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ABSTRACT

Urban flooding and runoff have become prominent issues for many cities and regions,

arising from a combination of altered precipitation patterns, urban growth, development in

floodplains, and increases in impervious surfaces. Additionally, climate models consistently

project that frequency, severity, and duration of hydroclimatic extremes will increase over

this century under climate change. However, there is still uncertainty in accurately repre-

senting the hydrologic cycle in climate models. In this study, total runoff from the fully

coupled Community Earth System Model (CESM) historical simulations that participate

in the Coupled Model Intercomparison Project Phase 6 (CMIP6) were validated against

two datasets, University of New Hampshire-Global Runoff Data Centre (UNH-GRDC) and

the Modern-Era Retrospective analysis for Research and Applications, Version 2 (MERRA-

2), and urban runoff under future climate change scenarios was analyzed. Global annual

monthly runoff averages from the period 1986-1995 were calculated for CESM, UNH-GRDC,

and MERRA-2, and bias and correlation coefficients between CESM and UNH-GRDC and

CESM and MERRA-2 were calculated. Future urban runoff across three CMIP6 Shared

Socioeconomic Pathways (SSPs) — 2-4.5, 3-7.0, and 5-8.5 — was also analyzed and changes

between the future period of 2041-2050 and the present period 2016-2020 were evaluated

for each scenario. Annual average bias calculations showed spatial consistency between the

CESM simulations and both the UNH-GRDC composite runoff data and the MERRA-2

reanalysis data. However, there is spatial inconsistency in some areas highlighted as major

runoff producers, such as the Amazon basin and Southeast Asia, as well as mountainous

regions outside the United States. The data also suggest that CESM is more accurate with

temporal averaging. Urban runoff analysis suggests that future hydroclimatic conditions will

vary widely depending on present human action. Through the validation of CESM’s total
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runoff component and the analysis of future urban runoff, insight is provided into possible

improvements in representing runoff in CESM and understanding of the benchmark of runoff

uncertainty in CESM’s future hydroclimatic projections is advanced.
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CHAPTER 1

INTRODUCTION

The urban landscape is continuously expanding and aging. According to the United

Nations, the world’s urban population is expected to increase from 55% to 68% by 2050,

and in North America alone, 82% of the population already lives in the urban environment

[1]. In the United States, city infrastructure is continuing to age, and the 2021 report

from the American Society of Civil Engineers assigned U.S. infrastructure an overall grade

of C-, or “mediocre, needs attention” [2, 3]. Most infrastructure shows general signs of

deterioration, with some elements showing major deficiencies in functionality and increasing

vulnerability to risk [2]. Stormwater infrastructure, which includes concrete storm sewers,

roadside ditches, and flood control reservoirs, as well as rain gardens and natural riverine

systems, received a grade of D, with the report citing that $8 billion in federal funding

is needed to bring current stormwater infrastructure up to standard [4]. More people are

moving from rural to urban areas, further stressing cities and creating a variety of challenges.

In addition, urban environments are particularly vulnerable to climate change impacts

[5–7]. The infrastructures within urban areas are especially at risk from hydroclimatic

extremes associated with climate change if they are stressed by age, demand, or are located

near coastlines, storm tracks, rivers, and arid areas of vegetation [8]. Urban flooding has

become a prominent issue for many cities, arising from a combination of altered precipitation

patterns, urban growth, development in floodplains, and increases in impervious surfaces [9].

Climate models consistently project that frequency, severity, and duration of these extremes

will increase markedly over this century under climate change [10, 11]. However, there is still

uncertainty in accurately representing the hydrologic cycle in the Community Earth System

Model (CESM) and other climate models. Validation of hydrologic variables modeled by the

state-of-the-art climate models provides an opportunity to gain insight for their improvement
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in representing hydrologic processes and the benchmark of the uncertainty in models’ future

hydroclimatic projections. Additionally, previous efforts to examine runoff have studied

regional or non-urban runoff, rather than runoff in urban areas specifically, highlighting the

need for urban-specific hydrologic analysis.

This analysis poses the following key research questions in response to the need for vali-

dation of hydrologic variables of CESM and the projection of urban runoff in particular:

1. How accurate is CESM in projecting runoff spatially and temporally when compared

with observational-based data?

2. What kind of predictions does CESM make with regards to urban runoff under different

future climate change scenarios?

Runoff was analyzed because it represents a key hydrologic variable associated with hu-

man intervention and stormwater infrastructure. The results from these research questions

will help provide information on the accuracy of CESM’s projection of runoff and other hy-

drologic processes involved with runoff. They will also provide insight into potential future

hydroclimatic conditions globally.
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CHAPTER 2

BACKGROUND

2.1 The Coupled Model Intercomparison Project

Since its start over 20 years ago, the Coupled Model Intercomparison Project (CMIP)

has evolved into a major factor influencing national and international assessments of cli-

mate change, such as the Intergovernmental Panel on Climate Change (IPCC) reports [12].

CMIP’s objective is to “better understand past, present, and future climate changes arising

from natural, unforced variability or in response to radiative forcing in a multi-model con-

text” [12]. CMIP attempts to assess model performances and make model output publicly

available in a standardized format [13]. Three major components make up the most current

version of CMIP, the Coupled Model Intercomparison Project Phase 6 (CMIP6). The first

is a set of common experiments, the Diagnostic, Evaluation, and Characterization of Klima

(DECK) experiments and CMIP historical simulations. The second is common standards,

coordination, infrastructure, and documentation that help to organize model output distri-

bution and the “characterization of the model ensemble” [12]. The third is the use of a more

federated structure, which builds on other autonomous CMIP-endorsed Model Intercompar-

ison Projects (MIPs) [12]. The analysis presented in this study did not use any of the DECK

experiments, but did use CMIP6 historical simulations. In addition, CMIP6 houses multiple

sub-projects, known as CMIP6-Endorsed MIPs [12]. One of these MIPs is the Scenario Model

Intercomparison Project (ScenarioMIP). ScenarioMIP provides standardized conditions to

drive the models approved for use in CMIP6 and compiles the projections from the models

for these scenarios. The ScenarioMIP portion of CMIP6 thus provides climate projections

across multiple models based on several relevant scenarios. These projections are driven by

different emissions and land-use scenarios, based on potential future development pathways,
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known as Shared Socioeconomic Pathways (SSPs) [14]. These projections help to provide

information on what Earth’s climate could possibly look like under different development

scenarios, giving key insight into how human activity will impact the planet moving forward.

2.1.1 CMIP6 Historical Simulation

The CMIP6 historical simulation covers a period spanning from 1850 and proceeding

through 2014 due to its thorough instrumental temperature measurements [12]. The his-

torical scenario, which involves historical forcing, is constrained by observational data for

1850-2014, including known emissions of short-lived species and long-lived greenhouse gases

(GHGs), GHG concentrations, gridded land-use forcing data sets, solar forcing, and more

[12]. The CMIP6 historical simulations provide valuable opportunities to assess model per-

formance against observational data for previous years and can help determine if climate

model forcing and sensitivity correlate with the observational records. Additionally, these

simulations also provide an opportunity to identify variability and century timescale trends

in a model’s prediction of climate [12].

2.1.2 CMIP6 Future Projections

For the purposes of this study, three different future scenarios of CMIP6 were relevant:

SSP2-4.5, SSP3-7.0, and SSP5-8.5. Each future projection involved a SSP and a Represen-

tative Concentration Pathway (RCP), or climate forcing, value [15]. SSP2-4.5 represents a

“middle of the road” scenario with medium challenges to mitigation and adaptation with 4.5

Wm-2 climate forcing. SSP2-4.5 is considered to be a medium forcing pathway representing

a mitigated scenario. SSP3-7.0 represents a “regional rivalry” scenario with high challenges

to mitigation and adaptation with 7.0 Wm-2 climate forcing. SSP3-7.0 is a medium to high

forcing pathway where some mitigation occurs. SSP5-8.5 represents a “fossil-fueled devel-

opment” scenario with 8.5 Wm-2 climate forcing. SSP5-8.5 is the high end forcing pathway

where fossil fuels continue to be the dominant energy source [14].
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2.2 The Community Earth System Model

The Community Earth System Model (CESM) is a fully-coupled, global-scale climate

model, and is one of the models that participates in CMIP6 [16]. It is hosted at the National

Center for Atmospheric Research (NCAR) in conjunction with researchers in the Earth

system science community [17]. CESM is a complex model capable of synthesizing physical,

chemical, and biological processes, and has five major components that communicate through

a coupler: the atmosphere, land, land ice, ocean, and sea ice [17].

Prior to the creation of what is now CESM, several iterations of climate models were

launched. The Community Climate Model (CCM) was created in 1983 by NCAR, which was

then replaced by the development of the Climate System Model (CSM) in 1994. Through

the development of the second version of CSM in 1996, the model was renamed as the

Community Climate System Model (CCSM), which is the direct predecessor to CESM as

it is now [18]. CCSM underwent several versions, and as version 4 was being developed,

the model became recognized as an Earth system model (ESM) and was renamed CESM

to reflect the update. CCSM, version 4 (CCSM4) and CESM, version 1 (CESM1) are thus

referred to interchangeably. CESM1/CCSM4, as opposed to its predecessors, is classified

as an ESM because it incorporates an interactive carbon cycle component [17]. CESM is

capable of interactive carbon-nitrogen cycling, includes a marine ecosystem-biogeochemical

module, and is able to incorporate global dynamic vegetation and land use change due to

human activity, in addition to including chemiophysical processes that allow for better study

of aerosols, among other updates [17]. The most recent version of CESM is CESM version

2 (CESM2) [18].

2.2.1 The Community Land Model

The land component of CESM is officially known as the Community Land Model (CLM),

with CLM5.0 being the most recent version and the default model for CESM2 [19]. CLM

is able to quantify ”ecological climatology” concepts. Ecological climatology refers to an in-

terdisciplinary framework used to better understand how climate is effected by natural and
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human driven changes in vegetation [20]. CLM focuses mainly on how terrestrial ecosys-

tems and their various biological, chemical, and physical processes can affect climate and

also be affected by climate. CLM represents multiple aspects of the land surface and in-

cludes submodels and components associated with the hydrologic cycle, biogeochemistry,

land biogeophysics, ecosystem dynamics, and human dimensions [20]. Grid cells in CLM

are composed of the five landunits: vegetated, glacier, wetland, lake, and urban. CLM is

of particular interest because it allows for direct study of how humans can affect global

environmental change. The urban model and other parameters in CLM have been widely

validated against both in situ and remote sensing observations [21–23]. However, there is

still uncertainty in accurately representing the hydrologic cycle in CLM and other climate

models [24].

2.2.2 The Community Land Model Urban

The Community Land Model Urban (CLMU) simulates “local urban climate as an opera-

tional component of a global climate model” [25]. CLMU is the urban submodel embedded

within CLM, and is able to simulate the radiation, energy, water, and mass transfer between

land and the lower atmosphere in urban environments for present-day climate and climate

change scenarios [25]. It provides the urban landunit information for CLM. The model does

not simulate specific cities but uses idealized representations of “urban canyons.” The urban

canyon landunit is comprised of five components: roof, sunlit wall, shaded wall, and pervious

and impervious surfaces on the canyon floor [25, 26]. The canyon components are arranged

according to building height and street width [25]. Biophysical and hydrological processes

are captured over each of these facets.

Hydrology for the urban canyon is simulated for the roof and canyon floor, and the walls

are considered inactive hydrologically [25]. Liquid water ponds on roofs and canyon floors,

which then supports evaporation. Snowmelt water or water in excess of the maximum

ponding depth on both roofs and floors runs off, eventually conveyed to the ocean via

the River Transport Model (RTM) of CLM. The evaporation for pervious canyon floor is

parameterized by a bulk scheme in which evaporation is conceptualized as “...a function of
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the wetness of the entire soil column and water is removed from each soil layer” [25, 26].

In the most recent update to CLMU, the urban landunit has been expanded to include

three urban landunits, known as tall building district (TBD), high density (HD), and medium

density (MD) [25]. TBD represents an area of at least 1 km2 with buildings that are greater

than or equal to ten stories tall, and a very small pervious area (typically 5-10% of the

planned area). HD represents industrial, commercial, or residential buildings that are three

to ten stories tall and have a pervious fraction that falls between 5-25%. MD represents row

houses or apartments that are one to three stories tall and have a higher pervious fraction

ranging between 20-60% [25]. Each of these units operate independently in the grid cell [25].

2.3 The Importance of Runoff

As urbanized landscapes have become more prominent, a multitude of environmental

issues have arisen such as poorer air quality, high building energy use, and the increase

of storm runoff [27]. Research has found that global mean temperature increases have a

drastic impact on the global hydrologic cycle across spatial and temporal scales [28, 29].

As global warming intensifies the hydrologic cycle, global continental runoff increases due to

more intense evaporation over oceans, increases in continental precipitation, and decreases in

continental evaporation [28]. A recent study further confirmed that anthropogenic changes

cause global increases in extreme events, in particular stormwater runoff responses. Changes

in runoff based on temperature in the study were attributed not only to warming, but also to

land cover changes, land and water management, vegetation changes, and deforestation [30].

Land surface conditions play a major role in runoff generation, with impervious concrete

surfaces found in cities generating runoff quicker and in greater quantities than pervious

land cover common to vegetated areas. Due to the loss of pervious surface, a symptom

common to urbanization, the infiltration of rainwater into the soil is decreased, which in

turn leads to issues involving increased runoff and in more extreme cases, increased urban

flooding [31]. Because runoff responses are proven to track with anthropogenic changes,

particularly in urban areas, runoff is an important parameter to account for within global

climate modeling and in urban studies. However, uncertainty surrounding runoff projections
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in climate modeling is high [32], emphasizing the need for validation of runoff against ground-

truth datasets.

2.4 Runoff Data Sources

2.4.1 The Community Land Model’s Total Runoff Parameter

CESM calculates total runoff primarily through CLM in the form of theQRUNOFF variable,

which is a combination of the model’s projected surface runoff and subsurface runoff [33].

Surface runoff is calculated using the simple TOPMODEL-based runoff model (SIMTOP)

[34]. The calculation for surface runoff, qover, is represented by the following equation:

qover = fsatqliq,0 (2.1)

where qliq,0 is the moisture input at the grid cell surface, or the “sum of liquid precipitation

reaching the ground and melt water from snow” (kg m−2s−1) [34], and fsat represents frac-

tional saturated area, which is determined by topographic characteristics as well as the soil

moisture characteristics of the grid cell [34].

Sub-surface runoff occurs in the model when saturated soil moisture conditions are present

in the soil column [34]. It is determined by the following equation:

qdrai = ΘiceKbaseflowtanβ∆z
Nbaseflow

sat (2.2)

where qdrai is lateral sub-surface runoff, Θice is an ice impedance factor, Kbaseflow is a cali-

bration parameter, β is the topographic slope, the exponent Nbaseflow = 1, and ∆zsat is the

thickness of the saturated portion of the soil column [34]. Total runoff for each grid cell

then combines the runoff values calculated in equations 3.6 and 3.7, giving the overall total

runoff; that is, QRUNOFF = qover + qdrai.
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2.4.2 University of New Hampshire-Global Runoff Data Centre
Partnership

In a collaborative effort between the University of New Hampshire and the World Meteoro-

logical Organization’s Global Runoff Data Centre (GRDC), an observational-based gridded

surface runoff dataset derived from a global record of streamflow discharge and a water bal-

ance model was completed in the early 2000s [35]. The GRDC keeps a collection of stream-

flow from gauging stations worldwide, which provided the basis for the eventual derived

runoff values. During the development for the dataset, the gauging stations were assigned

to a validated gridded river network [35]. The stations with shorter periods of data, small

areal coverage, or erroneous values were removed, leaving 663 station sites, representing ap-

proximately 72% of the continental landmass included in the global gridded river network

[35].

A water balance model created by the University of New Hampshire was then applied to

the data to produce a distribution of mean monthly runoff. This water balance model used

a temperature-based potential evaporation function, allowing for hydrologic calculations as

a function of precipitation, land cover, soil characteristics, and air temperature [35]. In their

analysis, Fekete et al. assumed a uniform spatial distribution of runoff over interstation areas,

as they lacked additional information about runoff controls, such as atmospheric drivers [35].

They then combined the observed information from stations and the simulated information

from the water balance model using a set of correction coefficients. The resulting dataset

is referred to as UNH-GRDC to represent the partnership between the two organizations,

and provides mean monthly composite runoff data in mm/month at 0.5◦ latitude × 0.5◦

longitude resolution from 1986-1995 [35]. UNH-GRDC has previously been used to validate

runoff from prior versions of CESM’s Community Land Model (CLM) in addition to the

TOPMODEL-based runoff parameterizations used in other global climate models [36–38].

Although this dataset is heavily observation-based, some of its grid cells have observed data

for less than 50% of the observed area [36].
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2.4.3 Modern-Era Retrospective analysis for Research and Applications,
Version 2

The Modern-Era Retrospective analysis for Research and Applications, Version 2 (MERRA-

2) is a global gridded reanalysis dataset from NASA, synthesizing satellite observations and

computational modeling to provide projections of common climatic variables. Reanalysis

refers to the process where a constant data assimilation system is used to reprocess meteoro-

logical observations, in this case from satellites, dependent on an underlying forecast model

[39]. MERRA-2 is an update to the previously completed MERRA reanalysis dataset, which

encompassed the 1979-2016 period. MERRA-2 directly assimilates atmospheric tempera-

ture, humidity, and wind observations, among others, which are then used to generate land

surface precipitation [40]. Among MERRA-2’s updates is the use of observation-corrected

precipitation forcing, which has resulted in better land surface estimates, including runoff,

soil moisture, snow, and terrestrial water storage [39]. Because MERRA-2’s precipitation is

derived from assimilated data and then observation-corrected, providing a key element of the

water balance in MERRA-2, reanalysis data can be used as a model-observation composite

to evaluate CESM runoff. In addition, while MERRA-2 has been noted to generally under-

estimate runoff when compared to independent observations, its seasonally averaged runoff

estimates shows good skill against streamflow estimates in the United States [41]. MERRA-2

has been used in a variety of climate studies since its creation [42–45]. For the purposes of

this study, the MERRA-2 data used related to land surface diagnostics with monthly av-

eraged data, a set spanning from 1980-2020. Mean monthly runoff (including throughflow)

data in mm/s at 0.5◦ latitude × 0.625◦ longitude resolution was extracted from the overall

MERRA-2 data [46]. For runoff data, MERRA-2 relies more on its computational modeling

portion than UNH-GRDC does, but it still provides valuable runoff information based on

satellite observation.
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2.5 The Need for Runoff Analysis

Although the runoff parameter has been validated for previous versions of CMIP and

CESM, there is still a need for comparison with observation-based data for CMIP6 simu-

lations. UNH-GRDC and MERRA-2 data present an opportunity for this comparison and

validation, providing global gridded runoff data that, with aggregation, can be compared

directly with CMIP6’s historical simulation. Additionally, prior research in global climate

modeling on runoff has not studied urban runoff extensively. The most recent version of

CLMU provides the opportunity to examine runoff under future scenarios, particularly those

from CMIP6, in the urban landscape, and over different density classes within urban areas.

Analysis of urban runoff is increasingly necessary, as most of the global population will live

in urban areas by 2050 [1], and urban runoff contributes to urban flooding, one of the major

consequences of anthropogenic climate change and land use changes [9].
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CHAPTER 3

METHODS

3.1 Overview

This chapter provides details about the data sources used in this study, how the data

were prepared for comparison and analysis, and the assumptions made, particularly with

regards to which CESM simulations were used. The tasks for this research were divided into

two objectives based on the two research questions posed, and heavily utilized results from

simulations that have already been run on CESM as part of the CMIP6 project. The two

objectives were to validate CESM’s runoff parameter against observational-based datasets

to determine how accurate its projections of historical runoff are spatially and temporally,

and to examine the relationship between climate change and future runoff in urban areas to

understand what predictions CESM makes about urban runoff under future climate change

scenarios.

3.2 Runoff Validation

3.2.1 Dataset Information

Ideally, pure observational or ground-truth data would be used for validation. However,

pure observational runoff data are often unavailable. For this study, two different datasets

(UNH-GRDC and MERRA-2, described in Chapter 2) were used for validation against

CESM’s projections to address this challenge, despite the modeling component involved in

each runoff dataset.

The data for the validation thus came from three sources, discussed in Chapter 2. The

12



data for runoff projected by CESM came from CESM’s CMIP6 historical simulation, with

the QRUNOFF variable as the specific parameter of interest. QRUNOFF represents a calcu-

lation of total runoff, including both surface runoff and subsurface runoff, in mm/s [33].

The simulation used for validation had a horizontal resolution of 0.9424◦ latitude × 1.25◦

longitude and contained information for 1850-2014. For the purposes of this study, monthly

runoff information was extracted for the 1986-1995 period.

UNH-GRDC, a collaborative dataset from the early 2000s based on a synthesis of ground-

based runoff observations and a water balance model [35], provides mean monthly composite

runoff data in mm/month at 0.5◦ latitude × 0.5◦ longitude resolution. UNH-GRDC only

provides a record of runoff from 1986-1995, which became the limiting factor temporally for

this analysis [35].

MERRA-2 provides a variety of climatic variables relating to land surface diagnostics via

satellite reanalysis, but for the purposes of this study the record of mean monthly total

runoff (including throughflow) was used. MERRA-2 contains a record spanning the period

1980-2020, but due to the constraint of the UNH-GRDC dataset, runoff from MERRA-2

was only extracted for 1986-1995. MERRA-2’s record of mean monthly runoff (including

throughflow) data is provided in mm/s at 0.5◦ latitude × 0.625◦ longitude resolution [46].

A summary of key parameters from each of the sources is provided in Table 3.1.

Table 3.1: Dataset information for sets used for model validation.

Dataset Name Variable Description Spatial Resolution Period Covered
CESM Historical Total runoff 0.9424◦ × 1.25◦ 1850-2014

UNH-GRDC Composite runoff 0.5◦ × 0.5◦ 1986-1995
MERRA-2 Runoff (including throughflow) 0.5◦ × 0.625◦ 1980-2020

3.2.2 Validation Process

The first task was to aggregate the UNH-GRDC and MERRA-2 datasets from their respec-

tive spatial resolutions of 0.5◦ latitude × 0.5◦ longitude and 0.5◦ latitude × 0.625◦ longitude

to the same degree system as the CESM simulations (0.9424◦ × 1.25 ◦ resolution) to ensure

appropriate and compatible comparison across the three datasets. Additionally, the unit sys-
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tem of runoff from CESM and MERRA-2 needed to be converted from mm/s to mm/month

to be consistent with UNH-GRDC. To properly aggregate the data and convert the units,

data processing tools in R were used in the NCAR’s High Performance Computing (HPC)

cluster — Cheyenne. The ten year historical period of 1986-1995 covered in UNH-GRDC

was chosen as the period of focus for the validation due to the need to validate the model

with primarily observational data. For the conversion from mm/s to mm/month the exact

number of days correlating to each month were used and leap years accounted for.

After completing the aggregation and necessary unit conversions, the monthly average for

each year of runoff across the 10-year period for each dataset was calculated. The annual

monthly average runoff was calculated for each year followed by the calculation of the mean

across all 10 years as shown in Equations 3.1 and 3.2. Equations 3.1 and 3.2 were used for all

three datasets to determine the annual monthly average runoff from 1986-1995. QRunoff, n

represents the monthly average runoff across each month m for year n in the ten year period

of 1986-1995, while QRunoff represents the monthly average runoff across the ten year period.

QRunoff, n =

∑ 12
m=1QRunoff, m

12
(3.1)

QRunoff =

∑ 10
n=1QRunoff, n

10
(3.2)

After calculating the annual monthly average runoff from 1986-1995, the annual monthly

average from the CESM simulations was compared against UNH-GRDC and MERRA-2 to

calculate global bias using Equations 3.3 and 3.4. BUNH−GRDC refers to the global bias

between CESM and UNH-GRDC, and BMERRA−2 refers to the global bias between CESM

and MERRA-2.

BUNH−GRDC = QRunoff, CESM −QRunoff, UNH−GRDC (3.3)

BMERRA−2 = QRunoff, CESM −QRunoff, MERRA−2 (3.4)

Positive values in global bias indicated that CESM overestimated runoff compared to

UNH-GRDC or MERRA-2, while negative values indicated CESM underestimated runoff
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with respect to either UNH-GRDC or MERRA-2. Basic summary statistics for both sets

of global bias, including global mean difference, standard deviation, and root mean square

error, were generated.

For the final task in the validation process, correlation coefficients were calculated across

the 120 months in the 10-year period for each grid cell to determine the strength of the model

on capturing the monthly variations. Equation 3.5 shows the calculation of the correlation

coefficient, which was completed at each grid cell. The sample correlation coefficient, rxy

is calculated using sx and sy, the standard deviation of set x and y, which in this instance

correspond to CESM and either UNH-GRDC or MERRA-2. The variable sxy represents the

sample covariance. Correlation coefficients were calculated between CESM and UNH-GRDC

and also CESM and MERRA-2.

rxy =
sxy
sxsy

(3.5)

3.3 Future Urban Runoff Analysis

While the first objective of this study focused on validating grid cell mean total runoff,

this second objective focuses on urban runoff, as the urban landscape is of particular interest

with respect to climate change and planning since a majority of the world population will

be living in cities by 2050 [1].

3.3.1 Urban Runoff Remapping

For the future climate scenarios, CESM’s projection of SSP2-4.5, SSP3-7.0, and SSP5-

8.5 were used. These three scenarios have already been simulated in CESM, similar to the

historical simulation. SSP2-4.5, SSP3-7.0, and SSP5-8.5 all contain data from 2015-2100.

For this study, the total runoff results were extracted from each scenario and then remapped

to urban areas. An area-weighted average of runoff was calculated across three different

building densities: tall building district (TBD), high density (HD), and medium density

(MD). TBD represents an area of at least 1 km2 with buildings that are greater than or
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equal to ten stories tall, and a very small pervious area (typically 5-10% of the planned

area). HD represents industrial, commercial, or residential buildings that are three to ten

stories tall and have a pervious fraction that falls between 5-25%. MD represents row houses

or apartments that are one to three stories tall and have a higher pervious fraction ranging

between 20-60% [25].

3.3.2 Future Urban Runoff Comparison

To determine how urban runoff would change for each scenario, present and future periods

were selected to compare: 2016-2020 representing the present-day climate and 2041-2050 rep-

resenting the future projected middle-of-the-century climates. The weighted monthly urban

runoff was averaged across each grid cell for the present and future period for each scenario

using Equations 3.6 and 3.7. QRunoff, 2016−2020, n represents the weighted runoff average of

the 60 months m from 2016-2020 for scenario n, while QRunoff, 2041−2050, n represents the

weighted runoff average of the 120 months m from 2041-2050 for scenario n.

QRunoff, 2016−2020, n =

∑ 60
m=1QRunoff, m

60
(3.6)

QRunoff, 2041−2050, n =

∑ 120
m=1QRunoff, m

120
(3.7)

For the present period, only the five year period of 2016-2020 was averaged, as opposed

to the full decade of 2011-2020, since the CMIP6 future simulations only start from 2016.

After calculating the averages for the present and future periods for each of the three

scenarios, the present period was subtracted from the future period for each scenario to

understand how the annual average urban runoff might change. If the difference for a grid

cell was positive, the average urban runoff increased under that scenario, and if negative,

the average urban runoff decreased under that scenario for that location. It was predicted

that the higher emissions scenarios would have an average positive difference, since literature

implies that climate change intensifies the hydrologic cycle [28].
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Percent change in average annual urban runoff from the present-day climate was also

calculated for each grid cell, and is reported for each scenario in Appendix A.

Additionally, change in precipitation from the present to the future period for each sce-

nario was calculated and examined to determine if the patterns present in the changes in

precipitation tracked with the patterns in urban runoff. Precipitation is a major contributor

to runoff in CESM [34] and is represented by one value for each grid cell. It did not have to

be remapped since precipitation is the same within a certain grid cell across all the sub-grid

land units.

The same future versus present comparison process was completed specifically for the

June, July, and August (JJA) months and the December, January, and February (DJF)

months for the present and future periods. This analysis was completed to discern how

runoff might change over the summer and winter seasons, respectively, since each season is

associated with different climatic conditions.

3.3.3 Density Analysis

In addition to examining the difference between the future and present scenarios, an anal-

ysis was conducted to investigate the impacts of built morphology on the urban runoff. Only

major metropolitan centers have a TBD density class associated with the city, which meant

that there were fewer grid cells that were utilized in the density analysis. The MD density

class runoff average was subtracted from the TBD density class, with positive difference

values indicating that TBD produces more runoff and negative difference values indicating

that MD produces more runoff. This calculation was completed for both the future and

present climatic conditions for each scenario.

3.3.4 Time Series Analysis

The last component of the future urban runoff analysis involved examining how global

and area-specific averages of weighted urban runoff changed changed throughout the entire

2016-2050 period. Time series plots were created to visualize overall trends in global and
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area-specific urban runoff depending on the scenario. All 420 months from the beginning

of 2016 through the end of 2050 were included in this analysis. Using linear regression, a

trend line for the time series data was calculated to determine if there was a trend towards

runoff increasing, decreasing, or on average remaining the same over the 35 year period.

SSP2-4.5 and SSP5-8.5 were the two scenarios of focus, since SSP2-4.5 represents a more

mitigated scenario whereas SSP5-8.5 represents a more extreme emissions pathway. Time

series analysis was completed on a global level and also for the United States specifically.
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CHAPTER 4

RESULTS

4.1 Overview

This analysis validates CESM modeled total runoff against observational-based datasets.

It demonstrates the strengths of CESM’s ability to estimate runoff across larger temporal

periods, while also highlighting notable areas of improvement. The average global difference

for the 10-year period of analysis between CESM’s historical projection of runoff and UNH-

GRDC was 5.86 mm/month. CESM’s global grid cell mean was 22.86 mm/month, and

UNH-GRDC’s was 21.7 mm/month, a slight difference. The 95% confidence interval for

CESM ranged from 22.34-23.39 mm/month and for UNH-GRDC ranged from 21.1-22.3

mm/month, showing that CESM tracked well with UNH-GRDC’s runoff values, except

tended to marginally overpredict. The average difference between CESM and MERRA-2,

however, was 17.38 mm/month. MERRA-2’s global grid cell mean was 15.86 mm/month,

and its 95% confidence interval ranged from 15.5-16.21 mm/month. Both of these values are

lower than CESM’s as well as UNH-GRDC’s, showing higher levels of overprediction from

CESM when compared to MERRA-2.

In the 10-year average runoff calculation, CESM shows spatial consistency with both

UNH-GRDC and MERRA-2, although it tends to calculate higher values of runoff com-

pared to MERRA-2 and notes more values of underprediction when compared to UNH-

GRDC. Correlation coefficient analysis across the 120 months indicates that with smaller

temporal periods where averaging is not involved, CESM is not as accurate in its projection

of runoff. Additionally, CESM struggles with projecting runoff to areas with high precipita-

tion and mountainous regions, namely the Amazon basin, Southeast Asia, the Andes, and

the Himalayas.
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This study also examines the relationship between climate change and future runoff in

urban areas, emphasizing that global hydrologic conditions are massively reliant on present

human activity, and impacts to future urban runoff will vary greatly depending on the

location and the level of emissions. Patterns in precipitation change are mirrored in the

changes in runoff for each scenario, and the magnitude of runoff and precipitation is very

similar. In addition, global average urban runoff is projected to increase by 1.93 mm/month

under more intense emissions scenario (SSP5-8.5) over the 2016-2050 period according to

the regression trend line fit to the data, whereas the increase is not as high under the more

mitigated SSP2-4.5 scenario, which only sees an increase of 0.67 mm/month. The results of

this analysis also indicate that TBD produces up to 50 mm/month more runoff than other

density classes, regardless of time period, likely due to the high amount of impervious surface

associated with TBD.

4.2 CESM’s Runoff Validation

4.2.1 Annual Average Monthly Runoff Bias

Figure 4.1(a) shows the annual average monthly bias between the CESM historical sim-

ulation and UNH-GRDC for the 10-year period. The UNH-GRDC average values of runoff

were subtracted from the CESM average values, with positive values indicating an overbias

from CESM, and negative values indicating an underbias. Notable areas of underbias are the

Amazon basin, Guatemala, and the Bangladesh/Myanmar border near the Indian Ocean,

which note underprediction values ranging from 100-200 mm/month. Overbias can consis-

tently be seen for prominent global mountain ranges such as the Andes and the Himalayas,

with a few spots in the Himalayas seeing close to 400 mm/month overprediction and closer to

the 200-300 mm/month overprediction range in the Andes, suggesting topography-induced

bias errors in the simulated hydrology in the CESM. A slight overbias can also be observed

in Southeast Asia, ranging from 100-200 mm/month overprediction. The calculated global

mean bias value for this comparison was a difference of 5.86 mm/month, with a standard

deviation of 27.87 mm/month, and a root mean square error of 28.48 mm/month.
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Similar to Figure 4.1(a), Figure 4.1(b) illustrates the annual average monthly bias be-

tween the CESM historical simulation and MERRA-2 for the 10-year period. For Figure

4.1(b), the MERRA-2 average values were subtracted from the CESM average values. With

relation to MERRA-2, there is a more prominent overbias in Southeast Asia from CESM,

ranging from 100-300 mm/month overprediction, and the overbias from the Andes and the

Himalayas is even more prevalent, with more of the Himalayas having close to 400 mm/month

overpredicted and more of the Andes being in the 200-300 mm/month overprediction range

compared to the CESM and UNH-GRDC comparison. There are still pockets of underbias

in the Amazon basin, but they are not as pronounced as in Figure 4.1(a), closer to the 0-100

mm/month underprediction range. The calculated global mean bias value for this compar-

ison was a difference of 17.38 mm/month, with a standard deviation of 38.04 mm/month,

and a root mean square error of 41.82 mm/month.

The annual average bias calculation shows spatial consistency between the CESM simula-

tions and both the UNH-GRDC composite runoff data and the MERRA-2 reanalysis data.

Comparison between CESM and MERRA-2 suggests that CESM tends to calculate higher

runoff values than does MERRA-2, as evidenced by the average global mean bias (17.38

mm/month) as well as the difference in each set’s 95% confidence interval (22.34-23.39

mm/month for CESM and 15.5-16.21 mm/month for MERRA-2). Comparison between

CESM and UNH-GRDC suggests more consistency in runoff values between the two, also

evidenced by the average global mean bias between the two (5.86 mm/month) and each set’s

95% confidence interval (21.1-22.3 mm/month) but notes more underpredictions of runoff.

Both comparisons showed there is a spatial inconsistency in the areas highlighted as ma-

jor runoff producers, namely the Amazon basin and much of Southeast Asia. Both datasets

note that CESM underestimates runoff in the Amazon and overestimates runoff in Southeast

Asia. Both comparisons also indicate an overbias as high as 400 mm/month from CESM in

the mountainous regions outside of the United States.
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(a) Bias between CESM and UNH-GRDC.
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(b) Bias between CESM and MERRA-2.

Figure 4.1: Average monthly runoff bias between CESM simulations and (a) UNH-GRDC
and (b) MERRA-2 from 1986-1995.
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4.2.2 Correlation Coefficient

The correlation coefficient values between CESM and UNH-GRDC, shown in Figure 4.2(a),

range between -1 and 1, with no visibly apparent spatial pattern. This lack of pattern

suggests that CESM does not predict runoff values well for smaller temporal periods, such

as on a monthly basis, particularly since many of the values are closer to zero, indicating

no or slight correlation for those grid cells across the 120 months. Correlation coefficient

values of ± 0.7 or greater represent a strong or significant positive or negative relationship,

respectively [47]. None of the negative correlation coefficient values between CESM and

UNH-GRDC are larger than -0.5, and only 1,159 out of the full 11,343 non-NA grid cells, or

10.2%, have values of 0.7 or higher, meaning only 10.2% of the grid cells have a strong positive

relationship across the 120 months. Additionally, grid cells in Northern Africa, the Middle

East, parts of the United States, and the eastern part of Australia appear to be missing

values. These gaps are because the correlation coefficient cannot be calculated for grid cells

that have too many missing (NA) values, which is likely the case with the UNH-GRDC

dataset. The UNH-GRDC dataset provided runoff values where data were available for that

month and that particular year, but was not able to provide a fully comprehensive record.

Similar to Figure 4.2(a), the correlation coefficient values between CESM and MERRA-2,

shown in Figure 4.2(b), do not have an apparent pattern and vary widely between -1 and

1. None of the negative correlation coefficient values between CESM and MERRA-2 are

larger than -0.6, and only 950 values out of the 14,447 non-NA grid cells, or 6.58%, have

values of 0.7 or higher, even less than the evaluation between CESM and UNH-GRDC. This

further suggests that CESM does not do well in its prediction of runoff values for smaller

temporal periods, but rather is more accurate with temporal averaging. Since MERRA-2 is

not strictly an observational dataset and is heavily reliant on computation for its data, it

does not have the missing values issue that UNH-GRDC does.
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Figure 4.2: Overall correlation coefficient between CESM simulations and (a) UNH-GRDC
and (b) MERRA-2 from 1986-1995.
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4.3 Future Urban Runoff Analysis

4.3.1 Present and Future Runoff Comparison

For the final part of the the analysis, weighted urban runoff for future climate change sce-

narios was examined and how those values would change relative to the model’s projection

of the present were calculated. Changes in urban runoff depended on the area of the world

and the scenario, with some regions projected to get wetter (see increases in urban runoff

compared to the present climate) while some regions are projected to get drier (see decreases

in urban runoff compared to the present climate), as shown in Figure 4.3. In SSP2-4.5, ur-

ban runoff notably increases in Japan, the Philippines, southern Thailand, southern India,

and Ecuador, with increases ranging from 10-60 mm/month. Urban runoff is projected to

decrease in Indonesia, Malaysia, Fiji, most of Central America into Colombia, Brazil, cen-

tral India, central China, as well as across the majority of Europe, with prominent decreases

ranging from 10-60 mm/month, with the most intense decrease close to 60 mm/month occur-

ring in Central America. In scenario 3-7.0, the decrease in urban runoff is more pronounced

in Central America to Colombia, with more grid cells in that region reporting decreases of

30-60 mm/month, and there are other decreases in Vietnam, southern Thailand, and the

Philippines, all noting decreases close to 20-30 mm/month. The decrease in the Philippines

is intriguing, as under scenario 2-4.5, urban runoff was projected to increase. Under scenario

3-7.0, urban runoff in China noticeably increases, reporting increases in the 15-50 mm/month

range, and also increases across Indonesia and eastern India by 15-60 mm/month. Japan

still has increases in urban runoff, looking to be in the 15-30 mm/month range, but they

are not as pronounced as in scenario 2-4.5. In scenario 5-8.5, most of India sees a decrease

in urban runoff in the 0-30 mm/month range, except near the Himalayas, which is more in

the 30-50 mm/month range. More grid cells across Vietnam also see a decrease (in com-

parison to the previous scenarios), as does southern Thailand, with decreases ranging from

20-60 mm/month. Eastern China sees a decrease in urban runoff, as does the Philippines

again, with decreases ranging from 15-45 mm/month. Central America into Colombia also

continues to see a decrease in urban runoff in the 30-50 mm/month range, although it is not
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nearly as pronounced as in scenario 3-7.0. There is a noticeable increase in urban runoff in

Nigeria as well as Peru in the 15-50 mm/month range.

Figure 4.3 also includes a side-by-side comparison of the change in average precipitation

from the present to the future period. The difference in urban runoff tracked very closely

with the difference in precipitation for each scenario, except for Southeast Asia in SSP3-

7.0. Vietnam, Thailand, Malaysia, Indonesia, and the Philippines all note opposing runoff

difference signage when comparing runoff and precipitation. Aside from that area in SSP3-

7.0, precipitation was generally slightly higher in magnitude than runoff, in agreement with

the model’s hydrology, as not all precipitation is partitioned to runoff.

In Figure 4.4, the summer months (JJA) for each scenario tend to have more pronounced or

higher changes in runoff when compared to the winter months. Both DJF and JJA exhibit

higher amounts of either positive or negative urban runoff than do their overall averages

shown in Figure 4.3.

26



−50

0

50

−100 0 100 200

Longitude (o)

La
tit

ud
e 

(o )

−60−30 0 30 60
Average Monthly Weighted Urban Runoff Difference (mm/month)     

Difference of Average Monthly Runoff Between 2041−2050 and 2016−2020 Scenario 2−4.5

(a)

−50

0

50

−100 0 100 200

Longitude (o)

La
tit

ud
e 

(o )

−60−30 0 30 60
Average Monthly Precipitation Difference (mm/month)     

Difference of Average Monthly Precipitation Between 2041−2050 and 2016−2020 Scenario 2−4.5

(b)

−50

0

50

−100 0 100 200

Longitude (o)

La
tit

ud
e 

(o )

−60−30 0 30 60
Average Monthly Weighted Urban Runoff Difference (mm/month)     

Difference of Average Monthly Runoff Between 2041−2050 and 2016−2020 Scenario 3.7−0

(c)

−50

0

50

−100 0 100 200

Longitude (o)

La
tit

ud
e 

(o )

−60−30 0 30 60
Average Monthly Precipitation Difference (mm/month)     

Difference of Average Monthly Precipitation Between 2041−2050 and 2016−2020 Scenario 3−7.0

(d)

−50

0

50

−100 0 100 200

Longitude (o)

La
tit

ud
e 

(o )

−60−30 0 30 60
Average Monthly Weighted Urban Runoff Difference (mm/month)     

Difference of Average Monthly Runoff Between 2041−2050 and 2016−2020 Scenario 5−8.5

(e)

−50

0

50

−100 0 100 200

Longitude (o)

La
tit

ud
e 

(o )

−60−30 0 30 60
Average Monthly Precipitation Difference (mm/month)     

Difference of Average Monthly Precipitation Between 2041−2050 and 2016−2020 Scenario 5−8.5

(f)

Figure 4.3: Overall average difference of weighted urban monthly runoff between 2041-2050
and 2016-2020 (left column) and overall average difference of monthly precipitation
between 2041-2050 and 2016-2020 (right column) for each scenario. Subfigures (a) and (b)
correspond to SSP2-4.5, (c) and (d) correspond to SSP3-7.0, and (e) and (f) correspond to
SSP5-8.5.
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(c) DJF for SSP3-7.0
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−50

0

50

−100 0 100 200

Longitude (o)

La
tit

ud
e 

(o )

−200−100 0 100 200
Average Monthly Weighted Urban Runoff Difference (mm/month)     

Difference of DJF Average Monthly Runoff Between 2041−2050 and 2016−2020 Scenario 5−8.5

(e) DJF for SSP5-8.5
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Figure 4.4: Overall average difference of weighted urban monthly runoff between 2041-2050
and 2016-2020 for the winter (left column; December, January, and February DJF) and
summer (right column; June, July, and August JJA) months. Subfigures (a) and (b)
correspond to SSP2-4.5, (c) and (d) correspond to SSP3-7.0, and (e) and (f) correspond to
SSP5-8.5.
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4.3.2 Density Comparison

Figure 4.5 illustrates that TBD always produces higher amounts of runoff than the smaller

urban density class MD, regardless of time period or scenario, likely due to the high amount

of impervious surface attributed to the TBD class and the lower percentage of impervious

surfaces associated with the MD class. This effect of morphology on urban runoff is also

consistent with previous findings [48, 49].

4.3.3 Time Series Analysis

For the final portion of the analysis, urban runoff was examined across the entirety of the

2016-2050 period for the more extreme SSP5-8.5 and contrasted against the more mitigated

SSP2-4.5, shown in Figures 4.6 and 4.7. Urban runoff across just the United States was

also examined and reported in Figures 4.8 and 4.9. The trend lines produced via linear

regression are shown on each figure, with Q representing the average weighted urban runoff

(in mm/month) and t representing the month, from 1 to 420, covered by the 35-year period.

The shaded area near the trend line for each of the figures is the confidence band of the

data, or the uncertainty associated with the linear estimation. From these results, global

average urban runoff is projected to increase by 1.93 mm/month under SSP5-8.5, the higher

emissions scenarios, over the 2016-2050 period according to the regression trend line fit to

the data, whereas there is a smaller increase of 0.67 mm/month for the mitigated SSP2-4.5

scenario. This trend implies that with a higher emissions scenario, global urban runoff is

likely to increase, albeit marginally, by 2050. Urban runoff from the United States specifically

tends to be nosier when compared to the global average, with smaller minimums (below 20

mm/month) and larger maximum values (over 80 mm/month), but similarly to the global

data, sees a greater change in runoff with SSP5-8.5. Using the expression for SSP5-8.5,

urban runoff is expected to increase 1.22 mm/month by 2050, but under SSP2-4.5 and its

expression, urban runoff is only expected to increase 0.42 mm/month. These United States-

specific values are not as large as the global averages, but still suggest that under a higher

emissions scenario, urban runoff is likely to increase by 2050.
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Figure 4.5: Overall average difference of urban runoff from the tall building density (TBD)
and medium density (MD) for each scenario. The left column represents the TBD-MD
average for the present period (2016-2020) and the right column represents the TBD-MD
average for the future period (2041-2050). Subfigures (a) and (b) correspond to SSP2-4.5,
(c) and (d) correspond to SSP3-7.0, and (e) and (f) correspond to SSP5-8.5.
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Figure 4.6: The global average of weighted urban runoff (mm/month) from January 2016
through December 2050 for SSP5-8.5.
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Figure 4.7: The global average of weighted urban runoff (mm/month) from January 2016
through December 2050 for SSP2-4.5.
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Figure 4.8: The United States average of weighted urban runoff (mm/month) from
January 2016 through December 2050 for SSP5-8.5.
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Figure 4.9: The United States average of weighted urban runoff (mm/month) from
January 2016 through December 2050 for SSP2-4.5.
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CHAPTER 5

BROADER IMPLICATIONS

One of the main challenges faced in this study was the lack of observational runoff data.

Both of the datasets used for validation involved a synthesis of observational data and model

data, whereas the ideal validation would have been completed against purely observational

data. The results articulate a need for standardized ground-truth runoff data collection be-

yond streamflow gauging. Additionally, definitions of runoff vary throughout the scientific

community, with some definitions only accounting for surface flow in formal channels, mak-

ing characterization of urban runoff challenging. Between the UNH-GRDC and MERRA-2

runoff datasets, the definitions of runoff for were slightly different and used different terminol-

ogy. Total runoff in CESM was defined as the combination of surface runoff and subsurface

runoff [33], while runoff from UNH-GRDC was based heavily on surface observations, with

gaps filled with a water balance model [35]. Runoff from MERRA-2 was defined as surface

runoff plus “throughflow,” which is not defined in the NASA documentation but elsewhere

is noted to be lateral soil water flow [39, 50]. Although throughflow and subsurface runoff

are similar, these terms are not consistently used interchangeably and CESM’s definition

of subsurface runoff accounts for several factors beyond lateral soil water flow. A similar

subsurface component is not explicitly included in the UNH-GRDC data.

Additionally, the bias analysis results from CESM reveal some information reflecting

location-based or geographic biases in Earth Systems Models. Notably, CESM over-predicted

runoff at prominent world mountain ranges as well as in Southeast Asia, and under-predicted

runoff in the Amazon Basin. However, this same mountainous bias did not show up in the

Rocky Mountains in North America, despite prior studies indicating that CESM struggles

with runoff in regions with frozen soils [21]. There have been more studies comparing actual

catchments to hydrologic models completed in Europe and North America [51], and the use
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of regional climate models in downscaling global climate projections has been shown to be

biased to the observed climatology of a given region [52]. Because the observational record

is extensive in North America and since CESM is a model created in the United States, the

results suggest that there could be geographic bias in the hydrology of the model.

Previous versions of CESM have also struggled with predicting runoff in the Amazon basin,

noting insufficient precipitation from the atmospheric component of CESM, exacerbation

by unrealistic partitioning of evapotranspiration, and deficiencies in runoff and soil water

storage as the main reasons [21]. Because the Amazon is highlighted as overpredicting runoff

both against UNH-GRDC and MERRA-2, this leads to questions regarding how much the

model has improved in terms of hydrology for regions such as the Amazon basin with high

precipitation and high amounts of vegetation.

The analysis of urban runoff across the three scenarios illustrates that future hydrologic

conditions in urban areas depend on the extent of implementation of strategies used to

combat climate change. Even in the scenario that represents high mitigation and adaptation

(SSP2-4.5), urban runoff is projected to either increase or decrease depending on the region

globally, with very few locations remaining consistent with present conditions. Even with

mitigation or adaptation strategies in place, the hydrologic conditions in cities are likely

to change by the midcentury, emphasizing the importance of infrastructure planning in the

present.

The results of this study also corroborate previous findings indicating that with higher

percentages of impervious surface, more runoff is likely to be produced [49]. The results

particularly indicate that TBD and likely HD density classes present in cities will produce

greater quantities of urban runoff in both the present climate as well as future climate con-

ditions, regardless of scenario. This result is concerning as urbanization continues to rise

worldwide, especially with the knowledge that by 2050, the majority of the world’s popula-

tion will be residing in urban areas [1]. Only very large cities have a TBD class component,

but more of the world’s cities have an HD component and even the MD component common

to most cities in the model will likely produce more runoff than would be produced by the

natural land cover. This conclusion has important implications for urban planning. Con-

structing larger, taller buildings, especially in close relation to one another, may not always
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be the best strategy as the increased surface area on those buildings will result in more urban

runoff. However, this issue becomes difficult with the push for greater urban densification

to prevent sprawl and also achieve a more energy efficient environment [53, 54].

Based on the results presented here, urban runoff in cities is already an issue, with more

runoff being generated by buildings with more impervious surfaces, and is only going to

worsen under climate change. Stormwater infrastructure across the United States is in poor

condition [4], and the prevalence of grey stormwater infrastructure in many cities worsens

conditions. Measuring urban runoff and how much is actually affecting cities is challenging,

partially due to the presence of combined or separated sewer systems, which, in cities like

Chicago, are not a source of runoff typically accounted for or measured [55]. There is a need

for better and more standardized monitoring of runoff within urban areas specifically, and

for monitoring that captures multiple aspects of runoff, not just surface flow that directly

flows into nearby bodies of water. Additionally, stormwater infrastructure in general is in

desperate need of update and reform, which provides an opportunity to utilize solutions that

are green-based or that provide more services than just stormwater transport.

Strategies such as green stormwater infrastructure (GSI) implementation in urban areas

have been proposed as a solution to urban runoff and flooding mitigation [56–58]. GSI refers

to a variety of techniques used to control stormwater that mimic the natural hydrologic cycle

[60], and is already often used in cities struggling with combined sewer overflows (CSOs)

[59]. Because it incorporates natural processes, GSI is able to provide more amenities than

traditional gray stormwater infrastructure, whose main purpose is to transport stormwater

to another location [60, 61]. GSI is able to capture rain where it falls, decrease the amount

of surface runoff, help alleviate urban flooding issues, treat stormwater, and provide cooling

through evapotranspiration, among other functions [60, 62]. GSI is a promising strategy

to potentially combat urban runoff and urban flooding concerns, but greater densification

measures, mentioned previously, often pose a threat to urban green spaces [54].

Planning and policy measures provide opportunities to address urban runoff and proac-

tively implement adaptation strategies for the future. Because climate change and the

dynamics of urban areas are complex, this is not likely to be a simple task, and will require

detailed analysis across socioeconomic, environmental, and engineered dimensions.
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CHAPTER 6

CONCLUSION

As climate modeling becomes a more common resource to analyze and project future

scenarios to inform climate planning, the need for validation with observational data has

increased. Components of the hydrologic cycle especially face a need for validation, particu-

larly since a substantial number of impacts associated with climate change are hydroclimatic

in nature. Understanding how a model is biased in its hydrology is critical to interpreting

future results and planning accordingly. This study used projections from CESM’s CMIP6

historical simulation of runoff and validated it against two observational-based datasets of

runoff, UNH-GRDC and MERRA-2, from 1986-1995. Additionally, it examined the rela-

tionship between climate change and future urban runoff globally. Through this analysis,

the following research questions were addressed:

1. How accurate is CESM in projecting runoff spatially and temporally when compared

with observational-based data? The results of this study indicate that CESM’s hy-

drologic modeling capabilities with regards to runoff are spatially “robust”, or per-

form acceptably well under a range of possible conditions [63]. When averaged across

an annual time period, CESM’s projections correlated well with UNH-GRDC and

MERRA-2, but there are still prominent areas where CESM struggles with both over-

prediction and underprediction. CESM requires further work to better handle areas of

high precipitation and mountainous regions, particularly on shorter temporal scales,

since there is both overprediction and underprediction occurring in areas that have

previously been noted as needing improvement. The Amazon basin was noted as an

area with underbias when compared to both UNH-GRDC and MERRA-2, and most of

Southeast Asia, the Himalayas, and the Andes consistently had runoff overprediction

occurring by CESM when compared to UNH-GRDC and MERRA-2. Overall, CESM’s
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modeling of runoff is impressive when averaged over greater temporal periods, yielding

results largely consistent with both UNH-GRDC and MERRA-2. However, correlation

coefficient analysis revealed that on a month-by-month basis, or a shorter temporal pe-

riod, CESM is not as strong in accurately predicting runoff compared to UNH-GRDC

and MERRA-2.

2. What kind of predictions does CESM make with regards to urban runoff under different

future climate change scenarios? Analysis of future weighted urban runoff shows that

future urban hydroclimatic conditions will vary dramatically depending on the level

of intensity of climate change and location. With higher emissions scenarios, global

urban runoff is predicted to increase overall; however, some urban areas will likely

experience extreme drying while others observe major increases in urban runoff. CESM

also indicates that the tall building district (TBD) produces the most runoff of the

urban density classes, implying that cities with an existing or expanding TBD class

component are likely to be higher producers of runoff, regardless of scenario.

The results of this thesis indicate that CESM’s projection of runoff averaged annually are

robust and can provide key insight in future projections of runoff. Additionally, through the

analysis of future urban runoff, the importance of climate strategy implementation becomes

apparent, as each future scenario’s urban runoff changes varied depending on the develop-

ment pathway taken. This finding reinforces the notion that current governance responses

to climate change will dramatically impact both what Earth’s climate will look like by the

middle of the century, and how humans will respond to a changing world.
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APPENDIX A

PERCENT CHANGE IN URBAN RUNOFF FIGURES
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