total river discharge (either to maintain aquatic habitat 

conditions per Tennant’s (1976) method or because water levels fall below intake structures), so 

the percent of impacted power plants during low flows may be even higher than we predict. 

Meanwhile, summer water temperature extremes (greater than 90th percentile of hourly 

temperature distribution) must increase by over 20 ℃ for all plants, including those in historically 

warm regions, to produce any noticeable change (>1 MW) on usable capacity due to efficiency 

loss during these hours. This suggests that power plants are more sensitive to drought than warm 

temperatures, and future climate mitigation strategies should focus more on lessening the effects 

of the former. Temperature impacts will be significant if provisional variances are not granted, 

which is a possibility in the future as aquatic species become threatened by climate change; 

however, workers should not necessarily make assumptions about the future state of 

environmental regulations when making these sort of projections. On the other hand, methods 

such as the installation of cooling ponds could help relieve both the issues caused by decreased 

flow and temperature regulations. In cooler regions, plants located on smaller water bodies could 

modify cooling system design to allow for greater temperature rise across the condenser. 

As a final point, we note that our results suggest decreased streamflow can have 

detrimental effects on power generation even when water temperature is not a constraint. This can 

happen during the winter when temperatures are low but water is stored as snow and cannot be 

used for cooling. An example of this occurred in the Midwest in January of 2014 when extreme 

cold conditions forced some power plants in the region to de-rate as a consequence of frozen 

circulating water that caused a loss of cooling water supply (NERC 2014). In our study, many of 

the rivers located at higher latitudes experience low flows during the winter rather than summer 
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months; as such, plants in these regions are more vulnerable to curtailment in the winter. This 

could become a greater issue in the future if climate change causes winter seasons to become 

colder and longer in certain areas. Thus, climate change mitigation efforts should focus on winter 

months as well. 
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Figure 19. Contribution of temperature, streamflow, and regulatory constraints on decrease in 
usable capacity across all plants relative to the historical contribution. Panel (A) shows the 
relative contribution when hourly flow is projected to be 25% of the historical rate, and panel (B) 
when flow is at 50% of the historical. Each plant is described by the state that it is located in 
(multiple plants can exist in one state). 
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4. Understanding the effects of autogenic and allogenic 
processes on sedimentation and erosion patterns in fluvio-
deltaic systems using a rule-based diffusive sediment transport 
model 

4.1 Introduction 

The interpretation of sedimentation and erosion patterns in fluvio-deltaic systems is 

grounded in the idea that large-scale changes in environmental conditions will produce distinct 

signatures. Early analyses of these systems were focused on outcrops and seismic surveys such 

that interpretations and predictions about when fluvio-deltaic sediment packages would be eroded 

and deposited were generally in the two-dimensional perspective (Wheeler 1958; Mitchum 1977; 

Vail et al. 1977; Jervey 1988; Posamentier et al. 1992). As a consequence, the primary driving 

forces of basin filling were believed to be the vertical and streamwise changes in accommodation 

(unfilled space created by fluctuations in base level and tectonics) and the incoming sediment 

supply. Pitman (1978) and other workers introduced basin-filling models that projected 

depositional patterns and shoreline changes based on these externally-driven (allogenic) forcings, 

including the geometric passive margin shoreline model (Pitman 1978) and the generalized 2-D 

diffusive downslope transport model (Culling 1960; Kenyon and Turcotte 1985; Jordan and 

Flemings 1991; Kaufman et al. 1991). These models helped illustrate the depositional patterns 

that can develop given a direct relationship between environmental forcing and sediment 

transport response. 

However, later work observed that “self-organized” processes that were previously 

considered small-scale could in fact interact with and modify these allogenic signals within the 

sedimentary record (Jerolmack and Paola 2010; Powell et al. 2012; Kim et al. 2014; Postma 

2014; Muto et al. 2016). These autogenic processes arise independently of accommodation and 
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sedimentation changes, and can cause morphodynamic variability in the cross-stream direction 

that make conventional 2-D interpretations of the evolution of fluvio-deltaic systems incomplete. 

Autogenic processes include shoreline autoretreat, autogenic incised valley formation 

(autoincision), self-generated backstepping deltas (autostepping), sediment storage and release, 

channel avulsion, and lateral channel migration (Muto and Steel 1997, 2001, 2004; Kim et al. 

2006; Paola 2016; Hajek and Straub 2017). Both physical experiments and numerical models 

have focused on better understanding the geomorphic and stratigraphic products of autogenic 

processes as well as the mechanisms behind them. For instance, numerical models that explicitly 

model avulsion processes such as the steepest-descent cellular model by Jerolmack and Paola 

(2007) have helped refine our understanding of avulsion mechanisms by introducing the 

phenomenon of “threshold-toppling”. On the other hand, physical models such as the flume 

experiments of Muto and Steel (1997; 2001; 2004) have demonstrated that processes such as 

shoreline retreat, valley incision, and backstepping deltas can occur without the presence of 

external forcings. 

In addition to investigating the autogenic processes themselves, many models and 

experiments have attempted to couple autogenic and allogenic forcings to allow for better 

reproduction of fluvio-deltaic systems. In some of the numerical models, the authors simplify the 

autogenic controls as stochastic processes using Brownian motion so as not to make assumptions 

about the mechanisms behind these processes (e.g., Jerolmack and Sadler 2007; Hutton and 

Syvitski 2008). The goal of these models are typically to simulate first-order surface morphology 

of basins where fluvial sediment transport is averaged over large time- and length-scales. 

However, these types of models can result in conflation of intrinsic stochastic behavior with the 

intentionally added randomness that is difficult to untangle. More physically-based, coupled 
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models with nonrandom self-organization have also been developed, but these tend to incorporate 

multiple components of basin dynamics and thus are more computationally expensive (Howard 

1994; Granjeon and Joseph 1999; Fagherazzi et al. 2004; Burgess et al. 2006; Seybold et al. 2007, 

2009; Dalman and Weltje 2008; Van Dijk et al. 2009; Karamitopoulos et al. 2014; Dalman et al. 

2015; Harris et al. 2016). Physical experiments can capture even more complexity than can 

physically-based models (Ashmore 1991; Bryant et al. 1995; Hickson et al. 2005; Ashworth et al. 

2004, 2007; Kim et al. 2006, 2014; Kim and Jerolmack 2008; Clarke et al. 2010; Reitz et al. 

2010; Paola 2016), but it is often difficult to connect our 2-D understanding of basin-filling 

processes with what we know about autogenic mechanisms to identify what is happening in these 

three-dimensional experimental basins. 

In field settings, researchers are beginning to incorporate autogenic processes as potential 

sources of different depositional patterns when interpreting basin stratigraphy and morphology 

(Mohrig et al. 2000; Hofmann et al. 2011; Hajek et al. 2010, 2012; Flood and Hampson 2014; 

Reitz et al. 2015; Hampson 2016). This is important because accurate interpretation is critical for 

reconstructing the geological history. Methods are being developed to disentangle autogenic from 

allogenic signals in real deposits (Straub et al. 2009; Hajek et al. 2012; Jerolmack and Paola 

2010; Wang et al. 2011; Straub and Esposito 2013; Paola 2016; Hajek and Straub 2017; 

Trampush et al. 2017). Despite this, interpretations of field data still depend largely on the 

insights and hypotheses derived from physical and numerical experiments. As such, our ability to 

integrate the findings from different physical and numerical models will allow us to better 

understand the evolution of fluvio-deltaic systems. By connecting the depositional and erosional 

patterns from traditional representations of allogenic controls (typically in 2-D) to the results 

from integrated models that include the complexities of autogenic processes (in 3-D), we can 
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investigate how internally- and externally-derived processes interact to impact basin filling. 

In this paper, we introduce a numerical basin-filling model that can simulate the 

sedimentation patterns from both the traditional allogenic model and the more complex autogenic 

models. Our model uses simple diffusive transport to simulate three-dimensional sediment 

deposition and erosion, but applies steepest-descent and topography-based rules to dictate the 

direction of channel flow and where diffusion can and cannot occur. Sediment deposition and 

erosion are controlled by the streamwise and cross-stream transport coefficients, but can also be 

impacted by changes in subsidence, base level, and sediment supply depending on the magnitude 

of the transport coefficients. Thus, by varying the transport coefficients, the model can reproduce 

both fluvial strata that is dominated by lateral transport processes (e.g., avulsion and lateral 

channel migration) and fluvial strata that is dominated by changes in accommodation 

(subsidence, eustasy, and sediment supply). In this model, river avulsion occurs inherently as a 

result of sediment build up within channels that causes a change in the direction of the steepest 

descent, while lateral migration occurs due to the lateral transport coefficient eroding the channel 

walls through time. 

We first validate the model against the strata from the St. Anthony Falls Laboratory’s 

Experimental EarthScape (XES) Basin run XES-02 to show that the model captures the key 

geometric features produced by fluvial sediment transport. We then modify the transport 

coefficients in our model to explore how sedimentation varies as we move from an allogenically-

dominated environment to an autogenically-dominated environment with high lateral variability. 

Our aim is to connect our understanding of externally-controlled basin-filling processes from 

traditional 2-D models to what we see in coupled autogenic-allogenic 3-D models. In addition, 

because our model tracks the entire basin filling process relative to the timing of base level 
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change, we can use it to explore how autogenic and allogenic interactions impact the timing and 

rates of basin-filling processes. In this study, we focus on the depositional and erosional patterns 

of the exposed region of the basin only. 

4.2 Methods 

4.2.1 Numerical Forward Model 

The numerical model used here to simulate the clastic sedimentary deposits of a 3-D 

macroscopic-scale basin is modified from the 2-D sediment transport model by Jordan and 

Flemings (1991) and Kenyon and Turcotte (1985). In the traditional diffusion model, downslope 

transport is defined by the continuity equation (the conservation of mass) and a sediment 

transport law which specifies that the sediment supply rate is proportional to the surface gradient 

(Granjeon and Joseph 1999). The elevation, ℎ, at each downstream node, â, of the two-

dimensional topography is defined by the amount of incoming sediment from the previous node, 

the transport coefficient which governs the efficiency of diffusion (in units of L2/t), and the 

steepness of the node’s slope. In our numerical model, the landscape is three-dimensional and 

discretized on a rectangular grid with fixed spacing between nodes in the streamwise (â) and 

cross-stream (ê) directions. Thus, the elevation, ℎ, of each node, [â, ê], is impacted by the 

incoming sediment from as well as the slopes of the upstream, â − 1, and two cross-stream, ê − 1 

and ê + 1, adjacent nodes. Note that the physics of sediment transport (e.g., kinematic bed shear 

stress) is reduced in this type of model because the model operates across basin lengths of tens to 

hundreds of kilometers and time steps of hundreds of years or more, so that averaged depositional 

geometries can be used as first order descriptions of physical sedimentation (Kaufman et al. 1991; 

Paola et al. 1992; Swenson et al. 2000). 
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In the model by Jordan and Flemings (1991), the transport coefficient varies between the 

subaerial and subaqueous regions due to differences in environment and mechanisms of transport. 

In this work, we include this difference and also vary the transport coefficient in the cross-stream 

(along-strike) and streamwise (along-dip) directions in order to simulate deposition and erosion 

patterns generated by laterally-moving autogenic processes such as avulsion and lateral channel 

migration. When streamwise diffusion is much greater than cross-stream diffusion, levees 

develop because lateral transport processes are too weak to move the sediment away from the 

channel walls (Figure 20A). This deposition creates more subaerial topographic variability, 

simulating the sedimentation pattern of an autogenically-dominated system. It also allows 

sediment transport to become laterally confined during rapid sea level fall, which initiates incised 

valley formation. On the other hand, when cross-stream diffusion is much greater, channel walls 

are easily eroded and the river channel is able to move laterally to each spot in the basin (Figure 

20B). This creates topography that is more uniform, similar to the surface morphology of a 

system dominated by allogenic processes where autogenic variability sums within a given period 

of time to generate the averaged behavior represented in large-scale stratigraphic models (Paola 

2000; Sheets et al. 2002). 
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Figure 20. Isopach maps showing examples of how two basins with different magnitudes of 
cross-stream and streamwise transport coefficients fill the same channel. This channel was 
formed during the initial basin filling at constant sea level. The warmer (yellow to red) colors 
indicate deposition while the colder (light to dark blue) colors indicate erosion. White-colored 
nodes indicate locations where either no diffusion was allowed (coefficient set to zero) or by-
passing occurred (diffusion was allowed but no deposition or erosion occurred). The dotted line 
indicates the shoreline. Panel (A) shows a basin where lateral sediment transport is weak so 
sediment becomes trapped along the walls of the river channel (leading to spatially erratic 
deposits). This is because streamwise transport pushes sediment in the downstream direction until 
it reaches a node where no diffusion is allowed (i.e., channel wall), but cross-stream transport is 
not sufficiently strong to move the sediment in the lateral direction away from the no-diffusion 
node. On the other hand, panel (B) shows deposition and erosion at each cell when cross-stream 
transport is large. In this basin, sediment is not trapped by the no-diffusion nodes because lateral 
transport is sufficiently strong, and the fluvial system erodes and deposits sediment more 
uniformly within the channel. 
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Figure 21. A basin schematic showing the diffusion model set-up based on the XES-02’s 
experimental design. The walls of the channel are considered to be the local maxima (ìîï) that 
dictate where diffusion does (all nodes between ìîï) and does not (all nodes outside of ìîï) 
occur. 

Lastly, our model is set such that no diffusion occurs outside of topographic lows. 

Topographic lows in each row â are determined based on the streamwise and cross-stream 

position of the “source” node in the previous row, â − 1. We define the source node in row â − 1 

as the node with the steepest slope, as it would be the primary driver of sediment transport in the 

fluvial system and would determine the direction of flow. Then node [â, ê] is defined as a 

topographic low if it is: (1) downgradient in the streamwise direction from the source node in row 

â − 1, and (2) between local maxima, ñ\j, (i.e., channel walls) on either side of the source node 

in the cross-stream direction (Figure 21). Local maxima are created as diffusion builds up or 

erodes topography to create channel walls, and they initiate and allow for the persistence of 

channel paths by confining sediment transport within the occupied channels until either the 
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channel walls erode and lateral migration occurs or backfilling causes the channel to avulse to a 

new location. The numerical model describing the fluvio-deltaic system’s change in elevation 

through time, óf
óh

, is: 

 óf
óh
= 	
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óõö
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	 [4.1] 

where ñ%\ is the elevation of base level; ñ\j is the elevation of the local maxima in the cross-

stream direction; and ò is the transport coefficient and varies between subaerial (c) and 

subaqueous (X) environments as well as in the streamwise (9) and cross-stream (4) directions. 

We use the Neumann boundary condition in our model, which specifies the value of the 

derivative at the boundary nodes, in order to simulate a point source sediment flux on one side of 

the basin (Equation 4.2) and no flux out at the other boundaries of the basin (Equation 4.3). 

Imposing a no-flux condition at the downstream and lateral basin boundaries allows us to enforce 

global sediment conservation. 

 óf
óô Ç,h

= − `
ú
	 [4.2] 

 óf
óô ù,h

= óf
óõ Ç,h

= óf
óõ û,h

= 0	 [4.3] 

Here, d is the incoming sediment flux in L2/t, ü is the downstream basin edge, and † is the cross-

stream basin edge opposite 4 = 0. Meanwhile, at the moving boundary between the subaerial and 

subaqueous nodes, a generalized Stefan boundary condition arises because shoreline position is 

regulated by the interplay of fluvial and shallow marine morphodynamics (Swenson et al. 2000). 

At these nodes, the solutions of the underlying partial differential equation may suffer 

discontinuities because mass transfer across the shoreline is unidirectional and the subaerial 
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system cannot extract sediment from the subaqueous system to meet the phase change. However, 

by solving for all nodes simultaneously using implicit differentiation, our model is able to 

maintain mass balance at the shoreline without the incorporation of a moving boundary. Finally, 

we set the initial landscape to have a disordered topography by assigning uniformly distributed 

random numbers to an unfilled basin. 

4.2.2 Model Validation 

In order to validate our model, we input the initial and boundary conditions from the St. 

Anthony Falls Laboratory’s Experimental EarthScape (XES) Basin run XES-02 (Figure 22A). In 

this flume experiment, passive margin stratigraphy was generated under constant clastic sediment 

supply and subsidence rates but numerous cycles of varying base level, as the objective of the run 

was to identify the impacts of sea level changes on basin geomorphology and stratigraphy. The 

sediment supply rate was 0.303 liters per minute (5050 mm3 per second) and the subsidence rate, 

°(9), was described by: 

 ° 9 =
ô
¢
°Ç	, 0 ≤ 9 ≤ £			
°Ç	, 9 ≥ £

 [4.4] 

where °Ç is the local subsidence rate at x = L (3.71 mm/hr), x is the downstream distance from the 

hinge, and L is the distance (4000 mm) where subsidence changes from increasing to a constant 

value (Figure 22B; Strong and Paola 2008). The varying base level, designed to represent natural 

eustatic changes, was divided into two stages: one with an isolated slow and isolated rapid cycle, 

and another with superimposed slow and rapid cycles (Figure 22C). The former was designed as a 

study of basic geomorphic and stratigraphic response to sea level cycles while the latter was 

intended to provide insight on a natural, nonlinear scenario where eustatic cycles of multiple 

periods are superimposed (Strong and Paola 2008).  



 

 75 

 

Figure 22. (A) Schematic of the XES-02 basin in plan view indicating the basin dimensions, the 
location of the sediment source, the scan area where elevated data is collected, and the surface 
(subaerial) and ocean (subaqueous) regions. (B) Absolute base-level curve over time for the XES-
02 experiment. In this study, we focus on Stage 1 and only simulate the slow and rapid cycles. 
SRC = superimposed cycle. (C) The streamwise initial and final basement profiles showing how 
the basin subsided through time. Subsidence was constant in the cross-stream direction. 
Schematics from Martin et al. (2009). 

In the XES-02 experiment, data were collected using a laser-sheet system every 1.5 to 8 

hours, depending on the phase of the experiment, resulting in 92 elevation scans that lasted a total 

of 310 hours (Strong and Paola 2008). In our model, we used shorter time steps of 15-20 minutes 

in order to allow multiple diffusions to occur within each of XES-02’s 92 scan intervals. We then 

summed the topography of each individual diffusion over the entire scan interval to obtain the 

total sediment transport at each scan interval. Higher resolution data can be achieved by using 
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diffusion time intervals shorter than 15-20 minutes. Isopach maps were created for each scan in 

both the model and the XES-02 experiment, and then used to determine the aerial and 

subaqueous, along-strike and along-dip transport coefficients. Specifically, the transport 

coefficients were iteratively adjusted until the differences in the mean and standard deviation of 

the subaerial thickness during the initial basin filling highstand were minimized between the 

model and experiment (Figure 23). To test this best-fit model, we applied a two-sample t-test to 

the net deposition data from each node in subaerial isopach maps to check the null hypothesis that 

the data were taken from independent random samples from normal distributions with equal 

means and equal but unknown variances. Sediment deposition and erosion are expected to similar 

for the XES-02 basin and the best-fit model, so we expect that we will fail to reject the null 

hypothesis at the p < 0.01 level. 

Figure 23. The standard deviation of net sediment accumulation through time of the XES-02 
experiment (black) compared to the standard deviation results from 50 iterations of the numerical 
model with the best fit parameters (gray). The identical timing of the peaks for the model and 
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XES-02 experiment indicates that the model can capture the variability in subaerial sediment 
deposition and erosion found in XES-02. 

4.2.3 Quantification of Model Variability Between Different Transport 
Coefficients 

As previously described, the cross-stream and streamwise transport coefficients can be 

used to simulate allogenically- or autogenically-dominated fluvial systems. Thus, we ran the 

model multiple times with varying coefficients to better understand the allogenic versus autogenic 

processes. Because our focus is on the impacts of laterally-moving autogenic processes on 

subaerial architecture, we varied only the subaerial diffusion coefficients (3A). Note that for the 

remainder of this work, we refer only to the subaerial component when using 3ô or 3õ. Moreover, 

we fixed the streamwise coefficient (3ô) to the value that best matched XES-02 and changed only 

the cross-stream coefficients, 3õ. The 3õ/3ô ratios that we investigated were 0.01, 0.025, 0.125, 

0.5, 1, 2, 4, and 8. Here, 3õ/3ô = 0.125 represents that which best simulates the XES-02 

experiment while 3õ/3ô = 8 characterizes what would be derived from an allogenically-

dominated model (Equation 4.5). The remaining ratios were selected at random. For each of these 

ratios, 50 model iterations were run to attain the average stratigraphy and isopach maps. Fifty was 

selected because it was the number of iterations that yielded a symmetric (though leptokurtic) 

distribution when plotting the average subaerial thickness at each scan, ∆ℎ 6 . For this analysis, 

we ran the model through only stage one of the base level cycle, which consisted of 31 elevation 

scans occurring over 195 hours. 

 óf
óh
=

	3A,ô
óöf
óôö

+ 3A,õ
óöf
óõö

,				ℎ > ñ%\

3^,ô
óöf
óôö

+ 3^,õ
óöf
óõö

,				ℎ < ñ%\
 [4.5] 



 

 78 

4.2.4 Standard Deviation of Net Sediment Accumulation 

For the eight 3õ/3ô ratios, we calculated the standard deviation of net subaerial sediment 

thickness at each time t. We did so by relating the depositional or erosional quantity at each 

subaerial node in the isopach to the average thickness across all subaerial nodes in the basin. 

Similar to the compensation statistic by Straub et al. (2009), this allows us to identify the different 

basin dynamics between our simulations and to verify that the different transport coefficients 

correctly reproduced the expected autogenically- or allogenically-generated deposits. (Our 

methodology differs from theirs in that we include erosion when calculating the standard 

deviation and average basin accumulation.) The standard deviation of net subaerial sediment 

accumulation, •¶, is a function of time and is defined as: 

 •¶ 6 =
(∆f(h)|,ßo∆f h )ö

S(h)
 [4.6] 

where ∆ℎ(6)i,Ñ is the net thickness (depositional or erosional) of subaerial node [â, ê] at time t, 

∆ℎ 6  is the mean net thickness (depositional and erosional) over the entire subaerial region at 

time t, and _(6) is the number of subaerial nodes at time t. The •¶ of simulations that have 

3õ/3ô ≫ 1 ratios are expected to be smaller (more similar to the basin average and thus more 

allogenically-dominated) than the •¶ of simulations with 3õ/3ô ≪ 1. 

4.2.5 Subaerial Deposition and Erosion 

Throughout the model runs, we calculated the ratio of the net subaerial deposition to the 

total incoming sediment, ! 6 , for each time step, t: 

 ! 6 =
∆f(h)|,ß
™™(h)

 [4.7] 

where ∆ℎ(6)i,Ñ is the sum of the deposition and erosion across all subaerial nodes during time t 
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and ••(6) is the total incoming sediment at time t. This allows us to quantitatively compare the 

amount of sediment storage that occurs subaerially between systems with different propensities 

for channel avulsion and lateral migration. Normalizing by total incoming sediment removes 

sediment supply rate as an allogenic forcing so that we can untangle the impacts of relative sea 

level versus channel avulsion and lateral migration. Note that net deposition here is synonymous 

with net erosion. 

Using the isopach maps, we also collected data regarding the areal extent of subaerial 

erosion (mm2) and the maximum thickness of subaerial erosion (∆ℎ(6)jiS; mm) at each time t for 

each 3õ/3ô ratio. The ∆ℎ(6)jiS differs from ∆ℎ(6)i,Ñ because the former is calculated only from 

erosional cells, whereby ∆ℎ(6)jiS = 0 if no erosion occurs. Examining area and volume of 

erosion allows us to better understand the timing and development of incised valleys, if they 

form, given the impacts of lateral sediment transport processes. 

4.3 Results 

4.3.1 Model Validation and Comparison 

Our t-test confirmed that the numerical model (3õ/3ô = 0.125) reproduces the XES-02 

experiment by failing to reject the null hypothesis at all scans but the initial basin-filling. 

Comparisons of the dip sections through the flume experiment and the numerical model show the 

similarities in stratal stacking patterns during the slow, rapid, and superimposed cycles (Figure 

24A). For instance, a thick depositional unit that was deposited during the slow fall exhibits 

shallow downlap and toplap is followed by an onlapping and retrogradational unit deposited 

during slow sea level rise. This is then followed by an erosional surface and a thinner unit with 

toplap truncation and steep downlap that was deposited during the rapid cycle. Meanwhile, Figure 

24B shows a comparison of the XES-02 basin’s and the model’s depositional centroids through 
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time, where the timing of the centroid migration and the downstream location of the centroid at 

each scan indicate that the two are comparable. Figure 24C shows the isopach maps of both the 

experiment and our model during a slow base level fall and a rapid base level fall. During the 

slow fall, the isopach maps for both basins reveal thin but extensive deposits across the subaerial 

region, while incised valleys form in both basins during the rapid fall. 
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Figure 24. (A) Comparison of the dip sections (mean across all dip sections) through the XES-02 
experiment (upper) and the numerical model with the best-fit parameters (lower). The lighter gray 
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lines mark the surface at each of the 92 scan intervals, while the black lines highlight the strata in 
relation to the base level curve (i.e., at the onset of slow sea level fall, of slow rise, of highstand, 
rapid fall, rapid rise, etc.). (B) Comparison of the downstream position (x) of the subaerial 
depositional centroids produced by XES-02 and the numerical model through time. The similar 
timing of the centroid migration and the location of the centroid at each scan indicate that the two 
are comparable. (C) Isopach maps comparing the experiment to our diffusion model during a 
scan from the slow base level fall and (D) a scan from the rapid base level fall. 

4.3.2 Comparisons Between Transport Coefficients 

For the different 3õ/3ô ratios, the •¶ confirmed that larger lateral transport coefficients 

(3õ) produced even, basin-wide sedimentation similar to the diffusion model of Equation 4.5, 

while smaller 3õ coefficients generated variable and unevenly distributed deposition (Figure 25). 

Comparisons of the net subaerial deposition ratio, ! 6 , revealed that during slow base 

level fall, ! 6  increases as we move from the traditional allogenic model (3õ/3ô = 8) towards 

more autogenic variability (3õ/3ô = 0.01; Figure 26). In other words, as 3õ/3ô decreases, more 

net subaerial deposition occurs. However, during the rapid fall the trend reverses: there is less 

! 6  (more net erosion) with decreasing 3õ/3ô. Similarly, during the slow rise, less net subaerial 

deposition occurs with decreasing cross-stream (3õ) transport. Moreover, peak subaerial 

deposition for each of the 3õ/3ô ratios occurs at different times during slow sea level rise. Peak 

subaerial deposition tends to occur later in basins with more autogenic variability (3õ/3ô ≪ 1) 

than in those that are allogenically-dominated (3õ/3ô ≫ 1). This trend can also be seen during 

rapid sea level rise. Meanwhile, the timing of ! 6  is the same for all of the 3õ/3ô ratios during 

both slow and rapid sea level fall. Minimum ! 6  occurs one scan after the maximum rate of sea 

level fall, which appears on the falling arm for the slow cycle and at the sea level minimum for 

the rapid cycle (Figure 26). 

While the timing of minimum ! 6  is consistent across all ratios (Figure 26), the timing 
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of the deepest subaerial erosion varies between the basins (Figure 27A). In models with more 

autogenic variability (3õ/3ô ≪ 1), the deepest erosion tends to occur later during the slow cycle, 

coinciding with the sea level minimum (i.e., where the rate of sea level fall is slowest or has 

stopped). When 3õ/3ô ≫ 1 , more similar to the allogenic model, the deepest erosion occurs at 

the inflection point of the sea level fall, where the rate of sea level fall is at its maximum. In 

addition, deeper erosion seems to occur in basins with more autogenic variability than in basins 

that are more allogenically-controlled. We can see this by comparing the thickness of deepest 

erosion to the subaerial area of erosion (Figure 27B): 3õ/3ô ≫ 1 results in shallower erosion but 

across a wider area, while 3õ/3ô ≪ 1 produces deeper erosion within a smaller areal extent. 

Figure 25. The standard deviation of net sediment accumulation of 2 simulations (3õ/3ô = 0.01 
in blue and 3õ/3ô = 8 in gray) confirmed that larger lateral transport coefficients (3õ) create 
allogenically-dominated deposits while smaller 3õ generate autogenically-dominated deposits. 
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Figure 26. Net subaerial deposition over total incoming sediment, ! 6 , through time of each for 
the 3õ/3ô ratios. Values above 0 indicate net deposition and values below 0 indicate net erosion. 
The base level curve is shown on the secondary y-axis in order to illustrate the timing of various 
deposition events relative to change in sea level.  



 

 86 

Figure 27. (A) The maximum thickness of subaerial erosion (mm) through time for each of the 
3õ/3ô ratios. (B) The maximum thickness of subaerial erosion (mm) compared to the subaerial 
area of erosion (mm2) for each of the 3õ/3ô ratios. 

4.4 Discussion 

4.4.1 Subaerial Sediment Deposition 

Similar to Hajek and Straub’s (2017) description of autogenically- versus allogenically-

dominated basin deposits, we found that modeled basins with lower lateral transport (more 

autogenic variability) yielded localized, variable sedimentation while those with higher 
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coefficients produced even, basin-wide sedimentation. A prominent example of this occurs during 

the falling limb of the slow base level cycle, where net subaerial deposition is much higher in 

basins with 3õ/3ô ≪ 1 because sediment is being deposited subaerially even though shoreline is 

regressing and fluvial erosion occurs (Figure 26). This can also be seen during the slow base level 

rise when the trend reverses and net subaerial deposition is lower in basins with 3õ/3ô ≪ 1 

(Figure 26). In this scenario, widespread subaerial deposition is expected to occur in all basins 

because base level is rising; however, in basins with more autogenic variability (3õ/3ô ≪ 1), 

localized and deeper erosional events that transport some of the subaerial sediment offshore occur 

simultaneously with the expected deposition, causing the net subaerial deposition to be lower. 

These differences in sedimentation can be seen in the isopach maps, e.g., compare Figure 24C 

and Figure 28 of deposition during slow base level fall. As laterally-moving autogenic processes 

become more dominant (3õ/3ô ≪ 1), cross-stream unevenness in sedimentation increases and 

the depositional and erosional patterns of the fluvio-deltaic system diverge more from the 

traditional allogenic 2-D model. 

Variability in the strength of lateral processes can impact the rate of sediment deposition 

and the timing of maximum ! 6  relative to the eustatic sea level curve. For instance, maximum 

! 6  occurs later as 3õ/3ô decreases during both sea level rise cycles because the deeper 

channels (or incised valleys in the case of the rapid cycle) must be filled before the river can 

avulse to other parts of the subaerial basin (Figure 26). This suggests that it may be possible to 

identify the timing of relative sea level rise in a basin based on whether sediment packages within 

a basin are evenly distributed across a basin or variable. If a basin tends to have spatially-variable 

stratal packages, then the thickest deposits could be correlated to having been deposited during 

the latter part of relative sea level rise, whereas the thickest deposits in basins with evenly 
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distributed sediment likely formed earlier. Further investigation of this with a range of boundary 

conditions can reveal whether the distribution of depositional and erosional features can be used 

correlate the evolution of the fluvio-deltaic system to the timing of sea level change when 

autogenic processes are present to interact with allogenic ones. 

Figure 28. Isopach map of a basin with 3õ/3ô = 8 during the slow base level fall. Comparing 
this figure to Figure 24C reveals the depositional and erosional variability that can occur when 
3õ/3ô ≪ 1 but does not occur when 3õ/3ô ≫ 1. 

4.4.2 Subaerial Erosion and Incised Valley Formation 

Comparing ! 6  to the maximum subaerial erosion (∆ℎ(6)jiS), we see that basins with 

3õ/3ô ≪ 1 have the thickest subaerial erosion at all times but not necessarily the most net 
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subaerial erosion (compare Figure 26 and Figure 27A). This shows that basins with more 

autogenic variability have the deepest channels or incised valleys but not necessarily the most 

aerially extensive erosion. This trend can also be seen in Figure 27B, which compares how deep 

erosion is at every scan to how widespread it is. As autogenic strength decreases (3õ/3ô moves 

from small to larger ratios), thinner but more widespread subaerial erosion as well as bypassing 

takes the place of localized, deep channel incisions. This also suggests that valley incision can 

only be initiated if a certain channel erosion depth is achieved before the channel moves to 

another location. In basins with more autogenic variability (3õ/3ô ≪ 1), erosion tends to be 

deeper and more localized such that incised valleys form during the rapid fall. However, in basins 

that are more allogenically-dominated (3õ/3ô ≫ 1), channel erosion never exceeds a threshold 

value to allow for incised valley formation before the channel moves to another part of the basin. 

This corresponds with the findings by Strong and Paola (2008) that, in order to restrict fluvial 

erosion to an incised valley and prevent it from migrating across the entire basin width, localized 

erosion greater than a certain scour depth must occur within a time scale that is relatively short 

compared to the time it takes for the channel to avulse to a new location. Further work can use 

this model to explore the transition between 3õ/3ô values that yield incised valleys to those that 

do not given different allogenic boundary conditions (e.g., varying rates of sea level change) in 

order to better understand the dynamics between autogenic and allogenic forcings that allow for 

or inhibit incised valley formation. 

Differences between the timing of net erosion (minimum ! 6 ) and ∆ℎ(6)jiS tell us that 

the volume of sediment eroded does not necessarily coincide with when the deepest erosion 

occurs. While minimum ! 6  occurs at the same time for all 3õ/3ô ratios (during the maximum 

rate of sea level fall; see Figure 26), the ∆ℎ(6)jiS varies between the maximum rate of sea level 
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fall and sea level minimum depending on the ratio. The discrepancy between these two different 

minimum values can be explained in two parts. First, as previously mentioned, channels are 

confined and less able to laterally migrate when 3õ/3ô ≪ 1. During the slow fall, channels in 

basins with 3õ/3ô ≪ 1 want to deepen and incise even as sea level fall begins to slow down. As 

such, erosion will continue until sea level begins to rise. This is not the case in basins that are 

dominated by allogenic forcings (3õ/3ô ≫ 1) because channels are able to shift laterally to other 

regions of the basin where they can form new channels rather than continuing to erode within the 

same channels. This difference causes ∆ℎ(6)jiS in basins with 3õ/3ô ≪ 1 to occur during the 

sea level minimum and ∆ℎ(6)jiS in basins with 3õ/3ô ≫ 1 to occur during the maximum rate of 

sea level fall. Second, subaerial deposition occurs during slow sea level fall and can impact the 

timing and trajectory of net erosion (minimum ! 6 ). In basins with 3õ/3ô ≪ 1, it appears that 

subaerial deposition during the slow cycle causes the timing of net erosion to shift phases with the 

timing of when the thickest erosion occurs. However, in the rapid cycle, because little to no 

subaerial deposition occurs for the autogenically-dominated systems (3õ/3ô ≪ 1), ∆ℎ(6)jiS 

does not lag behind minimum ! 6 . The implication of this difference is that the timing and rate 

of change of erosional events in relation to the rate of change of sea level fall depends highly on 

lateral sediment transport processes. Low lateral sediment transport can cause the rate of localized 

erosion to increase throughout most of sea level fall, even when the rate of sea level fall itself 

decreases. This suggests that autogenic processes are an important factor controlling the rate of 

sediment distribution to various parts of the basin and can impact how sedimentation rates 

correspond to rates of relative sea level change. This model can be used in future work to better 

understand how the rate of sea level change interacts with the rate of sediment deposition and 

erosion to influence the distribution of sediment packages. Doing this would also 
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nondimensionalize our model variables and allows us to scale our results to geological time and 

length-scales. 

4.4.3 General Implications 

In the previous sections, we introduced a novel diffusive transport model that can 

simulate fluvio-deltaic systems with varying degrees of allogenic and autogenic influence. The 

ultimate goal of our work is to use this model to help us identifying how the geomorphic and 

stratal patterns from traditional representations of allogenic controls can be related to models that 

incorporate the complexities of autogenic processes. Specifically, we are interested in 

investigating how the morphology and stratigraphy that is produced evolves as we transition from 

an allogenically- to an autogenically-dominated environment. In our initial analysis, our model 

revealed that subaerial stratal packages became more disjointed and variable as more and more 

cross-stream autogenic variability was introduced (as 3õ was decreased), while the timing of 

deposition and erosional events changed as well with more autogenic influence. Our results 

suggest that there may be systematic changes in the morphological and stratigraphic products 

with increasing autogenic influence, which could help us to connect traditional interpretations 

based on allogenic processes to real-world basins exhibiting varying degrees of autogenic signals. 

Future work can use this model to further explore the questions posed here, to better understand 

how we can identify allogenic from autogenic patterns in geological settings. 
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5. Conclusion 

5.1 Climate change impacts on thermoelectric power plants 

In this work, we explored the predictions made by existing model-based studies regarding 

the impacts of climate variability on thermoelectric power plants. Particularly, in Chapter 2, we 

used empirical data to quantify the effects of ambient water and dry-bulb air temperatures on the 

thermal efficiency of once-through coal and natural gas plants, as well as the effects of wet-bulb 

air temperature on the efficiency of closed-loop plants. We found the impacts of water 

temperature to be up to an order of magnitude smaller than thermodynamic models indicate. 

Meanwhile, for both dry-bulb and wet-bulb temperatures, the effects appeared to be variable for 

open- and closed-loop plants, respectively. The discrepancy between our empirically-based 

results and previous model-based studies is likely attributed to three reasons. First, 

thermodynamically-based models assumed constant operations in response to environmental 

changes while historical data inherently incorporated the optimization of plant operations that can 

stabilize efficiency even when ambient temperatures increase. For example, plant operators can 

temporarily offset the impacts of warmer water temperature on condenser efficiency by 

increasing the exhaust flow rate across the steam turbine, a process which is typically not 

considered in model-based studies. Second, several model-based studies assumed that power 

plants always de-rate when discharge water temperatures exceed environmental regulatory limits. 

However, historical data suggested that power plants often continued to operate at high capacity 

even when the discharged water was warmer than the regulatory limit because provisional 

variances were obtained that temporarily relieve plants from permit requirements. Third, our 

analysis in Chapter 2 for once-through systems examined only the impacts of temperature on 

efficiency and usable capacity and not the effects of streamflow. Many existing studies included 
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both climate factors in their analyses, which suggests that perhaps the reason we saw a 

discrepancy between our results and theirs is because the effects of decreased streamflow on 

thermoelectric power generation are more significant than the impacts of increased water 

temperature.  

In the third chapter, we investigated this question to better understand whether reduced 

streamflow has a greater impact on power generation than increased water temperature. Using 

empirical data from the same once-through plants in Chapter 2 alongside a thermodynamic power 

generation equation, we found that temperature regulations contributed most to the decreases in 

power generation (0 − 35%), followed by streamflow constraints (0 − 35%) and then 

temperature constraints (0 − 17%). These results have several implications. First, similar to what 

Liu et al. (2017) found, the effects of ambient temperature on generation efficiency will be lower 

than previously projected if stringent temperature regulations are not in place. In other words, the 

impacts of temperature rise on generation efficiency are small. Studies often confound these two 

effects (temperature regulations on allowable generation and temperature impacts on generation 

efficiency) and present them as one. However, doing so requires making assumptions about the 

future state of environmental regulations. While regulations may become more stringent in the 

future to preserve aquatic wildlife, at the current level, the regulations are not strict for all power 

plants across the U.S. As such, future temperature impacts on thermoelectric power generation of 

once-through plants may be lower than model-based studies predict. Second, decreased 

streamflow can have detrimental effects on power generation even when water temperatures are 

relatively cool. We found that for some of the power plants located at higher latitudes in our 

study, low flow hours in the winter forced curtailment of power generation even though ambient 

temperatures were < 15	℃. This is because much of the water was stored as snow on land and 
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unavailable for use as cooling water. This problem could be exacerbated in the future in some 

regions where climate change causes winter seasons to become colder and longer. Thus, our 

results suggest that climate change mitigation efforts should consider environmental impacts on 

power generation in both summer and winter months, even though previous research focused only 

on the summer. 

Here, we introduced a modification to the KaSIM methodology used by van Vliet et al. 

(2012), Bartos and Chester (2016), and Liu et al. (2017). While these works assumed constant 

variables in their heat exchange equations (i.e., Equation 3.5), we used historical data where 

possible, which allowed us to incorporate the effects of plant optimization and simulate more 

realistic operations. For instance, previous studies calculated !\P]] and ! by using the 

thermodynamically-based relationship between temperature and efficiency shown in Figure 13, 

while we used plant-specific empirical efficiency data. The integration of empirical power plant 

data from the database described in Chapter 2 with the thermodynamic equation from Chapter 3 

allows us to more accurately project climate impacts. Future work can apply our modified 

methodology to hundreds of power plants with more accurate climate change projections to better 

understand potential region-wide impacts. 

5.2 Evolution of fluvio-deltaic systems 

 In Chapter 4, we found that the 2-D diffusive transport model with implicit differentiation 

we presented is able to closely simulate the expected sedimentation patterns for autogenically- 

and allogenically-dominated environments. When lateral sediment transport is weak (3õ/3ô ≪

1), the model reproduces sediment packages that are localized and of variable thicknesses similar 

to a highly autogenic system; meanwhile, when lateral sediment transport is strong (3õ/3ô ≫ 1), 

the model generates even, basin-wide sedimentation similar to packages represented in traditional 



 

 95 

two-dimensional models that result from changing external forcings. Through using these 

simulations and modifying the transport coefficients, we have just begun to explore how the  

fluvio-deltaic system evolves as we move from an allogenically-dominated environment (similar 

to the traditional 2-D model) to an autogenically-dominated environment with high lateral 

variability, as well as how the timing of autogenic processes in relation to the timing of sea level 

change (thereby creation of accommodation space) can impact the distribution of sediment across 

the fluvial system. We observed that autogenic processes of dissimilar magnitudes can cause 

basin morphodynamics to respond differently and at different times to allogenic boundary 

conditions. For instance, deposition during relative sea level rise can vary between autogenic and 

allogenic environments such that maximum deposition does not occur at the same time during the 

rise. Future work will further explore this and attempt to quantify differences between autogenic 

and allogenic sediment distribution in relation to the rates of change of various external controls. 

In addition, other basin responses such as shoreline migration can be assessed to identify how 

these autogenic and allogenic controls affect the timing of a host of basin-filling processes. If we 

can better understand how autogenic and allogenic processes interact in a fluvio-deltaic system to 

impact the morphology and stratigraphy of the sediment deposits, we can more accurately 

interpret the basin’s geological history. 
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Appendix A 

The 39 plants used in our study alongside their size (MW), location, cooling type, fuel type, regression R2, and water temperature, dry-
bulb air temperature, or wet-bulb air temperature coefficients. The standard errors for the coefficients are also included. Note that 
nameplate is listed as the sum of the generators used in our regression analysis, not of the plant as a whole. 

Plant 
EIA Code Plant Name State Nameplate 

(MW) 
Cooling 

Type Fuel Type Water Temp. 
Coefficient (%/°C) 

Dry-bulb Temp. 
Coefficient (%/°C) 

Wet-bulb Temp. 
Coefficient (%/°C) 

EIA1082 Walter Scott Jr. IA 1778.9 OT Coal -0.046±0.009% 0.011±0.001% N/A 
EIA1409 Michoud LA 844 OT Natural Gas -0.024±0.006% 0.006±0.002% N/A 
EIA1572 Dickerson MD 588 OT Coal -0.024±0.005% 0.003±0.001% N/A 
EIA1915 Allen S. King MN 598.4 OT Coal -0.019±0.005% -0.002±0.002% N/A 
EIA2103 Labadie MO 2389.4 OT Coal -0.065±0.008% -0.013±0.002% N/A 
EIA2408 PSEG Mercer NJ 652.8 OT Coal -0.108±0.009% 0.035±0.005% N/A 
EIA2480 Danskammer NY 532 OT Coal -0.047±0.010% 0.029±0.004% N/A 
EIA2712 Roxboro NC 1067.8 OT Coal -0.040±0.013% 0.011±0.003% N/A 
EIA2866 W H Sammis PA 2455 OT Coal -0.080±0.007% 0.0004±0.002% N/A 
EIA3140 Brunner Island PA 1616.1 OT Coal -0.042±0.009% 0.016±0.002% N/A 
EIA3161 Eddystone PA 707.2 OT Coal -0.095±0.011% 0.045±0.008% N/A 
EIA3264 W S Lee SC 355 OT Coal -0.040±0.008% 0.015±0.003% N/A 

EIA3287 McMeekin SC 293.6 OT Coal -0.071±0.016% -0.013±0.002% N/A 
EIA3298 Williams SC  632.7 OT Coal -0.097±0.007% -0.016±0.003% N/A 

EIA593 Edge Moor DE 697.8 OT Natural Gas -0.073±0.018% 0.051±0.008% N/A 
EIA620 Sanford FL 1506 OT Natural Gas -0.005±0.002% -0.003±0.001% N/A 
EIA708 Hammond GA 828 OT Coal -0.090±0.012% 0.007±0.004% N/A 
EIA7153 Hay Road DE 1193 OT Natural Gas -0.024±0.005% -0.008±0.001% N/A 
EIA733 Kraft GA 207.9 OT Coal 0.025±0.014% 0.040±0.002% N/A 
EIA990 Harding Street IN 663 OT Coal -0.044±0.007% 0.015±0.001% N/A 
EIA160 Apache AZ 408 RC Coal N/A N/A -0.001±0.002% 
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EIA3149 PLL Montour PA 1757.9 RC Coal N/A N/A -0.029±0.002% 

EIA3280 Canadys SC 353.6 RC Coal N/A N/A -0.061±0.002% 
EIA3297 Wateree SC 771.8 RC Coal N/A N/A 0.011±0.004% 

EIA4940 Riverside OK 946 RC Natural Gas N/A N/A 0.004±0.002% 
EIA55010 Cottage Grove MN 177.3 RC Natural Gas N/A N/A -0.010±0.003% 

EIA55146 Green Country OK 537.9 RC Natural Gas N/A N/A -0.014±0.001% 
EIA55225 Oneta OK 704 RC Natural Gas N/A N/A 0.037±0.003% 

EIA55298 Fairless PA 795.6 RC Natural Gas N/A N/A 0.009±0.003% 
EIA55419 Plaquemine LA 792 RC Natural Gas N/A N/A 0.037±0.002% 

EIA564 Stanton FL 929 RC Coal N/A N/A -0.013±0.004% 
EIA602 Brandon Shores MD 1370 RC Coal N/A N/A -0.020±0.003% 

EIA6076 Colstrip MT 2272 RC Coal N/A N/A 0.018±0.002% 
EIA6090 Sherburne MN 2469 RC Coal N/A N/A 0.008±0.001% 

EIA6094 Bruce Mansfield PA 1827.4 RC Coal N/A N/A 0.014±0.001% 
EIA6213 Merom IN 1080 RC Coal N/A N/A -0.003±0.002% 

EIA728 Yates GA 1487 RC Coal N/A N/A 0.002±0.001% 
EIA8066 Jim Bridger WY 2317.7 RC Coal N/A N/A 0.014±0.003% 

EIA889 Baldwin IL 1894.1 RC Coal N/A N/A 0.003±0.001% 
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Appendix B 

This article was published in Environmental Science and Technology in 2017 and is 

reprinted with permission. The document is available at DOI: 10.1021/acs.est.7b01587. 

The Comment article by Yearsley et al. (2017) is available at DOI: 

10.1021/acs.est.7b00561. 

Response to Comments on: Effects of Environmental Temperature Change on the 

Efficiency of Coal- and Natural Gas-Fired Power Plants: by Henry and Pratson 

(2016) 

We respectfully but firmly refute Yearsley et al.’s comments on three grounds. Firstly, 

their argument that the conclusions of Henry and Pratson are only valid if environmental 

regulations are ignored and water availability is unchanged disregards the broader significance of 

our findings (Yearsley et al. 2017; Henry and Pratson 2016). Prior to our paper, previous studies 

including that of van Vliet et al. only modeled how changes in air and/or water temperature affect 

power plant cooling and thus plant performance (van Vliet et al. 2012). Even though van Vliet et 

al. used empirically derived plant-specific characteristics (e.g., rated capacity), they applied these 

to thermodynamic equations of plant cooling (van Vliet et al. 2012). We on the other hand use 

publicly available time series data to assess how the efficiency and thus useable capacity of 

individual power plants actually relates to the temperatures of the air and/or water the plants used 

for cooling (Henry and Pratson 2016). We do this by statistically analyzing multiple years of 

hourly plant input, output, and local temperature data for tens of individual power plants located 

throughout the U.S. (Henry and Pratson 2016). Thus, we constrain not only the unique sensitivity 

of each plant’s efficiency to air and/or water cooling temperatures, but also the uncertainty 
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associated with these sensitivities, an important issue not addressed by van Vliet et al. (2012; 

Henry and Pratson 2016). Furthermore, our temperature sensitivities apply to all levels of output 

achievable by the plants, not just when the plants are running at full capacity as modeled by van 

Vliet et al. (2012; Henry and Pratson 2016). 

Secondly, Yearsley et al. incorrectly argue that our efficiency results cannot be compared 

to van Vliet et al.’s usable capacity because they are obtained using different equations and 

methods (Yearsley et al. 2017). While our equations and methods are indeed different, our 

estimates of changes in power plant efficiency, represented by the regression coefficients d, e and 

p in equations (2) and (3) of Henry and Pratson (2016), are in fact directly related the plant’s 

usable capacity, i.e. when efficiency decreases, output or usable capacity decreases holding all 

else constant. This can be seen by rearranging equation (1) for efficiency in Henry and Pratson 

(2016) and then converting it into change in useable capacity, ∆UC	 MW , for the type of 40-

plant region modeled by van Vliet et al. (2012): 

E()*	 MWh = η ∗ F01	 mmBtu ∗ 6	789

:.<6=	>>?*)
       [1] 

∆UC	 MW = ∆@ABC	 789

9
= ∆D	 %

∆F	(℃)
∗ ∆T		 ℃ ∗ KLM

NOP	 >>?*)/9

RST1*
∗ Region	size	 40	Plants ∗ 6	789

:.<6=	>>?*)
  [2] 

where ∆D
∆F

 is the change in a power plant’s efficiency per degree increase in temperature, i.e., our 

regression coefficients d, e, and p, and ∆T is the future summer average water temperature 

increase estimated by van Vliet et al. (2012), such that ∆D
∆F
∗ ∆T is the total change in efficiency 

due to future temperature increase. F01
>Tb is each individual plant’s maximum fuel energy input per 

hour, which we use here because van Vliet et al.’s equations for required water withdrawal (q) are 

based on the plants’ installed or maximum rated capacity (KW; van Vliet et al. 2012). This 

calculated megawatt change in usable capacity is then converted to a percentage change. 
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Finally, Yearsley et al. (2107) misrepresent aspects of our study in ways that imply we 

overstated the relevance of our findings. For instance, they characterize our suggestion that 

droughts may have a greater impact on plant performance than temperature as being made 

“without further analysis” (Yearsley et al. 2017). In fact, by this section in our paper, the 

Discussion section, we had already demonstrated through thorough statistical analysis that the 

temperature impact on power plant efficiency (and thus usable capacity) was minor (Henry and 

Pratson 2016). Given the difference between this result and the larger impacts estimated by van 

Vliet et al. (2012) and Bartos and Chester (2015), both of which were based on the combined 

modeled effects of water temperature and drought, we simply suggested that the difference may 

be because droughts affect power plant performance more than temperature does. 

Yearsley et al. (2017) also use an incomplete quote from our study to conclude that 

because we highlighted a multitude of instances in our data when temperature regulations were 

not observed, we “assume that these regulations will also be ignored in the future.” However, we 

do not make any assumptions about the future state of regulations. Rather, our full statement says, 

“Thus, studies that have assumed open-loop plants reduce output at 27−30 °C will have 

overestimated the impact of water temperature on efficiency, unless future enforcement of these 

regulations becomes more stringent.” They further misrepresent the relevance of our findings by 

stating that we recommend the switch from once-through to closed-loop cooling systems “despite 

[our] finding on the low impacts of climate change on electricity production.” We did not 

recommend a switch but simply stated that our finding that “the plants least affected by and thus 

least vulnerable to environmental temperature change are closed-loop plants” provides 

“additional support to the EPA’s Clean Water 575 Act 316(b)” (Henry and Pratson 2016). 
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 It appears to us, having spent considerable time revisiting van Vliet et al.’s (2012) paper 

and supporting information, that useable capacity in their analysis declines with rising water 

temperatures less so because of the temperature impacts on plant thermodynamics (e.g., reduced 

heat exchange capacity between the boiler and cooling cycles decreases plant efficiency), and 

more because temperatures that approach environmental regulatory limits (encapsulated by 

parameters Tl>Tb and ∆Tl>Tb in equations 3A&B of van Vliet et al.) require operators to reduce 

plant output towards zero (van Vliet et al. 2012; Koch and Vögele 2009). This leads us to make 

the following converse argument to that of Yearsley et al. (2017). The conclusions of van Vliet et 

al. are only valid under the assumptions that (1) current environmental regulations are strictly 

observed, (2) current regulations will not change in the future, (3) plant operations are not 

optimized to deal with temperature and water availability impacts (which, as we argued in our 

paper, could be a significant reason why many of the plants we studied are not very sensitive to 

environmental temperature change), and (4) future cooling water availability will undergo 

significant change. While we acknowledge the very real possibility of the last assumption, we 

suggest caution about accepting assumptions (1) – (3). 
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