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ABSTRACT

MANAGING DEVELOPING LANDSCAPES FOR STORMWATER, WANEEREGEIY5PEM SERVICES

WITH DATA-DRIVEN APPROACHES

Urban population growth and land conversion are placing immense pressaneatural and
anthropogenic systems. Urbanization is drastically altering catchmeinology and producing
detrimental impacts on streams, waterbodies, ecosystems, and watersheds. Increashsgpamof
carbon and other greenhouse gases are driving global climate change, &ed Vedue urban and
industrial water uses are removing water from irrigated agriculture, which is éasémtfeeding the
worl [¢ % }%opn0o S]}vX JvP o S} ul Jv(}CEu SPeldveZ gpsvee v PJv&E]S] o
for planetary health.

The overall objective of this dissertation was to enable better decisions riegandoan
stormwater management, land use of dried agricultural land, and water managemertdbtie-land
cover development. To meet this objective four primary questions correspgrid the four chapters
were addressed:

Question 1: How can we advance the practice of stormwater management vimatfon sharing and

cross-jurisdiction communication?

Question 2: What variables explain the variation in selection of stormwater neam@igt approaches in
various physiographic, climatic, socioeconomic, and federal regulséttings?

Question 3: How can more informed decisions, regarding land use and ecosetténes, be made in
the face of drying agricultural land as water is transferred to urban and indLieses?

Question 4: How do various land use-land cover scenarios impact watkiryiverse physiographic

and climatic settings?



To address question 1, stormwater control measure (SCM) inventories were gathered3rom
United States cities and compiled into a publicly available dat&$assification of SCMs were explored
and suggestions were made about how cities should address asset managementamtixt of
stormwater and SCMs. Data that would be beneficial to understanding th®logic and water quality
impacts of SCMs and how they vary across spatial scales and regions waktbijhlgl a call to better
record information regarding SCM networks, and not just single SCMs was made.

The data gathered for answering question 1 was further used to address the seasstibqu
Data regarding physiography, climate, socioeconomics, and federal regslatere gathered to
understand how those factors have shaped SCM inventories in the United Statede Resyzte clearly
being an important driver of stormwater management, the assemblages of SCMs piresépt
inventories were better explained by physiographic constraints, such as, slepth to water table, and
imperviousness, federal regulations related to the Clean Water Act, and socaeitovariables such as
population density and housing agea proxy for development age. While stormwater decisions are
generally made locally, data suggested that federal regulations have impacted tlicasdédcisions
Furthermore, this work contextualized the SCM inventories of 23 United St&iessuch that other
cities can better understand the settings in which cities are managimmstater so that they can
identify cities with more advanced stormwater experience from which to learn.

To address question 3, a thorough literature review regarding spatiallicéxgssessment and
valuation of ecosystem services was performed. Literature review was guided by tthéongmlicy
makers and environmental managers that are interested in ecosystem services to lie alzke easy,
cheap, and good-enough valuations of various scenarios so that informeiatesccan be made. The
work was highly motivated by the current situation in the South BIRtiver Basin of Colorado, where
water rights are being purchased from agricultural irrigators and transferred to mpahigses. This

process leaves what has been irrigated land permanently dried. Understanding Hsttmanage that



land for local and global benefits is of interest to local policy malSpecial attention and effort were
placed on providing background information regarding climate-relate@ystem services (i.e., carbon
sequestration) and payments for ecosystem services in general. Important considsrsilicim as
understanding who pays for ecosystem services, who gets paid, and how tlahitywill affect
economic inequalityvere highlighted. A pre- and post-processor application was developed tdeenab
easy application of the COMET-Planner tool to scenarios of dryiraylgre being transferred to mer
natural land cover. Using Monte Carlo simulations with distribitiohvaluation variables identified in
literature, the application produces stochastic estimates of the returineestment in the case of
irrigated agricultural land drying to more natural grass cover. The applicatas applied to three areas
of the South Platte River basin illustrating its utility.

Lastly, national datasets of climate, hydrologically relevant las] water use, and
physiographic data were used to address question 4. Using 2,913 aatthof varying sizes and
degrees of development from across the contiguous United States, three datxrrgbredictive models
were applied to nine ecoregions, as well as to reference catchments omgntoeference catchments
only, and to all catchments at once to predict mean annual, aniamal monthly water yield. Models
performed best on catchments in the eastern half of the country. Performantte iwestern half of the
country was mixed, with catchments along the west coast performing adegdted catchments
throughout the mountain west performing inconsistently, ranging frooor to good. Climate variables
were shown to be the most impactful in terms of predicting water yield withrelative impact of
climate variables increasing as the timescale became finer. Physiographidesaviaie the next most
impactful variable type. Anthropogenic alterations to water resources anddissplayed varying levels
of importance and varied across timescales, but especially across regions. Regd@ts thag
anthropogenic activities have varying effects depending on the climatiphysiographic setting in

which they occur. It was also shown that many anthropogenic variables gdgrate roles in



predicting water yield across scales and if well performing models of watdraneto be developed in
heavily impacted catchments, they will require high-dimensional nsthelt include timeseries data for

anthropogenic variables such as dam and reservoir management and water use.
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INTRODUCTION

Globally, urban population is expected to grow from roughly 4lbbipeople in 2018 to about
6.6 billion in 2050; a 57% increase (United Nations and SociaAfHi8). Growing urban populations
will place immense pressure on urban centers to develop more land and secure wateatcessngel
et al. 2005; Artmann et al. 2019; Bibri et al. 2020; Dozier. &Ml7; EImqvist et al. 2013; Payne et al.
2014; Watson and Davies 2011). Development patterns vary but can belyabediacterized as either
outward expansion (e.g., sprawl) or infill, where already developed areas are reimagired so t
population density can be increased (Angel et al. 2005; Artmann 2089, Schneider and Woodcock
2008) Despite the form of urban development, hydrology and ecosystem servicaseai@bly altered
(EImgvist et al. 2013 Haase and Nuissl 2007; Leopold 1968;tRbf2606; Walsh et al. 20Q05)

Recent iterations of urban stormwater management attempt to mitigate the numeregative
impacts of urbanization on stream and catchment health (Poff et &7, 1®/alsh et al. 2005) by
managing hydrology at site and catchment scales (Chocat et al. Reliéur 2003; Roy et al. 2008)
Emphasis has shifted from emd-pipe solutions towards implementation of smaller stormwater control
measures (SCMs) that are implemented throughout the catchment to controffrarar the source
(Askarizadeh et al. 2015; WEF and ASCE-EWRI 2012). As this traasitiocunred, adoption and
innovation has largely occurred at the city scale. This hasemteat obstacle for communication
(Fletcher et al. 2015) and a lack of knowledge about how federal regulationsinggmanagement of
stormwater interact with city-scale physical, climatic, and socioenua factors to shape stormwater
management approaches in different cities. To understand how those facteradhto drive adoption
of different stormwater management approaches, cross-city comparisons are necessarydtaeta
about SCMs is typically held at the city level making comparidaqgpooaches in different cities

difficult. Existing cross-gicomparisons only include two to three cities at a time (Hale 2BW®hillips
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and Matsler2018)and those cities are often in similar physical, climatic, and soaneecic settings.
There is a need for increased data sharing about local stormwater approachescamdtandardized
SCM terminology and/or record keeping to help with communicatémsjst in developing more
standard procedures and designs (Marsalek 2013; Minton 2007; Taira ef8), 20d to enable cross-
city comparisons (Hale 2016). Chapters 1 and 2 address this need.

The subsequent work moves from management of stormwater specifically, to more general
management of land development and two associated ecosystem services. Beibhg rablee informed
policy decisions will be critical to manage the challenges presentéaebgyontinued development of
land (Angel et al. 2005; Artmann et al. 2019; Bibri et al. p@pd transfer of water resources out of
irrigated agriculture to urban and industrial uses (Dozier et al. 20@rkd-et al. 2018; Rosegrant and
Ringler B98). Inclusion of ecosystem services in trade-off analysis is becoming incliggsipglar
when making such decisions (EImqvist et al. 2013; First et al. 28liF;eT al. 2011). Two ecosystem
services of interest are carbon sequestration (Bagstad et al. 2013; Cleric2@18j.Kovacs et al. 2013;
<EI}“l o}E v }A ahdwateriyielol(i.e., how much water is leaving a catchment via
streamflow over a given amount of timkang et al. 2017; Li et al. 2021; Tallis et al. 2011). Ch&pters
and 4 address these ecosystem services, respectiéite these needs are global, Chapter 3 uses the
South Platte River Basin in Coloradia case study. There the Colorado Water Conservation Board
(CWCB) is actively engaged in decision-making as irrigated agricultunegisibied to other land uses
(Colorado Water Conservation Board 2015). They are particularly interestedénstanding how
different uses of the dried agricultural land may assist in our fight againsdtelichange by
sequestering and storing carbon (addressed in Chapter 3)

There have been extensive efforts to develop general modelling approaches totipgaiater
yield in reference catchments (i.e., minimal human impadtis) approaches that include

anthropogenically altered catchments are rare (Hrachowitz et al. 2013; Kratzalrt2019a; Razavi and



Coulibaly 2013; Visessri and Mcintyre 2026inodelling approach that can identify drivers of water
yield in altered catchments, as well as predict water yield in such catclsmnentld be of great benefit
in land-use planning. To improve our understanding of the effefcéstihropogenic activities on water
yield (addressed in Chapter 4), 2,913 catchments across the contigndes States were used to
develop statistical and machine learning models that predict water yiddéhn-annual, annual, and
monthly water yield were predicted in reference and non-reference catchmentsI&hApditive
Explanations (Lundberg et al. 2020; Lundberg and Lee 2017; Shap@ywere used to investigate the
impact of many variables that potentially affect water yield.

This dissertation is organized as follows:

Chapter 1t A Call to Record Stormwater Control Functions and To Share NetworkiDatddress the

need for information sharing about stormwater management and the need for eagiemunication
between cities, and between cities and researchers, the following questiomaddisssed:

How can we advance the practice of stormwater management via informaliaring and cross-
jurisdiction communication?

Chapter 2t Understanding What Physical, Climatic, Socioeconomic, and/or&RewyuFactors Are

Driving Selection of Stormwater Controls in United States Ciiebetter understand what is driving (or

constraining) the selection of SCMs in different cities, and to comddixe the SCM inventories of 23
United States cities so that other cities can better understand the settimgsich cities are managing
stormwater and the approaches taken in those settings, Chapter 2 addresses:

What variables explain the variation in selection of stormwater management apmeean various
physiographic, climatic, socioeconomic, and federal regulatory settings?

Chapter 3t Estimating Carbon Sequestration Under Various Land-Use Scenarios of Daaliufalri

Land in the South Platte River Badin enable easier assessment of tradeoffs of potential uses of dried




agricultural land to assist stakeholders in making informed land developmeém@lity decisions the
two following subobjectives were addressed:
1. ldentify needs, traits, and options with respect to policy relevantaiidm of ecosystem
services.
2. lIdentify and apply an appropriate methodology for valuating carbon relatasdystem services
in the case of irrigated agriculture drying to more natural land covdnerSiouth Platte River
Basin of Colorado.

Chapter 4t Predicting Monthly, Annual, and Mean Annual Water Yield in Resporidxéal Land Use-

Land Cover Scenarios and Understanding Drivers of Water Yoedthable easier assessment of the

impacts of different land use-land cover scenarios on water yield, to gsighit about drivers of water
yield and how spatial and temporal scales affect those drivers, and to figeptpropriate methodology
for predicting water yield in highly impacted catchments the follapduestion is addressed:

How do various land use-land cover scenarios impact water yield in dipBységraphic and climatic

conditions?



CHAPTER 1: A CALL TO RECORD STORMWATER CONTROL FUNCTIONS AND
TO SHARE NETWORK DATA

Introduction

Urban stormwater is an ongoing contributor to the degradation offibalth of many
watersheds and water bodies. In the United States, federal regulations (e.g., Clean \dptegaire
monitoring and reporting of relevant water quality metrics in regulated watdibs to ensure
standards are being met, but decisions about how to manage urban stormwattsfaop to state or
other local agencies. While this allows for local adaptation and innavdtibas also led to isolated
holding of implemented stormwater control data at the city level amtbhnsistent terminology
surrounding stormwater control measures (SCMs) between cities and regions (Fletahe2GHt5;

Minton 2000, 2007; WEF and ASCE-EWRI 2012). Particul&ily tahte when the types of SCMs are
shifting to include smaller, distributed SCMs (Chocat et al. 208lleud 2003; Roy et al. 2008; WEF and

ASCE-EWRI 2012), the isolated management of SCM inventories is a signifisad opportunity to
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improve stormwater management through information sharing between cities, agenand
researchers (Marsalek 2013; Minton 2000; Taira et al. 2018).

As an increasing number of regulated cities look for solutions to pretegronmental
resources while fulfilling their regulatory obligations, sharing of rediaiifiormation is imperative,
particularly for small and mid-size communities that may lack the resonemded to adequately
address these issues. Sharing of SCM inventories would allow cities wishimgue pewer approaches
to stormwater management to gain insight from cities that have already thiecht Sharing of SCM
inventories could also enable cross-watershed comparisons to help isolate dadstand the effects of
different SCM approaches at the city or catchment scale (Bell et al. Ba162016; Hopkins et al. 2020;
Jefferson et al. 2017; Marsalek 2013). Furthermore, sharing of SCM inventaridsrove terminology
and record keeping practices towards a more universally interpretable format tinaeys details about
SCM form and function (Minton 2000; WEF and ASCE-EWRI 201R)ywahid lead to more consistent
sets of design criteria (Minton 2007), and help practitioners seleatagpate SCMs and SCM systems
to meet specific objectives (Taira et al. 2018; WEF and ASCE-EWRI 2012

Here, our overall objective was to address the isolated management of implemented SCM
inventory data, with the hope of improving the communicatioecidion-making, and evaluation of
stormwater management across cities. Our overall objective includes two reseasstians: 1. Are
cities across the United States or within states using comparable SCM norneszj&. Is it feasible to
develop an SCM nomenclature that efficiently and effectively communicatdsfi8tion?

Tomeet our overall objective of addressing the need for better SCM informatiaring
(Driscoll et al. 2015; Taira et al. 2018) and to answer our research anestiquired access to SCM
inventories from many cities, but such a database does not currenty. &a, first we collected SCM
inventories from several cities (e.g., geospatial data; Choat et al) 20Bé&n, we explored SCM

terminology in the city inventories and considered function-based notaéune to address the ability



to efficiently and effectively communicate SCM functions (Bell edl92Fletcher et al. 2015;
McPhillips and Matsler 2018; Minton 2000, 2007). We used astieginomenclature (WEF and ASCE-
EWRI 2012) and k-means clustering to see if SCMs cluster differently basedctieniiof quantity

control, pollutant control, biological, or other unit processe

SCM Inventories and Data Sharing

Background on SCM Network Data Sharing

Efforts to identify challenges in stormwater management often identify the lack of slaring
as an impediment. For example, nearly all cities implementing new &g, tsometimes collectively
known as green infrastructure (Gl), agreed that communication of knowledge from otiesr ci
implementing Gl is critical to the development of a GI program (@ltistal. 2015). Also, a team of
transportation drainage experts highlighted the importance of developirysiraring information and
being clear about definitions for a robust approach to Gl implementafi@ira et al. 2018)

Efforts to share information about SCMs are ongoing, such as the Interab8tormwater BMP
database (Clary et al. 2002, 2020), but these efforts are focused on the parfoenof individual SCMs
(i.e., site-scale), as opposed to city-scale SCM networks. To achidesiadd outcomes, stormwater
management should be designed and applied across site-level and watershed scalesa{R2§0&;
Taira et al. 2018; WEF and ASCE-EWRI 2012). Information on es@tiiscat the watershed scale would
help advance stormwater management to meet watershed goals. Furthermore, to understand
ecosystem services provided by SCMs and responses in physical and binltegjaéf to urbanization,
it is essential to understand the integrated effects of stormwater (e.g., SEMprks (Hopkins et al.

2015; Parr et al. 2016; Vogel et al. 2015).



Background on SCM Terminology

When SCM data are available, comparisons between cities are frequently burdened by
inconsistent and vague terminology (Bell et al. 2019; Fletcher 204b; McPhillips and Matsler 2018;
Minton 2000; Prudencio and Null 2018). Much of the incgtesicy can be attributed to an evolution of
SCM terms over time and by region, where particular terms may be used inoa @tyion because they
have been designated or defined by the regional regulatory ag¢Rigtcher et al. 2015). There have
been calls for a simplified SCM nomenclature based on either fun@dmton 2000; Shrestha and
Brodie 2011; WEF and ASCE-EWRI 2012) or form (i.e., constnaterals, SCM sizes, and
contributing areas) (Bell et al. 201$hrestha and Brodie (2011) developed a formal nomenclature
focused on physical treatment systems capable of receiving and treatih@hdyvariable flow rates
and effective at removing suspended solids to a non-potable water quality. tBéiseir narrow focus
on specific SCM types, the proposed nhomenclature, including two primaryrtegsatmechanisms and
up to four sublevels, quickly became complex.

Others have proposed simpler function- or process-based nomenclature. MiB0®7)
proposed a naming framework that attempted to reduce the number of names used fos @M
provide the same or similar functions. Minton identified a hierarchyoofs@erations for naming SCMs.
The base consideration was what principles an SCM is based on (e.g., chehpisgnjpitation and
sorption of pollutants), followed by unit processes (e.g., sedimémntafiltration, or etc.), unit
1% @€ 3]}ve ~]1X XU 8Z ~}E_Jv AZ] Z pv]3YhovEEl¥u} ~JE ¥ & Yv D} (E G
unit operations). Based on those considerations, Minton (2007) thecepl SCMs into subfamilies and
families (i.e., groups of systems with common key characteristics) which wéermeused as SCM names.
Minton proposed five families of SCMs includiragins, swales, filters, infiltrators, and screens.

The Water Environment Federation (WEF) and American Society of CwP ]v  E |

Environmental and Water Resources Institute (ASCEf+ plJos Z A]JoC }v MWEFv[s A}EI



Manual of Practice No. 23 and ASCE Manuals and Reports on Engifadtice No. 87 (2012). Similar
to Minton, they produced a nomenclature for SCMs based on the prosgsseided by them, where
SCMs were grouped based on similar quantity control, pollutant chridrological, and other unit
processes (Table 1.1; WEF and ASCE-EWRI 2012). They provided a caarsktuoenwith five groups
(MOP-coarse) and a finer nomenclature with 21 groups (MOP-fine). Thé&rdd@rse nomenclature
consisted obasins, swales and strips, filters, infiltratoamd gross-pollutant trapsnearly identical to

the five families of SCMs identified by Minton (2007).



Table 1.1 Nomenclature and associated unit processes. Modified from Table 4.2 (WEB@RIEANVRI
2012)

Quantity control Pollutant control Biological Other
S
c () c %
5 ¢ 2 £ < S _§ 5
GC)“_’CE Eﬁcabcggcgggngggg
£ 29, B|EL o agS88 L s5TSco BE
SESBgh ocg8»28%353 8T L3 s Ly
222 & o|E S 5 95T @ E|E ce 288§
=385 Z2grsitosoimizes Es5 o
= 50 3 E = a © 8 ® S5 38 &0
g 2 S S a o g o 9% £
a3 & ) gl &
14 = S
MOP-Coarse MOP-Fine ©
Wet basins X X X X X X X
Wetlands X X X X X X X X
Dry basins X X X
Vaults and swirl
concentrators X X X X
Oil Water
Separators X X X
Forebays X X
Cisterns X
Basins Basin Unknown*
Swales and Swales X X X X
Strips Strips X X X X X
Sand filters X X X X X X
Bioretention X X X X X|x X X X X X|Xx X X X X
Landscaped roofs| x X X X X X
Drain inlet inserts X X
Manufactured
filters X X
Filter Unknown*
Filters Gravel Wetland*
Infiltration Basins | x x x X X X X X X X|x x X
Infiltration Vaults | x x x X X X X X X| X X x x
Trenches X X X X X X X X X|x x X
Dry Wells X X X X X X X X X | x x x
Permeable
pavement X X X X X X X|x x x
Infiltration
Infiltrators Unknown*
Screens nets
baskets racks X
Hoods X
Gross Pollutant
Gross Trap Other*
Pollutant Gross Pollutant
Traps Trap Unknown*
Disconnecti
on* Disconnection*
Other*
Stormwater
Other* Conveyance*
Unknown* Unknown*

Note: Row headings with an * under MOP-coarse and MOP-fine were addeel original table to allow all listed
SCMs to be placed in a category. Reported unit processes (xparéhfe original table 4.2 (WEF and ASCE-EWRI,
2012).
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Previous efforts (Minton 2000, 2007; Shrestha and Brodie 2011; WEFS&-BWRI 2012) have
highlighted the desire for SCM function to be easily communicateely five also made clear that due
to overlapping functions between SCMs, it is virtually impossibleséoSCM nomenclature alone to
communicate all of the information that may be of interest to profesalenresearchers, or others in
the field regarding SCMs (Minton 2007; WEF and ASCE-EWRI 2012).tBestet@ challenges created
by overlapping SCM functions Minton (2007) expressed hopehikgiroposed naming convention,
which was largely reiterated by WEF and ASCE-EWRI, would be slowly adoptadetgrstates,
provincials, and included in city stormwater manuals. By explorie@tbM inventories we collected, we
were able to investigate to what extent these proposed naming frameworks haveibtgmated into

practice by cities.

SCM Inventory Collection

We attempted to gather SCM inventories from 32 cities and 3 countie¢sdme cities and all
counties never responded to our request, some cities did not maintain aniS@ktory, while other
cities were unwilling to share their SCM inventories due to securityezoa®r because their
inventories were incomplete. Twenty-three cities shared SCM inventories thrpeigonal
communication or via their online access portals (Choat et al. 202ii)e we would have preferred to
have received inventories from more cities, we are only aware of existing SCMisatadimparison
studies that include three or less cities at a time (Hale 2016; MigRRhand Matsler 2018), so having
access to SCM inventories from 23 cities was a large improvement. Thénciieled in our study were
from 8 climatic zones (Fig. 1.1; Beck et al. 2018). Nine hisflgriad or currently have combined
sewers present, and 15 were MS4 phase | cities with city populationsigafigm about 37,000 to over
8 million persons. Seven cities had combined sewers and MS4 phase Isp&vimisuspected cities in

different climates may use different SCM types and that cities with combinedrsew MS4 phase |
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cities may be more incentivized to record and implement SCMs, so we fhéldeot that our 23 cities

were reasonably representative of diverse stormwater settings found in cities abe&mited Stats.

Bhiladelphia, PA

s
Haltimore, MD

0 250 500 1,000

e e Kilometers

Legend
_' | MA | | Hot Desert. 1 Hot-Summer Mediterranean, 1 | Warm-Summer Mediterranean, 4
Climate_Zone ' | Hot Semi-Arid, 1 Humid Subtropical, 7

| Cold Semi-Arid, 3 | | Hot-Summer Humid Continental. 4 Warm-Summer Humid Continental. 2

Fig. 1.1 Map of 23 United States cities. Legend defines Képpen climate zones (Béck0di3) and
presents how many cities fall withineachzofeE = & % & * vS8e oJu § & P]}ve $Z § } v}S§
studied city.

Of the 23 cities that were able to share their inventories, some hadeplortals that made
downloading inventories easy and others had inventories that they were aldertd to us. We already
had some of the inventories in our possession from previous efforts (ealg,2816; McPhillips and
Matsler 2018). Most of the inventories we received came as geospatial datasshike came as lists of
SCMs. We did not utilize the spatial attributes of the inventoriglisistudy, but those datasets are

available online (Choat et al. 2021) for the cities that alloweashare their data.
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Analysis of SCM Terms and Types (Question 1)

Despite the relatively small number of SCM groups identified by Mintadi7{2énd WEF and
ASCE-EWRI (2012; i.e., 5 coarse groups or families and ~ 21 fineagrsuipamilies), there were 378
different terms listed by the 23 cities in their SCM inventories (Table Althpugh there were many
different terms used for SCMs, these had little commonality across citieSTkkterm that appeared
in the largest number of SCM inventories wai gardenwhich appeared in 9 of 23 citieBioretention
(Table 1.2)green roofandunknownappeared in 8 inventories. The inclusion of the surprisingly
common termunknownimplied these cities were aware of some type of facility but did nowkndnat
type of facility it was. The only other term appearing in 7 or movermories wasiry well A full list of
terms included in the inventories is listed in Table S1.1 in supplementasrialat

Table 1.2.SCM types and terms.

# of Cities # Times Listed in | Count of 3 Most Common Terms (# cities listing term)
SCM Class (Coarse, Fine) Including SCM Inventories Terms
Basin 22 32,438 104 "Detention Basin", "Rainwater Harvesting”, "Detention Pond"
Dry Basin 17 8,937 30 "Detention Basin" (§], "Detzntion Pond” (4], "Underground Detention” (4]
Cistarn 11 12,294 15 "Rainwater Harvesting” (&), "Cistern" (3], "Rain Barrel" (2]
Waults Swirl Concentrator 10 7.757 8 "Detention Yault" (2], "Sedimentation Manhale” {1), "Water Quality Vault™ (1)
Wit Basin 7 BE7 9 "Weat Pond” (3], "Water Quality Fond” (1), "Detention Fond-Wet" (1)
Wetland 7 261 [ "Wetland” (2}, "Constructed Wetland" (1), "Wetland Pond™ (1)
Forebay 3 2,066 5 "Sedimentation" (1}, "Sedimentation Only" (1}, "Sediment" (1}
Basin Unknawn 3 252 3 "Bazin" (1), "Storage” (1), "Subsurface Storags System” (1)
Ol Water 3eparator 3 154 [ "Oil-Grit Separator” (2], "Worrechs" (2), "Stormeegtor” (1)
Infitbrator 22 20,451 64 “Dry Well", "Porous Pavement", "Infiltration Trench"
Fermezble Pavement 16 2,734 22 "Porous Pavement™ (8), "Fermeable Pavers” (5], "FPervious Pavement™ (3]
Infiltration Basin 13 10,919 22 "Retention Basin” (4), "Infiltration Basin" (4], "Retention Pond™ (2]
Dry Well 10 2,092 [ "Diry Well" (7}, "Infiltration-Dry Well" {1), "Drywell-Aggregate Filled” {1)
Trench E] 4183 3 "Infiltration Trench" (6], "Soakage Trench” (1), "Trench" (1}
Inifileratian Unknowr 5 454 3 "Infiltration™ {4), "Infiltration BMP=" (1), "Infiltration Basin or Trench” (1)
Infiltraticn Vault 1 19 2 "Storm Chamber System” (1), "Leaching Tank™ (1)
Filter 20 18,767 75 "Rain Garden", "Bioretention", "Green Roof"
Bioretention 13 12,495 30 "Rain Garden" {3), "Bicretention" (2], "Planter” (2]
Eznd Filter 9 3,104 16 "Sand Filtar" (5}, "Sand Fitration" (1), "Underground Sandfilter” (1)
Landscaped Roof 5 2,243 -] "Green Roof” (8), "Egorpgf” (1), "Extensive Green Roof” (1)
Filter Unknaown 4 402 5 “Filtration Only" {1), "Filtering System" (1), "Underground Filtar" (1)
Manufactured Filter 4 328 7 "StarmFilter” (2], "Downspout Filter” {2), "Storm Filter-Canister” (1)
Drzin Inlet Insert 3 118 7 "Drainzge Insert” (1), "Fossil Flter" (1), "Inlet with Insert” (1)
Gravel Wetland 1 2 1 "Submerged Gravel Wetlands" (1)
Other 18 4,597 35 "Other” (&), "Pond” (2), "Shade Tree" (1)
U 16 2,977 17 “Unknown" (8), ion" (2), "Filtration System" (2]
Swales Strips 15 13,052 25 "V 1 Swale", "Grass Swale", "Swale”
Swale 14 9,764 16 "Wegetated Swale" (3), "Grass Swale" (3), "Swale" (2]
Strip 3 3,238 3 "Wegetated Filter Strip” (2), "Swales-Vegetated Filter Strips" {1), "Vegetative Filter Strip” (1)
Gross Pollutant Trap 11 441,288 21 "Catch Basin", "Inlet”, "Drop Inlet™
Gross Pollutant Trap Unknaown 10 415,130 k3 "Catch Basin® (8], "Inlet" (4], "Drop Inlet” {2}
Screens Nets Baskets Racks 4 21,938 9 "Trench Drain" (2], "Catch Basin Drain” (1), "Grated Inlet” (1)
Hood 3 L& 3 "Snout" (2], "Madified Manhale with Snout" (1), "Mechanical Separation” (1)
Gross Pollutant Trap Other 1 164 1 "Diebris Basin™ (1)
Stormwater Conveyance [ 5,615 19 "Culvert" [1), "Storm Water Inlet Drain" (1), "Level Spreader” (1]
Dii ion ] 477 E] “Simple Disconnaction to a Pervious Area” (1), “Depaying” (1), “Grass” (1)
None a 122 ] "None" (1), "Propesad” (1), "CDA to a Shared BMP" (1]
Multiple 1 54 1 iple G Components” 1), "Dual System” (1), "Aqua-Shield-Filter” (1)

Note: MOP-coarse SCMs &r@ded and left-aligned. MOP-fine SCMs are listed under the MOP-coarse 863 te
to which they belong. For both MOP-coarse and MOP-fine, the numhzties including that SCM, the total
number of times that SCM was listed, the number of terms used to labelSGM, and the three most common
terms listed by cities representing that SCM are presented along with the nuphbéies including that term in
their inventory
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Since federal regulation leaves the management of stormwater to state and otladr loc
agencies, such as state Departments of Environmental Quality, we evaluated wB€thketerms were
similar for cities within the same state. There were four states with multipiles with inventories:
California, Colorado, Pennsylvania, and Arizona. In Califorsidv® o <[ JvA v3}EC ]v oy iTs G
N E u vS8}[e ]Jv o 6U ~v ] P}[* ]v opu JvUopv NvX & Sv (e 8144 SZ }v
common SCM terms used between cities includedetated swaleAZ] Z %% @& ]Jv ~ @& u v3}[e
A v ] P}[e tpvids andbioretention AZ] Z %% @& Jv A~ v ] P} v ~v &E v ] }[* ]V
/v }o}E }U VA EJ[ ]JvA VS}EC ]v op 60§ E uid X VK 188} HE3Z3Ppo]vvd Qv
unknownappeared in both inventories. In Pennsylvania, Philadelphia includezt®8 and Pittsburgh
included 13Porous pavement, green ro@find other appeared in both inventories, a small number
compared to the total number of terms included. The two SCM inventories Adzona cities had the
fewest SCM terms and the most similar SCM terms out of cities in the saraesiggesting Arizona
cities are using a simpler and more standardized nomenclature. Phoenix in@®&ifell terms and
Tucson included only 4. Three of the four terms included by Tuaisorappeared in PhoeHE | ¢
inventory. Those includedetention basin, retention basiand bioretention.

It is unclear why the cities in Arizona used similar SCM nomenclature witttér cities from
a given state did not. We explored three possible explanations. Firshwestigated if the terms
appeared in both Arizona inventories simply because there were few terms inciumkthey were
rather non-specific, but there was only one other city using all three sharets (i.e., Washington
D.C.). Second, we investigated if it was due to both Arizona b#iag younger cities that are
implementing SCMs in areas of new growth, whereas many other cities are retepadmplementing
SCMs in already developed spaces. The data did not support this thasigifiashington D.C. is a much
older city. The last possible explanation we explored is that com®@v nomenclature is related to

state-wide and/or regional organizations associated with stormwater. We didleatify any statewide
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associations or agencies in Arizona however, that may be driving mdceraradoption of SCM terms.

There it could be that Tucson, being in close proximity tceRho(~300 km), has referred to Phoenix

when making decisions regarding stormwater. Phoenix established the non-pgsitiaation STORM
~AndKZD ~7"d}EUA § & Ku3E Z (}E Z Pifp00a irbrgspbnpdodddefaks  vX X
regulations. Their focus is on educating the public about praigdahe quality of stormwater. It could

be that the existence of such programs has led to a more uniform SCM nomeacdkegionally. Overall,

we found that different SCM terms are used by different cities, and next examine arheflanction-

based nomenclature might be used to group these unique SCM terms.

Exploring Function-Based Nomenclature (Question 2)

We grouped the terms included in city inventories into broader grougheyp can be more
easily understood and used for cross-city comparison studies (Chabt2821). We did not use all 378
SCM terms because 35 described types of facilities that were not consideredGMsdther; e.g.,
ANME vt oo U MWo), ¥EdeseribéBtormwater conveyance XP XU » noA E3S U ~Z]e E _»
did not consider in our subsequent analysis, 17 terms were too vague peygplace under an SCM
category gnknownV XP XU ~hvIv}Av_U A"8}EuA Y, @ad@B@Erms descibédeitheu
proposed SCMs or specified that there was no SCM themreeY "W E} %} U 2 §} <z & DV
Another 9 terms describedisconnection} ( Ju%. EA]}pe *HE( <« ~ XPXU u% EA]}pe "
N % A]JvP _«U mS ware dn r@ported by 4 cities and there were no two cities reporting the
samedisconnectiorierm. After accounting for terms falling into theéher, stormwater conveyange
unknown, none, and disconnecticategories, there were 290 terms placed under the WEF-ASCE
nomenclature (i.e., MOP-coarse and MOP-fine).

When it was unclear which group an SCM term should be placed in, docuroeritatin the

city using that SCM term was referenced, such as web-based sources descriluagigimeof the
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SCM. For examplROW subsurface pipe-broken staves included by New York City, NY. Here, we
knew ROW implies it was installed in a rigftway area, but it was unclear what the function or form of
the SCM was. After searching the New York City government websites, weda@andiment (NYC
Environmental Protection n.d.) that makes clear that this SCM term refeoracgperforated pipe with
broken stone surrounding it which is meant to allow water to infiltrat®e ithe subsurface. So, we
placed this SCM term in thefiltration basinMOP-fine group andhfiltrator MOP-coarse group. For
proprietary SCMs that were listed we referenced the manufacturers description. Inases best
judgement was used to place an SCM term, but if there was uncertainty about whelace a it, it was
placed in theunknowncategory.

There are many possible ways to group MOP-fine classes into broader SCM dgbogpapproach is
to use the MOP-coarse classes used by WEF and ASCE-EWRI, buildmgro(2®07). Other groupings
may be possible when focusing on specific functions. For example, do S@¥ based on quantity-
focused functions differ from groups based on pollutant-oriented functionsa@ght to understand
how the WEF and ASCE-EWRI classifications may differ when using differpnbegsses (i.e., quantity
control, pollutant control, biological control, other, aatl).

To investigate if we could build on the ASCE-WEF nomenclaturatguatticular functions of SCMs
are directly communicated, we performed a non-hierarchical and unconstaitustering using k-
means partitioning based on each of: overall, water quantity, water quaiibjogical, and other unit
processes provided by each SCM (TableTatle S1.2). This resulted in a total of seven function-based
grouping schemes for SCM terms: the coarse and fine schemes from WEF and A3 CEaBé/1)1
and five k-means clusters based on unit processes. The vegan package (Oksarg918} al.the R
statistical programming language (R Core Team 2020) contains prexpnogd tools to assist with
statistical ecosystem analysis and was used to perform k-means clustering where theestiongure

index (Dimitriadou 2017) was used to select the optimal number stels, k. Using k-means clustering
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on binary data (i.e., presence/absence data) essentially uses the number of prestues within each
category considered so can sometimes perform poorly using such data. To ersuvestliing clusters
were reasonable we inspected them and concluded that they were more similanwitisters than
between them which is the purpose of k-means clustering.

There were five groups of SCMs that clustered together regardless of which urd@spesdall,
guantity, pollutant, biological, or other) were used for clusteriRgg( 1.2 Table S1.2). However, these
groups included other SCMs depending on which functions were considereskdrople,infiltrators
always clustered together, by basinglustered with them based on quantity functiofspretention
clustered with them based on pollutant functiorsand filtersclustered with them based on biological
functions, andwvet basinsandwetlandsclustered with them based on other functions. The SCM
classification and nomenclature system differed based on which SCM functions ewegecbnsidered,
indicating little possibility that there could be a universal fimt-based homenclature for SCMs that

communicates all SCM functions.
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Unit All Quantity Pollutant Biological Other
Processes 1A 1Q 1P 18 10
(e.g., All) Infiltration Basins {) Infiltration Basins (1 Infiltration Basins (1) Infiltration Basins (1) Infiltration Basins 1)
Infiltration Vaults (I} Infiltration Vaults (1) Infiltration Vaults (I} Infiltration Vaults (1) Infiltration Vaults (1}
Cluster Trenches (1) Trenches (1) Trenches (1) Trenches (1) Trenches (1)
Label Dry Wells (1) Dry Wells (1) Dry Wells {1} Dry Wells (1) Dry Wells (1)
(e.g., 14) Permeable pavement (I} Permeable pavement {I) Permeable pavement (1) Permeahle pavement (1) Permeable pavement (1)
SCMs Dry basins (8} | Bioretention (F) Sand filters (F) Wet basins (B)
Grouping 2A Wetlands (B)
With Swa_les S)
et Strips (S) 2Q 2P 2B
s Landscaped roofs (F) Swales (S) Swales {S) Swales (S)
A Strips (S) Strips (S) Strips (S) 20
Cluster AT Landscaped roofs (F) Landscaped roofs (F) Landscaped roofs (F) Swales (5)
Label Wetlands (8] [ Dry basins (B] | Strips ()
(e.g., 2A) 3q [ Cisterns {B) | s Landscaped roofs (F)
SCMs ‘4A Wet basins (B) Wet basins (B) Bioretention (H]
Grouping Vg;l‘t;a:i::‘gg;r::::s::'zé:) Wetlands (B) 3p Wetlands (B)
With el () Bioretention (F) | Wet basins (B) ‘ Bioretention (F)
That Sand filters (F] Wetlands {B) 30
Cluster Vatf\ts and swirl concentrators (B) e T e
SA 4Q Qil Water Separators (B) 4B Qil Water Separators ()
Indicates Vaults and swirl concentrators (B) Forebays (B) Vaults and swirl concentrators (B)
that SCM _ il Water Separators (8) 0il Water Separators (B) farehiaysl[B]
did not Tﬂs(ﬂ] Ferebays (B) | Forebays(B) |
consi |
with any oA Sand filters (F) _ Dry basins (B) Cisterns {B)
groupof W erentionirr |l || Cisterns (B) [ [_sandriers(kr____|If|1 Cisterns (B} | Sand filters (F)
SCMs | |

Fig. 1.2 k-means clusters based on unit processes provided. The farthest left cidanegend
indicating how to interpret the other columns. Each of the othelumns presents the clusters of SCMs
resulting from k-means clustering using the unit-processes notedeato of the column (e.g., 1A). For
example, boxes 1A-6A present the 6 clusters of SCMs that resulted wherallisinig-processes for
clustering. Boxes with the same shades of gray or fill patterns indicate S@Mgdhped together
despite which unit-processes were considered. SCMs in boxes by themselveshagrhwidiagonal

lines (e.g., Cisterns) were not consistently grouped with each other or 8@bts. Original MOP-coarse
groups are presented in parenthesis next to each SCM term: (1) = InfiltratorsS{@Iles and Strips, (B)
= Basins, and (F) = Filters. Table S1.2 in supplementary material combines TaldeFidgl 1.2 to easily
see which unit processes are provided by SCMs in different clusters.

Why is SCM nomenclature still so heterogeneous between cities?

Despite efforts to develop a simpler and standardized SCM nomenclature (Mid@at 2
Shrestha and Brodie 2011; WEF and ASCE-EWRI 2012), the SCM invenunliestee have clearly
shown that those efforts have not been widely received or implemented. AtoMjpointed out in
2007, the existence of duplicative and overlapping terms is commtite early evolution of new fields.
It is with time that consolidation of terms occurs, as duplieaand poorly defined terms are removed
from use. Calling stormwater management a new field is far from accurate (NaResahrch Council

2009) but the field is rapidly evolving (WEF and ASCE-EWRI 201 23picthiesvolution is occurring in
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the absence of regulatory or institutional incentives that would motivatecse standard approach to
SCM nomenclature, leaving adaptation and innovation to largelyr@dhe city level.

Allowing cities, counties, or other jurisdictions to take customrapphes to stormwater
management ensures they can implement location-appropriate methods, whicirircan drive more
diverse approaches and spur innovation. However, being able to comatarthe methodology,
successes, and failures of local approaches to other cities is necessary to suppdscale adoption of
effective stormwater management. To move towards a more standardized nomenclature wessugg
§Z He }( E (E v su Z - ttR&R/]~ wual df practice (2012) which built directly on
Minton (2007). For those that do not have access to such resourcemlites and figures presented in
this article should serve as a good point of reference. Even if we never aehfally standardized
nomenclature, the use of common references should at least reduce the numbennud being used
over time (Minton 2007).

However, our exploration of WEF and ASGE-/[¢ (uv S]}v o 0 **](] 8]}veU v Z}A
grouped based on different types of functions, showed that using a name tdieéfiscand efficiently
communicate all important details about the form and function ofSXdM is not possible. After
thoroughly exploring the SCM inventories of 23 United States citiesuggest a shift towards
standardized record keeping. We propose cities have a common subset ofdie®ISM function which
would enable practitioners and researchers to easily understand the stormwater gabfedormance
in different cities. Using the fields in Table 1.1, the city caateavhich functions are intended to be
fulfilled by each SCM by marking presence or absence of that functioitiohaddinformation that
would benefit future stormwater analysis includes a quantitative estimate ofrittended function,
such as what portion of the water entering an SCM is designed to be evapotranspiiladted, or
used as water supply, SCM footprint, contributing area, treatment depth, idatalled, and

maintenance regimen. Moving towards a more standard SCM record keeping approddrai@u for
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locally-appropriate approaches to continue while enabling easy crossdaoyiicommunication about

the specifics of SCMs being implemented.

Conclusions

Being able to compare and contrast how different cities are facing the conuhallenge of stormwater
management would accelerate the evolution of the field toward effective approadtesdsult in
desired site- and watershed-scale performance. To address the isolated holding db&Ce
collected SCM inventories from 23 United States cities and explored thees@Mdlogy used across
the country and within states. We found that:

1. Cities are not using comparable SCM nomenclature in the United Stateshor stdtes. A
notable exception is that the two SCM inventories we collected from Agizsed several of the
same terms with 3 of 4 terms used by Tucson also being used by Phoenix.

2. A function-based nomenclature that efficiently and effectively commueg&CM function is
not feasible. For all information about SCM form and/or functionéacbmmunicated, a
complex nomenclator, similar to efforts by Shrestha and Brodie (2011), Wweulelquired and
would likely not be adopted. While SCM nomenclature follows a slow egphry process
towards a more simplified and standardized form, we highly encourage thosdaimaiig SCM
inventories to expand them to include information on function ded to understand the
intended and observed performance and effectiveness of an SCM or SCM network.

Information sharing is essential for broadscale adoption of effective approabhemeet the

multi-dimensional and multi-scale goals now associated with stormwateagement (Marsalek 2013;
Minton 2000; Taira et al. 2018). We hope that the SCM inventargekave collected (Choat et al. 2021)

and our exploration of function-based SCM nomenclature will motivateermabust SCM data
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collection, record keeping, and information sharing and will enable aitggomparison studies that

are invaluable to hydrology and watershed studies.
Data Availability
Some or all data, models, or code generated or used during the study aretdedil a repository or

online in accordance with funder data retention policies (Database oelmghted Stormwater

Controls (DISChttps://tinyurl.com/HUB-DISYC Some or all data, models, or code that support the

findings of this study are available from the corresponding author upasonable request (SCM data

not found in the DISC and code used for analysis).
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CHAPTER 2: UNDERSTANDING WHAT PHYSICAL, CLIMATIC,
SOCIOECONOMIC, AND/OR REGULATORY FACTORS ARE DRIVING
SELECTION OF STORMWATER CONTROLS IN UNITED STATES CITIES

Introduction

Stormwater management is a necessary practice in every city with heightened investrivemt by
regulatory compliance, increased urbanization, aging infrastructure, &matel change (U.S. EPA 2016)
In 2012 the U.S. Environmental Protection Agency (US EPA) estiinateah investment of
approximately $19.2 billion in stormwater management was needed to matbnal water quality
objectives of the Clean Water Act (U.S. EPA 2016). Flood mitigatidman settings, via water
conveyance, has been a primary focus of stormwater management since its firstienghtion
(Chocat et al. 2001; Delleur 2003; National Research Council. 2008¢r types of stormwater
infrastructure designed to clean, harvest, infiltrate, detain, or retain stornofiu(referred to here as
stormwater control measures; SCMs) have been regulated and implemented in idsSocitlecades

(Eger et al. 2017; National Research Council 2009; Roy et a). Raf¥@ recently, it has become clear
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that to achieve the goals of stormwater management at site- and city-sc&(&g, networks must be
considered in addition to individual SCMs implemented in isolatfurthermore, cities wishing to
develop their stormwater plans, especially small and midsize cities, carygoeaefit by learning from
other cities that already have mature plans (Clary et al. 2002; Dregcll 2015; Taira et al. 2018)

Understanding broad drivers and constraints of city SCM assemblages would @tiableo make
more effective city-scale stormwater plans. This is especially true for citibdesg mature stormwater
programs. As opposed to implementing individual SCMs in a piecemeatitiesy may begin with an
understanding of what types of SCM assemblages have been implementedbyrciimilar physical,
socioeconomic, regulatory, and climatic settings. However, ittilear if or how federal regulations
requiring management of stormwater have interacted with city-scale physicaktot, and
socioeconomic factors to shape current SCM assemblages.

Comparison of stormwater management in multiple cities is required to understdnad the
strongest drivers and/or constraints of varying stormwater management approachegetydew cross-
city comparisons of stormwater management exist, and those that do onfypare a few cities at a
time. For example, three cities in similar social and ecological sgitindtah had different designs and

ve]3] « }( Ju%eo u v8 "N De v Z JisStiuctueh@ied\thiou@h fime on its
own trajectory (Hale 2016). While that study only considered storm sewersntien basins, and
canals, McPhillips and Matsler (2018) compared eight types of SG#sfolind that types of SCMs in
Portland, OR; Phoenix, AZ; and Baltimore, MD, have become more diverstme: evolving from
SCMs with large footprints and single-purpose functions to more SCKsnviller footprints and
multi-purpose functions. Hale (2016) explicitly highlighteel tieed for cross-city comparison studies of
stormwater infrastructure with large sample sizes in order to understand the fachidving SCM

variation between cities.
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Although there are no studies statistically analyzing SCMs between citasy(e.g., more than 3),
there has been extensive work to identify important considerations when selectiMgy®@s. A study
in the Great Lakes area of the United States interviewed stormwater professionaladross the
region (Polich 2017). Those interviews highlighted that loaagiderations such as topography, soils,
and climate as well as citizen awareness were thought to drive stormwater managee®@sions.
Constraints such as tighter rules from state and local regulators, which aredritven by federal
regulation, and more expensive land required for larger SCMs also drive theadoptiew SCM
technologies (Polich 2017 panel of experts in the field of stormwater identified that meeting permit
compliance in a cost-effective way was the primary driver guiding deaisaiing for municipal
stormwater infrastructure projects (Bell et al. 2019). The potential benefits of Is&\Wbrks, however,
are now recognized to go beyond permit compliance. The Water Environfeglgtration and American
Society of Civil Engineers (2012) v§](] U ~(o}} }v3 &} ollgrotéoti®on, groubdwater
E Z EP UA S E <polS3C JukE}IA u viU % ENS AJdy E %op 0] ulESCU Z
potential SCM benefits. As such, they suggested considerations when selectingrieCisieg physical,
construction and maintenance, environmental, social factors, and penyitti

It is known that local stormwater design and criteria manuals have a strfingnce on SCM
selection at the site scale, but understanding current SCM assemblaggssusimmanuals is
challenging. For example, most cities have had manuals evolve over tioRhillips et al. 2021) so
comparisons with current SCM inventories would require a date of SCM instaliatbrder to associate
the specific manuals with specific SCMs. This would make it more diffi@btdin a large enough
sample size (e.g., enough cities that had SCM inventories with date oinStaNation) to reveal
meaningful statistical relationships. There is also the fact that some giesultiple manuals
(McPhillips et al. 2021), as illustrated by the recent work by Grabowski @022), where they

investigated 122 plans in just 20 cities to understand how cities elgfieen infrastructure, a type of
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infrastructure most frequently associated with stormwater management. Furthermoiepiten
difficult to obtain such documents, even in cities with combinedesswHopkins et al. 2018). Even if
manuals for all cities could be easily obtained, using data directigvmeal statistical relationships
between SCM inventories and physical, climatic, socioeconomic, anthtery variables has greater
potential to gain insight to the underlying drivers and constraaftstormwater management on
which, local design and guidance manuals are based.

Important considerations have been identified for the selection of iddiai SCMs, but it is not clear
what factors have actually driven and/or constrained current city-scale SCM asggablo compare
SCM assemblages and understand drivers of assemblages across cities, our goabe/disadaatabase
of implemented stormwater controls (DISC; Choat et al. 2021) to perforgoeotis statistical analysis
on SCM assemblages testing a general hypothesis that physical, clguaibeconomic, and regulatory
attributes of cities are governing their SCM assemblages. This hypothgsdisated upon the idea
that like species, individual SCMs have niche environments in whiclwiligyerform optimally, and
that like species assemblages, SCM assemblages evolve out of the interplayarfreartal drivers

and constraints. To meet this research goal, we asked the followingignsst

1. How do SCM density and assemblages of SCMs differ among U.S. cities?

2. Which physical, climatic, regulatory, and socioeconomic variabldasses of variables best
explain differences in SCM assemblages between cities?

3. Have federal regulatory programs related to the Clean Water Act had quantifiable effettte

SCM inventories of U.S. cities?
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Methods

To address our research questions, we first collected stormwater control measerdones
from as many cities as reasonably possible (Choat et al. 2022). Afteiliognagist of possible
explanatory variables based on hypothesized relationships with SCM types arasS&hblages, we

collected and analyzed data representing the possible explanatory variables.

1. Data Collection

We used SCM data from the database of implemented stormwater controls alonglatéh
from six additional cities for a total of 23 cities (Fig; £hoat et al. 2022). All SCM data were received
by the authors as spatial data except for dry-wells in Phoenix, AZ, lsasits in New York City, NY, and
green roofs, inlets, drains, and catch basins in San Francisco, Ci\carhie as lists. While we collected
data for gross pollutant traps (e.g., catch basins) we did not endsimg gross pollutant traps in our
analysis, as discussed in more detail below in segtion. Choat et al. (2022) used k-means clustering to
group SCMs that provide similar processes based on quantity contrmdgses, pollutant control
processes, biological processes, other processes, and by considering ghdiaps of processes,
resulting in five classifications of SCMs in additioa fioe anda coarse resolution classification system
for seven total SCM classification systems. Of the 23 cities we collecetbdat5 were MS4 phase |
cities, 8 were MS4 phase Il cities, 9 had combined sewer systems wighibdlundaries, and 5 were
under consent decrees with the US EPA (i.e., Baltimore, MD, San Diegsan Francisco, CA, Seattle,
WA, and Washington D.C.). Of the five cities under a consent decree, alA8drEhase | cities and
three had combined sewer systems. Eight Koppen climate regions (Beck ét&lKappen 1923) were
represented by the cities with humid-subtropical being the most prant (7 cities). With the
exception of the southeast and north-central parts of the country, nik@gipen climate regions of the

country were represented.
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Fig. 2.1 Map of 23 U.S. study cities. Legend defines Kdppen climate zones (Be@048) and how
many cities fall within each zone.E = & %. E -« viggiors]thatddo not contain a studied city.
MS4P-CSO specifies if each city is a MS4 Phase | (I) or Phase Il (dl)fditye aity has a combined
sewer present (Y) or not (N). Colors match those in Fig. 2.2

Possible explanatory variables that were collected (Table 2.1) includeitphyclimatic,
socioeconomic, and regulatory variables that were hypothesized, based onaakedidence, to either
directly affect SCM assemblages or to be indicators of variables that diaéfetty SCM
assemblages. For example, we hypothesized that shallow depth to water tabld livoitlthe
implementation of infiltration-based SCMs and that older cities wouldteaiess diverse composition of
SCMs since available SCMs have become more diverse over time. Examplesiwiindiiables (Fayers
and Hand 2002; Haraldsson 2000) used in this study are median hagsnghich was used as an
indicator of city and infrastructure age, population density which wseduas an indicator of
development density and type (e.g., compact vs sprawl), and minimean, and maximum depth to

water table were used to indicate groundwater conditions throughout eatgh The only variables we
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hypothesized would affect SCM assemblages but that we did not incluale enalysis were related to
the subsurface and included soil properties and depth to bedrock. Soil iemialere not included
because there was poor coverage in the study cities from existing natioalal sl databases (e.g.,
SSURGGluster et al. 2021; Wieczorek 2014) & }E /£ u%o0 U ""hZ'K[s }A E P }( *» SuE
conductivity data ranged from 0% to about 59% of city land areaavithverage coverage of only 28%.
The only datasets of depth to bedrock that we were able to identify haveivelgiow accuracy and
their creators urge caution when applying them (Hengl et al. 2017; Shanggwal. 2017) so depth to
bedrock was also not included in our analysis. Despite the exclusion ofghbserface properties, the
analysis presented herein provides useful insights. The processing steps fexpttatory variable
and example hypotheses are described in Table S2.1 and the values of lduea¢oqy variables are
presented in Table S2.2. All spatial data was converted to the Noréri¢an Datum 1983 (NAD83)
geographic coordinate system and projected to the USA ContiguoussAlljeal Area Conical projected
coordinate system. To be consistent between datasets and analyses betweeradlit®SM and
explanatory variable data were clipped to city boundaries when possibldiéts.could not be

clipped).
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Table 2.1 Explanatory Variables

Continuous
Type of or
Variable Description Categorical Data Source
Physical Impervious Percentage (mean) Continuous (Homer et al. 2012)
Physical Impervious Area Continuous (Homer et al. 2012)
Physical Mean slope in the city based on 3dep Continuous| (U.S. Geological Survey 201
Physical Standard dev. of slope in the city based on 3dep Continuous| (U.S. Geological Survey 201
Physical Ratio of total withdrawals as groundwater Continuous (Dieter et al. 2018)
Physical Annual minimum (spatially) depth to water table Continuous (Fan et al. 2013)
Physical Annual maximum (spatially) depth to water table | Continuous (Fan et al. 2013)
Physical Annual mean (spatially) depth to water table Continuous (Fan et al. 2013)
Climatic 30 Year Average Precipitation (in.) Continuous| (PRISM Climate Group n.d.
Climatic Magnitude of the 2-year, 24-hour precipitation event (in.) Continuous (NOAA n.d.)
Climatic 30 Year Average Max Temperatures (Deg. F) | Continuous| (PRISM Climate Group n.d.
Climatic 30 Year Average Mean Temperatures (Deg. F)| Continuous| (PRISM Climate Group n.d.
Climatic 30 Year Average Min Temperatures (Deg. F) | Continuous| (PRISM Climate Group n.d.
Climatic 30 Year Average Max Vapor Pressure Deficit (hP| Continuous| (PRISM Climate Group n.d.
Climatic 30 Year Average Min Vapor Pressure Deficit (hP{ Continuous| (PRISM Climate Group n.d.
(Beck et al. 2018; Kdppen
1923; PRISM Climate Groug
Climatic Aridity Index based on Képpen approach [mm/C] Continuous n.d.; Quan et al. 2013)
~AhXAX  vepe W
Socioeconomid Population Density (person/f)i Continuous QuickFacts vX Xe
~AhXAX  vepe W
Socioeconomid Median Household Income (202817) Continuous QuickFacts vX Xe
Socioeconomid Median Housing Age (Years) Continuous ~N velue Z %} ES
Percent of lentic waterbody area considered impair;| (U.S. EPA n.d.; U.S. Geologi
Regulatory (303d) Continuous Survey n.d.)
Percent of lotic waterbody length considered (U.S. EPA n.d.; U.S. Geologi
Regulatory impaired (303d) Continuous Survey n.d.)
~NVv(}E uvs
}u% o] v ,]*S}CEC
Regulatory MS4 Phase (I or Il) Categorical n.d.)
~NVv(}E uvs
}u% o] v ,]*S}CEC
Regulatory Are combined sewers present in the city (Y or N) Categorical n.d.)
Is the city under a consent decree with the USEP/
Regulatory (Y orN) Categorical (U.S. EPA and OECA n.d.)

Note: The type of each variable is noted in the first column (Typ&anhble). A brief description of each variable is
presented in the second column (Description). If the variable is continolocategorical is noted in the third row
(Continuous or Categorical). The citation for each data source is imothd fourth column (Data Source).
2. Intercity Stormwater Control Measure (SCM) Comparison and Analysis

To compare SCM assemblages between cities (Question 1), we used the definitions and
classification systems identified by the American Society of Civildangi(ASCE) and Water

Environment Federation (WEF) in the manual of praddesign of Urban Stormwater Contr¢2012)

(referred to here as Manual of Practice (MOP) and built upon by Choat(@022). Those classification

29



systems included what we considered to be a fine resolution classificatie@nsyBtOP-fine) that

contained 27 SCM types and a coarse classification system (MOP-coarse)omtadted five SCM

types (Table S2.3). Our analyses focused on SCMs falling under the fowokle®eategories of

basins, swales and strips, filters, and infiltrators. Simple definitionhéset SCMs can be misleading by

ignoring the diversity of form and functions found within eacbetyf{Choat et al. 2022), but for the sake

of clarity we provide short definitions in Table 2.2 (WEF and ASCE2BYR2IRbr see Table S2.3 for a

detailed breakdown of the functions provided by the various SCM types. fihMDP-coarse category

of gross pollutant traps was excluded because they include SCMs such as sakans shmple inline

treatment devices with limited functionality other than gross-padlnt removal. They can also be

expectedtobe foun Jlv. A EC ]3C C 3§ A E }voC ]Jv op Jvivo 1R XS }§]134 JVvA v§
0 Av ]8] [ JVAVE}E] »]Jv AZ] Z 3Z C A EE0]3SEWLEAN ©i9 }pBdZ (] P

SCMs and in one case as much as 99.5% of all SCMs. Including kutzs® paps would have greatly

skewed our analysis.

Table 22. MOP-Coarse SCM definitions.

SCM Type Definition (WEF and ASCE-EWRI 2012)

Basin Unit operations in which water is detained for a period that varies with yipe t

of basin and the design requirements.

Swales and Strips| Unit operations with the distinct purpose of conveying stormwater frame
point to another at very shallow water depths.

Filters Unit operations where stormwater flows through an engineered porous med
and into an underdrain.
Infiltrators Unit operations in which a design volume is infiltrated to the nasioibto

recharge aquifers.

We compared SCM density (total SCM counts per impervious area) and relativetbb8addnce
(count of each SCM type per total SCM count) under each of thefidassh systems. An unbiased
Shannon diversity index; f (Bowman et al. 1971; Hutcheson 1970; Shannon 1948) was calculated as a
measure of SCM assemblage diversity to better understand which cities listedtargliversity of

SCMs and what was driving that diversity. Adapted to our analy$isas a function of the proportion
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of SCM type i out of all SCMs in a citl),(the number of unique SCM types in that cit§), @nd the
total number of SCMs in that cityQ}, so was a useful measure for understanding city SCM assemblages.

The Shannon diversity index was calculated as,

SRRl L 7S Es? AR g gibedd
Eq.1 *ML FAgleH iy F -2 E- 2% EAS D

To address our second research question about which explanatory variablassescbf
variables best explain differences in SCM assemblage, we used four statistical bpprdarst, to
investigate which variables or classes of variables best explain SCM assemblagessadmblage
indicates relative abundance of all SCM types (Question 2), we investigetadrlationships between
classes of explanatory variables and groups of response variables using redundarsig éRBI) for
each of the classification systems, followed by permutation tests foifiignce. RDA is a constrained
ordination technique that combines principal component analysik witlltiple linear regression to
reveal linear relationships between groups of explanatory and response variablestdtisigue
commonly used in ecology to understand species composition in aespassemblage and statistically
assess the variation explained by environmental variables (Borcard et al. 20&B8dteegnd Birks
2012) Under our general hypothesis that SCM assemblage is governed by external (fdater2016;
McPhillips and Matsler 2018), RDA has direct application to semlyf SCM compositions of cities. In
our analysis we analyzed individual SCM types (individual species)dkatup SCM assemblages
(species assemblages) in individual cities (habitats). SCM counts were Heathngéosrmed (square
root of relative abundance) such that variables with many zeros or vergdonts would be given lower
weight (Legendre and Birks 2012). RDA using Hellinger-transformed SCisifeonmeach of the seven
classification systems was applied to compare relative abundance of the differest&CMposed to
total counts of each SCM.

Combined with RDA, we applied multiple linear regression, a natuehgrn of RDA, to

investigate correlations between Hellinger-transformed SCMs and the explanaioaples remaining
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in the best RDA models. We used forward selection that maximizgduRile minimizing p-values and
identified and removed collinear explanatory variables (variance inflation factey $/10). Explanatory
variables remaining in the best models produced by RDA that considehgdxpianatory variables of
one class were then included in a final RDA producing final modedgleoimg physical, climatic,
socioeconomic, and regulatory variables.

Our second statistical approach was specifically for MOP-coarse SCMs. Vpsditaning by
subtraction (Borcard et al. 2018) was performed to identify what portion efvilriation in SCMs was
explained by each class or combination of classes of explanatory varialdegeddn package (Oksanen
et al. 2019) in R was used for RDA and variation partitioning.

Our third statistical approach was used to complement findings from RBAodnvestigate if
any single variable explained the observed differences in SCM assemblagés.appthach, we
performed non-parametric tests on the Hellinger-transformed MOP-coarse SCMs andfe¢heh

%0 v SJEC A E] 0 X &}E $Z }vs]vulpe A %0 V[S}EEEA0E]}w U A
(Spearman 1987) and to further investigate the effects of regulation, weegbihe rank sum test
(Mann and Whitney 1947; Wilcoxon 1992) to the categorical varigdbescombined sewer (CSO)
presence, if the city is under a consent decree, and MS4 phase). Non-pacarestsiwere used
because some of the data did not pass tests of normality (Shapiro and 88bkand/or equal variance
(Levene 1961). In our single variate analysis of continuous varialdescluded the Shannon diversity
index as a response variable.

Lastly, our fourth statistical approach was used for the possibiliysbme continuous
variables may show threshold relationships with the SCM assemblages or certaiggeSMa
example, infiltrators may not be implemented below some threshold in dépthater table (DTWT).
This is expected to be the case when a single infiltrator is being implemeariddye tested whether

such thresholds appear when examining city-scale SCM implementation using sunmatiatizsof the
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explanatory variable (e.g., mean DTWT over a city). Two approaches were tagsnitsuch
relationships exist. First, segmented regression was performed to test if regression madizisqul
smaller squared residuals with the inclusion of a breakpoint where the datavitblbreakpoint had

its own line of best fit and the data above the breakpoint had its owadirbest fit. For any regression
U} oe A]JSZ Ju%e E}A ecp E E ] pordertofrédatiofE(BpedrmaR 1987) was used
to test if statistical correlation existed between the response variables andxplkanatory variables
falling below the threshold or above the threshold independently. Secomdntmparametric Wilcoxon
rank-sum test (Wilcoxon 1992) was used to test for statistical differences irangeii the data below
and above a given threshold. To identify statistically significant thresheltth explanatory variable
data point, except for the smallest and largest 5, were tested as thresholderdftiman one statistically

significant threshold was identified, only the one producing the smatlestlue was retained.

Results

SCM Assemblages and Density (Question 1)

We counted the number of SCMs per square mile of impervious area in eath witgerstand
how SCM density differed between cities. SCM density varied over orders of magnithdses little as
0.74 SCMs per square mile of impervious area in Los Angeles, CA and as m0BISCMs per square
mile of impervious area in Washington D.C. (Fig. 2.2). MS4 Ptities And especially those with

combined sewers had the greatest SCM densities.
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Fig. 2.2 Stormwater control measures (SCMs) per square mile of impervious area. Fill indicates
combined sewers overflows (CSOs) as Yes (Y) or No (N) and MS4 phasei¢vsCitieg are ordered
from least to most diverse from left to right based on Shannon Divdrsiliyx scores of MOP-fine SCMs.
To better understand how SCM assemblages differed between cities, we examirfeaiction
of total SCM counts as each SCM type in each city (Fig. 2.8alanthted the Shannon diversity index
for MOP-fine SCMs. Diversity in MOP-fine SCMs showed large vari&hilitg.8). Pocatello, ID only
listed one SCM that was considered in our statistical analysis (infiltradéisim) and represented the
lowest MOP-fine SCM diversity out of all cities (Fig. 2.3). RakinvID had the highest MOP-fine SCM
diversity, listing multiple types of basins, filters, and infiltrat@dsy. 2.3). Overall, basins and infiltrators

were common even when MOP-fine SCM diversity was low (left of Fig. 2.8)vates and strips and

filters drove the greater diversity in cities with high diversity (righFig. 2.3).
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Fig. 2.3 Proportion of Stormwater control measure (SCMs) types as defined by thedswficlation
system established by the Water Environment Federation and American Sociétj &BinGineers
ordered from least to most diverse from left to right based on Shannon Diyémgslex scores of MOP-
fine SCMs. SCMs are color coded to represent MOP-coarse SCMs. (Blue-PurgleGBasiSwales and
Strips, Orange-Brown: Filters, and Light Green-Dark Green: Infiltrators)

Analysis of Explanatory Variables for SCM Assemblages (Questions 2 & 3)
RDA, Multiple Linear Regression, and Variation Partitioning

To better understand which physical, climatic, regulatory, and sosia@uic variables, or
classes of variables best explain the SCM assemblages, we first performed multstatistieal
analyses. SCM abundance across cities was best explained by physical ormegatatitions, or a
combination of those variables (Table 2.3). Neither socioeconomjdmour surprise, climatic variables
were retained in the best models except for median household income (MHI) wéhithined in o
model (Table 2.3). Using the MOP-coarse classification system, yhie@hexplanatory variables that
remained after forward selection were impervious percentage, standard deviation &f,stapimum,
and maximum depth to water table (Table 2.3). These variables were impantdascribing relative

abundance of basins, filters, and infiltrators.
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Table 2.3 Significant RDA results for SCM classifications MOP-Coarse and MOPHteysiital,
Climatic, Regulatory, Socioeconomic and All explanatory variables.

Classification| Explanatory | Global Explanatory Response MLR | MLR p-
system Variable Class| Ra.q | p-value Variables VIF Variables R adj. value
Impervious % 1.42 Basins 0.58 G iXi
. NN St.Dev. Slope 2.84 Filters 0.61 | @.001
MOP-coarse|  Physical | 047 | G IXU  “vur prwr | 132 | Infilrators 048 | G iXi

Max. DTWT 2.92

Impaired Area % | 1.28
Impaired Length %4 1.82 Filters 0.41
MOP-coarse Regulatory 0.21 G iXi CSO (Y orN) 1.76 | Swales and Stripy 0.41

CD (Y orN) 1.49
MS4Phase (1 or Il} 1.29

X1
X1

(9N0)

Impervious % 1.66
St.Dev. Slope 3.47 | Swales and Stripy 0.55 G iXi

NN Min. DTWT 1.42 Infiltrators 0.52 G iXi
MOP-coarse Al 058 | G IX1| Max. DTWT | 4.16 Basins 057 | G iXi
Med. Hh Income | 1.24 Filters 0.65 G iXi

Impaired Length %4 2.00

Min. DTWT 1.12 Infiltration Basins | 0.63 | G 1X11i
MOP-fine Physical 0.45 G iXi Max. DTWT 1.45 Dry Wells 0.63 | G iXii
Mean Slope 1.33

Min. DTWT 2.00 Infiltration Basins | 0.72 | G).0001
Max. DTWT 1.17 Dry Wells 063 | G iXii
MOP-fine All 0.55 G 1Xi| MS4Phase (lorll) 1.86 | Permeable Pavement| 0.55 G iXi
Impaired Area % | 1.05

Impervious % 1.33

Note: Only models with globafR, values greater than 0.2 are presented. Only response variables with goodness-
of-fits (GOFs) greater than 0.4 when considering all RDA axeadt @ust the first two) are presented. VIF is the
variance inflation factor. MLR2&, is the adjusted GOF which is equivalent to thg;Rrom multiple linear

regression. Associated multiple linear regression p-values asepted as well.

All five regulatory explanatory variables (i.e., percent waterbody length ieg@impaired
Length %), percent waterbody area impaired (Impaired Area %), presence of combirezd ESOY or
CSON), if the city was under a consent decree (CDY) or not (CDN) aphag&sdMS4Phase | or
MS4Phase Il)) were included in the final RDA model relating regulatoaplesrivith MOP-coarse SCMs
(Table 2.3). Filters and swales and strips were the only MOP-coarse SCMatpyesre explained with
these regulatory variables.

Impervious percentage, standard deviation of slope, minimum and maxidapth to water
table, median household income, and percent waterbody length impaired reedamthe MOP-coarse

model considering all explanatory variables (Table 2.3). All foupgrof MOP-coarse SCMs including
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swales and strips, infiltrators, basins, and filters were well explaineddsettariables suggesting they
are important considerations when understanding SCM assemblages in different cities.

Infiltrator composition was the only MOP-fine class of SCMs that waewm@hined in any RDA
model (bottom two rows of Table 2.3). The two RDA models related to M@Rafiltrator types and
meeting the statistical criteria to be presented were similar to one anottAéren considering owl
physical explanatory variables, mean slope and minimum and maximumsiepivater table were
significant explanatory variables of infiltrator composition withlirdtion basins and dry wells being
well explained. When all explanatory variables were included, minimum axihmam depths to water
table, MS4 phase, percent waterbody area impaired, and impervious percentage remathedinal
model. Infiltration basins and dry wells were also well explainedhése explanatory variables along
with permeable pavement .

To further address explanatory variables, variation partitioning by subtragtas applied such
that the variation in listed SCMs explained by each class of explanataileanias quantified while
controlling for the effects of the other classes. Variation partitiovirag applied to the explanatory
variables in each explanatory variable class (physical, climatic, socioeicoand regulatory) remaining
after forward selection in RDA (Fig. 2.4). In Fig. 2.4, values wi#iiimgle class of explanatory variable
(e.g., 0.44 within physical under basins) indicate the uniquéribation of that explanatory variable
class (e.g., physical) to explaining variation in abundanceadb&8M group (e.g., basins). Values falling
within more than one class of variables (e.g., 0.02 within phyaimhkocioeconomic under basins)
highlights the portion of variation in abundance of that SCM pritnat is explained by a combination of
those classes of variables. Larger values in the shared spaces of the Venn diagiaates ind
intercorrelation between the variable classes. Since forward selection was appliediviual
explanatory variable classes, some collinearity still existed between classésybatnot large. Some

areas of the Venn diagrams are blank because the portion of variation explameghisve, and
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negative values can be ignored in interpreting the results (Borcard et &) Z0lerefore, the
summation of the values within subsets of the Venn diagrams is greater thaatiagion explained by

the entire model.

Basins Filters

Climate ioec. Climate Socioec.

Ry 2 = 0.70 Ry 2=0.80
(a) Residuals = 0.30 (b) Residuals = 0.20
Swales & Strips Infiltrators
Climate Socioec. Climate

Ryg.2 = 0.60 R, 2=038
(c) Residuals = 0.40 (d) Residuals = 0.62

Fig. 2.4 Venn diagrams of variation partitioning for MOP-coarse SCMs. Sizetektlud R,qj. values in

each partition are scaled by g values. Rgj values less than 0 can be ignored in interpreting variation

% E35]S]}V]VP ¢} A op e Gi E Vv}3 «Z}AVX W ZUE%OEE %EEE % ZG+] 0od UA
variables, yellow represents socioeconomic variables, and green represents regulatoriesaRalys. =

physical, Socioec. = socioeconomic, and Reg. = regulatory.
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Based on the results from multiple linear regression, we expected physical andtoegu
explanatory variables to explain more variation of each MOP-coarse SCKh&ypelimate or
socioeconomic variables alone. This general trend was observed (Figh2.8tgest portions of
variation explained by climate and socioeconomic variables were egdlaincombination with physical
and/or regulatory variablege.g., Fig. 2.4d). About 34% of the variation in infiltrators waseémxed by a
combination of physical and climatic variablelewever, socioeconomic variables alone did explain
notable portions of basins and swales and strips. The bulk of the explaan@tion in basin
implementation (Fig. 2.4a) was described by physical variables such as oupgygicentage, slope,
and groundwater conditions (Table 2.3). Filters were well explained byualtlasses of explanatory
variables, with physical variables being the only class of explanatory learthlat explained a
substantial portion of observed variation on its own (Fig. 2.4b). Swalestdpd were not quite as well
explained by all classes of explanatory variables (Fig) @& infiltrators were the least well explained

by the four classes of variables (Fig..4

Single Variate Analysis (Questions 2 & 3)
To better understand if any single variable was driving the relative aingelof a given MOP-

} Ee A~ D 0 ¢°U "% Eu v[* }EE o 3$¢hWHelinger tanpforned MOPAcoarse
SCMs and explanatory variables (Fig. 2.5). The variables that showstilcstifiti significant relationships
with the Hellinger transformed MOP-coarse SCMs that did not remain isttbegest RDA models were
mean depth to water table, 30-year average maximum vapor pressure deficit, mealismbp age,
% }% 0 S]IVU VvV %}% po 3]}v Vve]SCX od]}(vEDG MG ]Xioe AMEHE «dPv] A
least one other explanatory variable remaining in the final RDA models. ttgath to water table was
correlated with minimum and maximum depth to water table, mean slope,saaddard deviation of

slope (Fig. S2.1). Older cities (greater median housing age) were positieliated with population,
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population density, and impervious percentage, and were negatively coecklaith minimum depth to
water table. Impaired area was the only explanatory variable that remained in a fidatri®Del but

was not directly correlated with relative abundance of any MOP-coarse S@M typ

Basin

Basin
Swales.Strips

Swales.Strips

Filter
Filter )
b Infiltrator
Infiltrator | (#x) (&%) (= ) )
Diversity
Diversity o .
Impervious % -_:fag': * *
Mean Slope | (* *
St.Dev. Slope M o
Max. DTWT * Wk
Min. DTWT D € -
Mean DTWT *x
30 Yr. Avg. Max. VPD. e
Population | "
Population Density = (s . o e
Med. Hh Income & = e
Med. Housing Age u:-; * ,g, =
Impaired Length % .
-1 05 0 0.5 1

Fig.25W }EE 0o}PE u }( "% @Eu v[s }EE o §]}v-trangiofnjed MOP-cddsev , oo]vF
SCMs, Shannon diversity index (Diversity) of those SCMs, and explamaiajes. Only explanatory

variables that were significantly correlated with at least one SCM are presexigidnBtory variables

within the light-blue box are physical explanatory variables, withéndark-blue box are climatic

variables, within the light-yellow box are socioeconomic variabledwvathin the orange box are

regulatory variables. Red represents negative correlations and blue representseositiglations. The

size of the circle represents the magnitude of the correlation coefficiengs, (arge dark red circles

represent strong negative correlations and large dark blue circles represent gtositiye correlations).

Z[* *% -NOWoe W Z% GiXiU ZZ%SEDeVi & Stahdard%eSiation; XPD = Vapor pressure

deficit, Med. Hh = Median household.
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Cities that were not limited by shallow water tables preferred stormwater infiltratmes
basins, swales and strips, and filters (Fig. 2.5). Swales and strips and fiteismmplemented more
often in the same cities as one another and their implementation was correlatbdid same
explanatory variables (Fig. 2.5). Impervious percentage, populatiorp@malation density were
correlated with one another, but population density had the largest andtstatistically significant
correlation coefficients with swales and strips and filters. Filters were implemeassdrequently when
maximum depth to water table was deeper, perhaps due to greater implementatioriildfators which
can provide some degree of filtration. Filters were implemented more frequenttyam increasing
percentage of regulated waterways considered to be impaired (Fig. 2.5). Thikedpé attributed to
greater implementation of bioretention facilities, which provide the greatestety of pollutant control
out of any MOP-fine SCM type (WEF and ASCE-EWRI 2012). Adtmntino facilities were the most
commonly listed MOP-fine SCM type considered to be a filter (Choat2Q21).

Basins were the most frequently listed MOP-coarse SCM type (Table 2.2atne€Cab 2022)
but the relative abundance of basins was only positively correlated wig¢hvariable, the 2-yr 24-hour
design depth, and only when that depth was about 2 inches or greater (Bign& Fig S2). Older cities
with greater impervious percentage and population density had smaller relabuadances of basins
and implemented more filters and swales and strips. Of all explanatory variablass basie most
strongly and significantly negatively correlated with median housiegfaltpwed by imperviousness
and standard deviation of slope. Overall diversity of MOP-coarse SCMs sitgahpcorrelated with
socioeconomic variables of median household income and populationtdéRgj. 2.5

Wilcoxon rank-sum analysis of categorical explanatory variables indicated Saphhse |
citieslistedHPZ & E & « }( *A 0 ¢ v ¢5E]% e+ 5Z v AP D6YdIZedendd of]$] » ~% GiXi
combined sewers and consent decrees led to greater differences in MOP-coarse SCidittomaod

A E+]SCX /v ]8] » A]1$§Z lu ]Jv + A E-U «éd bessHeqiedtin fAvolof Ju% o0 u v
] 1sC 15] ] u ] (] QuUEXtiy ]
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A0 e v ¢3E]%* ~%GiXifie v (]o5 Ee+ ~%GiXife A13QVPusSjvPE A @& ]A
~ %o G 1 RiikeXtrends were observed in cities that were under a consent decree, except bidsis d
show a significant relationship and consent decrees were a more significanttprexfithe presence of

filters (Fig. 2.6).

1.004 p=0.023 1.00{ p=0012 1.004 p=0.025 154 p=0.004
®
-§'0.75- 075 ¢ 0754 1 W=
w [ . [ [ = YT
o3 050 @ 050 g I L o501 1 g
0 i >
3 0 t | 5 05-
© 0.25 0.25 A 0.251
U;) .

o004 | =4 0004 ° s 0.001 3 0.0-

Y N Y N Y N Y N
**Combined **Combined **Combined ***Combined
Sewers Sewers Sewers Sewers

1.00{ p,=0.065 100 p=0.087 1.004 p=0.004 154 p=0.012
g g
= 0.754 = 0.75 1 0.75 emmt=m
= = | _ I %,1.0_ =
o3 050 o3 050 - 2 0501 i 5 ;
@ @ s i = .
T 0.25- : T 0.25- 0.254 Q03

0004 T = 0.00 0.00 I 00
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*MS4 *Consent **Consent **Consent
Phase Decree Decree Decree

Fig. 2.6 Boxplots from Wilcoxon rank sum test on categorical regulatory explanatory hesriatd
Hellinger-transformed MOP-coarse SCMs and their diversity. Only resultapith op G iXi &
presented. Asterisks next to the x-axis labels note whether the resultZ&eG i X iU Za % GiXifiU
2727%GiX1i -valugZs peesented at the top of each boxplot. Red dots represent ouflibes.

middle line of each box represents the median value, the top and botiloes of the boxes represent

the 25% and 75% quantile, and the whiskers extend to the smallest and laed@s$ or no longer than
the 25% and 75% quantiles plus 1.5 * the inter-quartile range.

Segmented regression revealed four relationships between SCMs and explanatory variables that
had smaller squared residuals with the inclusion of a breakpoint companedrout one (Fig. S2.2). Of
§Z}e U 8Z }voC *3 38]+8] 00C «]PV](] V3 "% @&u VW+E}EEPo % [FE\} % }EE K\

basins with increasing depth of the 2-year 2-hour design storm, andékettonship was the only
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significant above a breakpoint of 1.97 in. (Table S2.4). Several s#dltyssignificant thresholds (22

5§18 oV 6 A]3Z %GiXiU 6 Al§Z % GIXIiAU](V ft-AVPzZ 3% Gipor§umBesEE Jviv s
to test if SCM abundance was different below and above a given threshold (Big.G8Ber than

minimum, mean, and maximum depth to water table, all thresholds were ifiedtin climatic variables

(e.g., aridity index, temperature, vapor pressure deficit, annual precipitagnd the 2-year 24-hour

design storm depth). These results generally suggest that infiltrators are favored ewvathtr three

SCM types in more arid (i.e., warmer and drier) climates that have greater deptveger table.

Discussion
SCMdensityv JA E<]S3C Jv §Z +3u C ]3] [ JVA v3}®] «5/& 2] ]§ o EP

cities (Question 1). SCM density (i.e., SCM counts per impervious ared)oxget four orders of
magnitude over our 23 study cities (Fig. 2.2). One city onlyrtegp@ne MORfine SCM considered in
our analysis, some cities reported three or less, while others reported more than ter2(8j. These
results could reflect record keeping practices of cities or actual SCM iraptation or both. In an ideal
world these would be the same, however some cities did not keep inventdrisapnsidered SCM
types. For example, Fort Collins, CO had a well-organized SCM irybntahey did not include swales
and strips in their inventory. Another example of inconsistentrecord Reep ] SZ § «}u }( $Z 18] <]
inventories did not include privately owned SCMs while others didals@spossible that other groups
such as counties, departments of transportation, or sewerage districts sometiavesitiventories of
SCMs, but we were unable to collect such inventories. These limisati@ate a double zero problem
common in species composition data; while presence of an SCM clearly ssthisg, the lack of an
SCM is difficult to interpret. We do not know if an SCM that idiatetd is simply not included in that

]3C[* ]VA V3}EC }E ]( 32 & Su We @ddréssed jie limitatipn of the dfdhleX

zero problem the same way it is commonly overcome in analyses of species agemilly using
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Hellinger-transformed SCM counts (Legendre and Birks 2012; Michel et 3).i@g&@ad of comparing
the overall magnitude of SCMs implemented, except for our analysis of SCMydé&ingit2.2). Despite
Z}YA & % E + v3 1A ]3] o[ ]vAfull ayay pf impleented SCMs, they highlight SCMs
that are prioritized within a city.

Of the continuous explanatory variable classes we considered, physical enistacd of cities
best explained SCM assemblages (Question 2). Physical explanatory variables psegrde most
important drivers of the composition of MOP-coarse SCM assemblagds lapand of relative
abundance of individual MOP-coarse SCMs (Fig. 2.4). However, when explaaaiables were
considered individually, this was only true for infiltrators (Fig.5)tf@rother hand, socioeconomic
variables of median housing age and population density were most correlatededdtive abundance
of basins and swales and strips, respectively, and filters were most correlatechwitbgulatory
variable of percentage of regulated waterway length considered impaired (Fig. 2.Barigjrhased on
categorical explanatory variables of MS4 phase, presence of combined sewers, andrveheithi was
under a consent decree, infiltrators were the only SCM type that were ndtexplained by any of the
three (Fig. 2.6). Identifying the unique contributions of camelol sewers and consent decrees is difficult
based on these results, but results suggest cities under consent decrees are nigroldteose filters
while cities with combined sewers are more likely to choose a diverse arrayist $@hough our
analysis revealed correlations between the single explanatory variables and SCMstypesf the
explanatory variables were strongly correlated with each other across classes. Fal@xgties with
combined sewers tend to be older cities (i.e., older median housingaagkdlder cities had greater
impervious percentage and population density, with these relationshipglemmongst the strongest
and most statistically significant of all variables considered (Fig. $hd multivariate analyses did not
produce models with strongly correlated explanatory variables though, sinde variables produced

large variance inflation factors (Table 2.3).
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Perhaps the most surprising result from our analysis was the lack of explanatesy pb
climatic variables. Climatic variables did not remain in any oftleagest RDA models (Table 2.3).
Based on variation partitioning (Fig. 2.4) climate variables only shaveekkrate explanatory power of
infiltrators, which was explained in combination with physical explaryatariables, and only average
maximum vapor pressure deficit was statistically correlated with any of thengiethtransformed MOP-
coarse SCM types (i.e., filters; Fig. S2.1). However, our analysis of bréakpdithresholds in the
relationships between explanatory variables and Hellinger transformed SCMs higihliight climatic

variables may be better used as categorical predictors (Fig. S2.3).

Relationship to previous studies

There are no other rigorous statistical or general comparison studies that we are afrthed
have compared SCM assemblages between more than three cities. Possible reasossafer ttit
many cities are still developing and refining their databases to store 8@ivhation, and terminology
differences make such comparisons challenging (Choat et al. 2022). Our resgksarally supported
by McPhillips and Matsler (2018) though, who similarly fourat tmpervious cover, economic activity,
and changes to policy over time directly influenced the types and Ht&8€Ms implementation. On the
other hand, Hale (2016) found that the development of stormwater infrastmectvas decoupled from
Ju% EA]}ue YA EX ,JAAEGU (JE , 0 [+ v oCEUSUE }WAZ] Z}JAC 2 A
resulted in different conclusions than our study, which excluded traditiconveyance structures.
Another important consideration highlighted by Hale was that new infuastire is directly impacted by
already existing infrastructure. This is a possible constraining factor foiirBglbmentation that we
were not able to capture, since we did not consider temporal inforamatin SCM implementation, but
could help explain some of the variability in SCM implementaghahremained unexplained by our

analysis. Our analysis explained variability in SCM implementataiatge extent, but even our
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strongest metrics suggest we are only able to explain around 70% of tlaiifyiin SCM choice.
Further work may explore in greater detail the local, regional, and natfactirs in decisions made in

cities and across cities for how selection of SCM typewade.

Implications

Despite significant expenditures by the federal government to help eliminatéagontrol
nonpoint source pollution, the US EPA found that four o$tt8am and river quality indicators showed
statistically significant decreases between 2009 and 2013, with necaitwis showing improvement
(U.S. EPA 2020). Such data imply that current stormwater managemaaghes are not adequate to
prevent adverse downstream impacts. Results from this work suggest that SCM implepreirtdtie
23 study cities have been influenced by federal regulations related to the @latar Act (i.e.,
regulation of cities with combined sewers, larger cities with muaicieparate stormwater and sewer
systems, and the utilization of consent decrees for enforcement). For exaaits, with combined
sewers and/or under consent decrees had greater SCM density and diversityisdotportant to note
that neither SCM density nor diversity are measures of effectiveness, but rather usefatires for
comparing SCM assemblages across cities. However, there is potential sepadvioader range of
functions and system-wide resilience with a more diverse SCM inventorthdretis also the potential
for greater maintenance time and workforce training requirements with more SCM typasddition to
federal regulations factors specific to the cities, especially physical arabsonomic factors, are also
important drivers or constraints of SCM composition. While federal reguisitire clearly having an
influence on stormwater management decisions in cities, this does not meathia magnitude and
type of SCMs implemented is adequate to reach water gquality targets in downst@aen bodies.

As more SCMs are implemented in the U.S. to meet the goals of the CleanAdatanowing

how other cities have approached similar problems under similar constreantielp inform cities

46



planning to implement newer approaches to stormwater management. For exagipés looking to
develop a stormwater plan can find partner cities in similar settingshhaé already addressed
stormwater challenges from whom to learn. While there are numerous factors to bedevadiwhen
developing a stormwater plan and selecting SCMs (e.g., constructiomaimtenance, environmental
factors, and permitting; WEF and ASCE-EWRI 2012) this work has provitetevhat important
indicators exist that may allow for prediction of SCMs in cities, whashirhplications for modeling and
stormwater network design. Those same indicators may be used to identify gaesltoipartner with
as all cities attempt to deal with the challenge of urban stormwater managenkemtexample, if a city
has combined sewers and relatively shallow depths to groundwater (e.g., mé&sm BT 7ft), then that
city may consider partnering with Grand Rapids, MI or Sacramento, CAavhiahder similar
constraints. Specifically, our work has shown important indicators of SCM blsggya to be impervious
percentage, depth to water table, land surface slope, median household incoméatery factors (e.qg.,
MS4 Phase, combined sewer presence, and consent decrees), and threshotdatic @ictors (e.g.,

aridity index, annual precipitation, etc.) are important indicators witemtifying partner cities.

Conclusions

If stormwater management is to reach its potential of meeting site-;,céiigyd watershed-scale goals
of not only mitigating the negative effects of urbanization, bsbgbroviding additional services that
improve the environment and quality of life for all, then challenges rteduk explicitly addressed at
each scale. Advancing the practice towards that vision will be greatyeaated if stormwater asset
management systems (Green Infrastructure Ontario Coalition et al. 202a)ien8ICM functions and are
made available as suggested by Choat et al. (2022). However, stormwater managenwrd one size
fits all practice, so even if data is made available, understanding what factosiving SCM

assemblages in different cities will be useful in allowing cities to fieanm one another. To advance

a7



towards that goal, we performed robust statistical analyses on SCM inventorie28&hS. cities to
better understand SCM assemblages and what is driving variation in SCM assemablagesddressed

our research questions:

1. How do assemblages of SCMs and SCM density differ among U.S. cities?

SCM assemblages and density varied wildly between cities (Figs. 2 and 8xisesilisted only one
or two SCM types while others listed more than 10 (Fig. 2.3). The faag @porting the largest SCM
density were each MS4 phase | cities with combined sewers (Fig. 2&3.tkati implemented a low
diversity of SCMs tended to be dominated by infiltrators and basins, ities implemented a greater
diversity of SCMs swales and strips and filters were listed more frequently (Figk58 &lew York City

was the only city to report swales and strips as their dominant MOP-coarse¢ypEM

2. Which physical, climatic, regulatory, and socioeconomic variablelasses of variables best

explain differences in SCM assemblages between cities?

Physical variables explained the most variability in SCM types. Mimiamd maximum depths to
the water table remained in all but one redundancy analysis (RDA) model, snggiesith to water
table is an important constraint and indicator of SCM assemblagdse(2.3). Climatic variables were
shown to be better treated as categorical indicator variables, where cities belowland a given
threshold implement different SCM types at different rates. The most statisticafiortant
socioeconomic indicator variable was median household income sinadagimm density and median
housing age were highly correlated with impervious percentage. All federabtegulariables
appeared as significant predictors, but the presence of combined sewers and whethgiis under a
consent decree or not were shown to be especially important indicatoradenstanding SCM

assemblages.
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3. Have federal regulatory programs related to the Clean Water Act had quantifiableseffetthe

SCM inventories of U.S. cities?

Variables related to federal regulatory programs (i.e., presence of combined sewershik®4 ib
city is under an EPA consent decree, percent water body length impaimedyercent water body area
impaired) all showed statistically significant relationships with the SCM édxdages. While federal legal
processes can take long periods to be implemented, this analysis of 2B1&&tbries suggests that
federal regulation has helped to shape the SCM inventories in U.S. cities.

We postulated a general hypothesis that physical, climatic, socioedenand regulatory
attributes of cities are governing their SCM assemblages. Our results generallytsupgoypothesis.

In many cases more than half of the variability in SCM assemblages wasekphaithe explanatory
variables we identified. It was surprising to find that climatic variables werbagps the least important
in explaining observed SCM assemblages. Their importance was highlighteden, when they were
considered as categorical predictors of individual SCM types.

While one can make assumptions about SCM function based on desigmititad that future
work further explore implications of SCM assemblages on city- and watershedwstalen. The
International BMP database (Clary et al. 2@220)is a wonderful resource that has helped aggregate
information on function of individual SCM types, but there il atheed to further our understanding of
the emergent functions of SCM assemblages, and understand broader suites ofrfaraimnd the
core water quantity and quality related functions. This would also helpnderstand if there is a
relationship between greater diversity of SCMs and meeting the more diverse mma common in
stormwater management. Additionally, future qualitative work could furthegplese the development
of SCM design guidelines in cities, which might provide sosighhinto SCM choices that could not be

explained here. An important step towards these goals is the collectidraggregation of SCM
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assemblage data, such as expanding the database of SCMs used in th(€ktatyet al. 2021) to

include more cities and inventories from non-city entities.

Data Availability

Some data and code generated or used during the study are available in a repositotine in
accordance with funder data retention policies (Databased of Implemented StormwaténoG; DISC);

https://tinyurl.com/HUB-DISIC
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CHAPTER 3: ESTIMATING CARBON SEQUESTRATION UNDER VARIOUS
LAND-USE SCENARIOS OF DRIED AGRICULTURAL LAND IN THE SOUTH
PLATTE RIVER BASIN

INTERFEWS Required Sections

This chapter was developed as a requirement for the INnTERFEWS program andrthetimons

to INTERFEWS requirements are summarized below.

Interdisciplinary Considerations

This report was motivated by an interdisciplinary challenge and utilizededisciplinary
approach to address that challenge. Broadly, the disciplines impadahe review and analysis
presented in this report include economics, policy, natural resourcesaambdmanagement, and

ecosystem services.

Economic Considerations

Sustaining rural economies in the face of drying irrigated agriculture was argrimotivation
for this work. A methodological review and application of benefits transfdnaatuation of carbon
sequestration was performed. Specific methods for spatially explicit scenario iaraatgisreturn on
investment from ecosystem services are suggested based on literature review. For exangiedt
caution when applying benefit transfer when needed data is sparce, recommend imchisio
uncertainty when developing or using tools for return on investment froosgstem services, and
estimate return on investment for three scenarios of conversion of irrigatedwdtyie to more natural
land covers in three areas of interest in the South Platte River Basin (SR#®B)thfee areas were
'E o0 C[* o}vP E VP AE% 3§ PE}ASZ E U E|PIEXE|}BWSZvWo 3§35
properties in Weld and Larimer counties that have been purchased by tthefQihornton with the
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intention of transferring the water from irrigated agricultural to municipaés. Only application to the
Thornton Norther Properties is presented in Chapter 3. For applicatioothigr areas of interest please

see Appendihapter 3.

Policy Considerations

As the SPRB experiences rapid land conversion due to the drying of irrigatedtagtitand,
policy will help shape the outcomes and experiences for agrarian contiesirniherefore, this work
included multiple policy considerations. A review of payment for ecesyservices schemes with a
focus on payments for conservation and payments for carbon sequestration is proVidkegtion of
ecosystem services can help prioritize which irrigated land to keep in piodusmnd which to target

with conservation programs and/or payment for ecosystgemnvices programs, having implications

for natural resources and land management related policy.

Systems-Thinking Considerations

The overall motivation for this report originates from a systems-thinpegpective. Specifically,
growing urban populations are placing pressure on urban water resources, soipalities ae
responding by purchasing agricultural water rights, drying what was irrigat@dbaom, and transferring
the water to urban uses. In response, agrarian economies are likely to be straiadd the loss of
substantial acreage of irrigated agriculture. This report addresses one potential respdhse

economic damage caused by buy-and-dry water transfgraying landowners for ecosystem services.

Stakeholder Engagement

While this work did not specifically include stakeholder engagement as a metiveals

motivated by work with the Colorado Water Conservation Board (who may tsdered a

52



stakeholder). The report also poses the question of whether the landowners in thengoities in
which payment for ecosystem services programs may be implemented have any intesashi

programs.

DPSIR
Growing urban populations and reduced commodity pricesdargngthe transfer of water

from irrigated agriculture to urban and municipal uses. Cities in the 8PR&orado are actively
securing water supply to meet the demands of growing urban populatiodsratustry and to ensure
those demands can be met well into the future. With limited oppaoities to develop new water
sources, cities are resorting to the purchase of agricultural water rightsoldér water rights being in
greater demand due to the enhanced security they provide.

Irrigated agriculture has become the cornerstone of many of the rural landseaygkes
economies of the SPRB. As water is transferred away from irrigated agriculture sigpifecsstresare
being placed on both the landscapes and economies in the agrarian goities. Land that was once
irrigated is being converted to other land uses such as urban developmamiyrigated agriculture, or
more natural land cover such as native grasslands. Communities thatbineeto rely on irrigated
agriculture will experience loss or alteration of employment opportunidied the local tax base.

To characterize the situation within the SPRB importdatesto consider include: 1. The SPRB
isZ}u 8} 6019 }( 8Z }Oo}E }[* %o}% po 3]}ViUuTX oj8 it af @ater fjohirndgatex
agriculture annually, 3. There are over 4 million acre-ft of water diverted forface water sources, for
all uses, annually, 4. There are another 500,000 acre-ft of groundwatedraivn annually, 5. There are
only about 1.4 million acre-ft of native water available annualp@e primarily to the purchase of
water rights by municipalities from irrigators (i.e., buy-and-dry), dideof between 131,900 and

174,000 acres of irrigated agriculture is excepted to be dried by 205346%).
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While there will be manympactsfrom the buy-and-dry trend in the SPRB, this document
focuses on theémpactsthat local communities and economies which have been built arouighted
agriculture will experience as the vital economic driver and core aspéatal culture (i.e., irrigated
agriculture) is significantly reduced.

The primary objectives of this document are related to a poteméaponsdo ease the impacts
of buy-and-dry on local economies and communities while also miitigainy negative land use changes

that may occur as what has been irrigated agriculture is altered to other land uses.

Intellectual Merit and Broader Impacts

This document is intended to be of practical interest to policemgd professionals working in
the SPRB, that are also interested in climate, buy-and-dry, and ensuringrét@agommunities in the
SPRB do not experience undue harm as water is transferred away from irrigated agricuthoeuyh
literature review related to payment for ecosystem services with a focus on cliralztied ecosystem
services is presented. Key points, considerations, and open questions aréiédesntid a framework for
policy-relevant and spatially explicit valuation of ecosystem serigadiscussed. Furthermore, a review
of potentially relevant existing web tools is presented as a reference for thoéngeeasy access to
relevant analyses. Finally, a web-tool which extends the COMET-Plapnher presented with three
example areas of interest within the SPRB. The web-tool enables easy estimatesetiitth@n
investment from conservation measures present in the COMET-Planner tagbraperty scale
resolution. The work presented herein is not extremely novel, but rathethegizes and extends
existing knowledge for policy-relevant professionals.

Introduction

Growing urban populations are accelerating land-use change (LUC) arougidlike as

witnessed in the Front Range of Colorado (Angel et al. 2011; Col@/atlr Conservation Board 2015;
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United Nations and Social Affairs 2018). In recent history, we have wethé&#C exacerbating climate
change due to disturbed soils, development of greenhouse gas (GHG) proldungses, and more
(Houghton et al. 2012). This trend is a product of our approadartd management, however, and is
not a required feature of human progress. Local decisions determine how LUfestsawith significant

implications for local livability and the global challengeliohate change.

The South Platte River Basin
Like many semi-arid and arid regions of the world, the substantial gap batthe supply and
demand of water in the South Platte River Basin (SPigB3.1) is driving competition for water supply

between economic sectors. The SPRB }0}E }[* u}*S %o}%opno}pueU }viu] oo0C

PE] HOSUE 00C % E} p $]A «]vX /3§ @aidérits and Hednghds (0OVRZ2.5m&illgor «

acre-feet of water for irrigated agriculture annually. Municipal and rural stakighe are in competition
for water resources in the basin as there are only about 1.4 million acfentitive water (i.e., sourced
from within the basin) available annually while annual water diversions of susfat are around 4

million acre-ft, with groundwater withdrawals accounting for another D00 acre-ft of supply.
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Fig. 3.1:Map of the Colorado portion of the South Platte River Basiniglghig relevant land cover
from the 2016 National Land Cover dataset (Homer et al. 2012)

Of heightened interest in the SPRB is the competition between municigal ifegdustrial and
residential) and rural (e.qg., irrigated agriculture) water users which has driverhfimenon known
as buy-and-dry. Within the doctrine of prior appropriation, whicheyag water rights in Colorado, a
water user owns the rights to use water for some beneficial use, such as growingcapsdustrial
use, but that water user may not use or lease the water for a different use. As the 8@ RBnessed
rapid urban and industrial growth it has become common for muniitipalto purchase water rights
from irrigated agriculture to secure water supply for the near and long-ternréubd the municipality.
While there are ongoing efforts to figure out ways to allow for the transfer of waitrout
permanently drying irrigated agricultural land, the buy-and-dry trend is erepleto continue through at
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least 2050 leading to a decline of between 131,900 and 174,000 afcireigated agriculture (Colorado
Water Conservation Board 2019).
While direct development of land will account for a significant pori~6-7%) of the expected
loss of irrigated agriculture coming to the SPRB over the coming dedaegsimary driver will be buy-
and-dry. Although urbanization is relatively compartmentalized spatitdlyndirect effects will be
experienced throughout the basin. Many rural areas of the basin rely on gdgagriculture to support
their economies. The loss of that economic driver is likely to hgwdfisant social, cultural, and
economic implications for those agrarian communities as the locdlaag, employment opportunities,
and general experience of living in an agricultural area are lost or altered. Wihgromportance is the
guestion of how to help maintain rural economies in the SPRB thagxpérience significant declines in
irrigated agriculture.
Times of change provide opportunities for innovation, reorientatiogaxls, and for new
approaches to be used to reach those goals. Inearly 20pA, EvV}E : E W}o]*[ }((] ]Jv }ol}E
E o - E} U % (}E SZ 85 8§ [« P} o }( & M ]JvPoR®Ethimithatte P o ~', "o %
document several steps and important consideratiarese highlighted that will enable Colorado to
meet its ambitious climate-change goals. Of particular relevandeisontork is the key finding that,
"% E}S 3]vPU E «3}E]vPU v VvZ v ]vP 8Z @& “AJEVIVR (0o M}E+ }(E]5]3 0C
sequestering carbon~'}A EvV}E : E W }o]ThekCp(dradd Water Plan (Colorado Water
Conservation Board 2015) also identified the need for additional ina@tivassist basins in
implementing agricultural efficiency and conservation practices to srighe ecosystem services that
agriculture can provide. By paying private landowners or other relevant stakehdtignoviding the
public good of carbon sequestration by implementing climate-smartesgias on their land, rural
economies can gain an additional source of revenue. Owners of land that tcam8ibim irrigated

agriculture to another land use can maintain some income while thoseaiteatortunate enough to
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keep their land in production can add the additional incoméhir portfolio. As such, policy makers in
the SPRB are interested in payments for ecosystem services (e.g., carbon sequestedéon,
purification, pollinator services, etc.) policies that may keep revenudripimto rural communities in
the basin while incentivizing land-use practices that benefit socielgrge.

The overall objective of this work was to enable easier assessment of the tradeoffs dfigloten
uses of dried agricultural land to assist stakeholders and policymakers in the SRIREkiitg informed
land development decisions. To meet this overall objective, two subtigscvere addressed:

1. ldentify needs, traits, and options with respect to policy relevantatadm of ecosystem
services
2. Perform valuation of carbon related ecosystem services in the case of irrigatedlags

drying to more natural land cover in the SPRB

To achieve these objectives literature review was first performed, exploratory datgsaswith
an existing dataset was undertaken to better understand the role of unceytéintarbon sequestration
in agricultural and working lands, and results from literature review were uséatkentify appropriate

methodologies and to apply an appropriate methodology to achievelsjltive 2.

Results

Literature Review

A Need for Scenario Analysid.and Use-Land Cover, Ecosystem Services, and Return on Investment
As the South Platte River Basin evolves as a socio-hydrological sysliesndpcisions are being

made that will help determine the future economic, environmental, andetathealth of the basin. For

good decisions to be made, good information must be availabpelify makers and entities that help

inform them (e.g., the Colorado Department of Natural Resources or the CWCB# raig@xpert each

time they need to explore the climate change implications of variodLC scenaridben cost in and of
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itself may become prohibitive to desired programs (Paustian et al. 201684¥eken and Bastiaensen
2010) What is needed is a robust, yet easy to use tool that does not requdertese. Of particular
interest is the ability to explore various LULC scenarios (e.g3.Ejdo allow for the prioritization of

various policies and decisions.

Flg 3 2 Four dlfferent land-use types in the South Platte Rlver Btn;mges captured Wlth Google
Earth. (A) Pivot irrigation agriculture, (B) Medium-intensity residedtaklopment, (C) Peri-urban low
intensity development, (D) High-intensity development. Growing patpis in urban areas (B-D) are
drying irrigated land (A). What are the implications of different land-usesa®ts with regards to water
management and climate change?

Uncertaintyin Estimating Carbon Sequestration and Storage
There is a vast amount of literature related to GHG production, sequestratimhstorage. A

<u] I+ E Z pe]vP 8Z | CAYE « "PE vZ}ue P o« 1WERAO6OI E( MDIUE -
31,707 open access articles, 6,352 review articles, and 1,385 bitgdypapers

(https://www.webofscience.com/wos/woscc/summary/04d67fc8-021b-4fad-8d4@B346d558bb-

0df31403/relevance/). With respect to carbon sequestration and storage, there is a significarg ot
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soils (e.g., Alexander et al. 2015; Conant et al. 2017; Enaly 2007; Kane et al. 2021; Paustian et al.
2016, 2019; Smith et al. 2020) due to a few primary reasons. Fitsinwhe top meter of soils globally,
there is an estimated stock of around 5,508,800 Gt Cowith the lower range representing about
three times the total stock of G@ound in vegetation and twice that found in the atmosphere. Second,
as a result of cultivation and agricultural management practices, itiimatgd soils have lost around
510 t 550 Gt C&since agriculture became popular around 8,000 years ago (Smith eb8). 202018
systematic literature review concluded that soil carbon sequestration hapdtential to sequester
about 2 to 5 Gt C£annually (Fuss et al. 2018). Lastly, using soil to sequester carbonprawe soils,
make them more resilient to drought and climate change, and improve dwagatultural productivity
(Fuss et al. 2018; Kane et al. 2021). Essentially, the literature shows than c@dpuestering agricultural
practices are likely good for agricultural production and the faat they sequester carbon is a bonus.
Although we have a decent understanding of large-scale carbon storagisinestreme spatial
heterogeneity makes it very difficult to generalize carbon storage based on maeagenactice from
place to place. Soil carbon storage is location specific, dependingrate; previous and current land-
use/management, soils, and other factors (Fig; B&8mesh et al. 2019).
Conant et al. (2017) performed an extensive literature review to synthesizeimerds that

have compared soil carbon storage between a control treatment (e.g., traditiorigated agriculture or

VUVPE I PE «*0 Vv * AJS3Z Vv Z]u% E}A t[(e}dE crofléhd @hsitioriedtoS E Su v
pasture or a grazed grassland). The studies took place over 37 countries reprgsewitte variety of

}v ]18]}veX dZ C (Juv U "u% E}A PE IIMWJuwMPYR o3Ru( E3VYo]llud% E}A
grass species, irrigation, and conversion from cultivation all tenekth fo increased soil C, at rates
ranging from 0.105 to more than 1 MgC/M@-<E X _d} « J( A lpuo o Ev u}E (E}u §Z
study, which the authors made publicly available, | performed a bHa&f analysis. The data included

observations from 241 papers, with each study comparing two or more tresatisn For example, one
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study may have compared soil carbon in an irrigated crop plot testhlecarbon in a native grassland.
Values related to soil carbon were reported in terms of storage per acre [tC/Hadualh, in the related
paper the authors present results in terms of carbon sequestration [MgC/h&iyst, | plotted the full
range of all observed stored carbon as boxplots (Figt 88) and then plotted the same data except
limited to relatively non-humid areas of the USA (Fig.t3ight) which resulted in data from 10 states.
dZ v /| %o0}8s8 §Z § (E}u 3Z h” AlSZ 3Zu%)EFE}o (X XU B35v3E 3
split (Fig. 3.4t left). Last, | plotted boxplots of study-wise differences between the coatrdl
Mu%e E}A _ SE 3u v3sU A]SZ %}°]3]1A A op « E H%ZE | Wh|ERA 35 E % E
treatment and negative values representing better performance by the controlrtveat (Fig. 3.4t
right). Boxplots were used because they allow for an easy comparison between treatments.
The range of values of observed carbon storage per area is larger when studies from aeund t
globe are included (Fig. 3t3eft) compared to studies from more similar climatic and geographic areas
(Fig. 3.3t right). This is potentially simply due to fewer datapoints bemufuided in the plot presenting
observations from non-humid areas of the USA, but the idea that mordasiatimatic and geographic
areas store more similar magnitudes of carbon follows reason (Paustian et al R&rhésh et al. 2019)
In Fig. 3.3 we also observe that for four treatments (e.g., shift fromoggagture or modified grazing
intensity) the observed carbon storage per area ranged over three orders of magnitgtkglting the

uncertainty in such measurements.
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Fig. 3.3 Boxplots presenting carbon storage per area [tC/ha] based on studies arcaigtbthe (left)

and on studies from the USA with humid regions removed (right). Boxplotssepirthe 28 and 7%
percentiles as the edges of the box, the"giercentile (median) as the line lying within the box, and the
largest and smallest values falling within 1.5 times the interquartile rangeeatie 75" percentile or
below the 2%' percentile, respectively. (Data from Conant et al. 2017)

Further highlighting the site-specific nature of soil carbon storageseeethat when comparing

all control treatments with al*Ju % E}A & (Fig. 34l itis very difficult, if not impossible,
to generalize across locations. On the other hand, if we look at thysitise differences between

JVEE}o v ~Ju% E}A Fig.23@t right) the sange of observations narrows. For example,
values of carbon storage per ardegf. 3.4t left) for conversion fronag to pasturerange from near 0 to
about 175 tC/ha. In contrast, looking at the study-wise differencaleofame treatment (i.eag to
pasturein Fig. 3.4- right) reveals that lands converted from agricultureaiyse almost always increase
in soil carbon storage. Those differences ranged from about O to just ou€r28, which is nearly an
order of magnitude smaller than the range observed when looking at carbon storedqmefi.e., 20
tC/ha vs 175 tC/ha). Looking atthe study}e J(( € v + S3A v }vE3E}o v "Ju% E}A

(Fig. 3.4t right) also shows that many treatments thought to improve (or increasegadibon do not
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always perform as expected. Taking the shift franopland to pastures an example, we see that
sometimes soil carbon is increased and other times it is decreased. This steotisehavior is likely
due to differences in soils, climates, and/or previous management or landGseant et al. 2017,
Olsson et al. 2014; Pouyat et al. 2006; Ramesh et al. 2019). Otrezalhta from Conant et al. (2017)
show us that the differences in observed soil carbon between locations is greatettté difference
between management approaches. This highlights the difficulty in geriegabibservations in soil
carbon between locations. To minimize uncertainty in scenario andysey be better to use relative

performance of sequestration instead of an absolute measure.
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Fig. 3.4 Boxplots comparing the overall observations of carbon per area [tC/hajdeet the control
v "u% E}A _ SiEall éfuthe feviewed studies (left) and showing the study-wise differences
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(Data from Conant et al. 2017)

Uncertainty in Valuating ROI from Carbon Sequestration and Storage

To assist with policy decisions, quantifying the ROI (netur investment) from carbon
sequestration/GHG mitigation is highly desirable. The vasbmtyajof efforts attempting to so

consider the ROI to be the social cost of carbon (SCC)ealvditat is to say, if sequestering a
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ton of carbon today avoids $200 of social damage (e.g.,gutpplestruction or loss of national
or global GDP) then the ROI of sequestering one ton of casbaken to be $200. Quantifying
a value for the SCC includes extensive uncertainty and is ly digibated topic (Drupp et al.
2015; Interagency Working Group 2013; Pindyck 2019; Plur@6@9; Ricke et al. 2018). There

are many ways to approach to this challenge. heSpy®E o0 %0 ]S loVBRS@&}hons [«

modeltakes a simple but well-accepted approach (Sharp et al. 2020)sgadtl as an examel

here.

A Valuation Formulation

Data requirements for valuating carbon storage and sequestratiohe INVEST carbon
model and many other approaches include price per metric taradbon, the market discount
in price of carbon, and the annual rate of change in theepoiccarbon (Sharp et al. 2020). Price
per metric ton of carbon is based on the social damage avoidedsasssed above. The market

]+ JuvS Jv % E] }( E }v E ( E* SEW]BEC[vs% & (]& VA G (HSHE

benefits. The annual rate of change in the price of carbon ie@rt used to capture how the
value of carbon sequestration may change over time based on the gizsr@aused by climate
change. Setting the annual rate of change to a value greater@®@means you assume the
societal value of carbon sequestered today is greater than theevafl carbon sequestered in
the future (Sharp et al. 2020). For example, it could be argli@dsequestration has greater
value now because sequestration of the same amount of carbonaoompared to later may
have a greater impact on climate change. Discount rates can bedeoediin different ways

with some combining the market discount and annual rate of cbedngexample (Pindyck
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2019; Ricke et al. 2018) with others suggesting a dynasdoudint rate that changes with time
(Ricke et al. 2018). Discounting is consistently shaaAretone of the largest sources of the
differences in estimates of SCC (Ricke et al. 2018). Both ntasketnt in the price of carbon
and the annual rate of change in the price of carbon can becs@tin the INVEST model.
Ultimately, the value of sequestered carbon over time for a gpecel, R = H g Ai.e., LULC

pixel) is calculated as,

o _ ®PaePec xlaNaravd §avypde 5
Ma sa &—LH@/:\ o Bivo @4 v B T RB1
lagagavgdavypun @5>-A@5>A

where 8is the price per metric ton of elemental carbon (not2f;@ A M Qia thd”amount of
carbon sequesteredU d\: ¢ ¢ 8d U Bl 5 3 g6 the future and current years being simulated,
respectively,Ns the market discount in price of carbon or discowater[%], Rs the time

elapsed since the current year being simulated, &mlthe annual rate of change (or discount)
in the price of carbon time preference [%]. It is importemhote that this approach assumes a
constant carbon sequestration rate over time but a constant ratenlikely to be observed in
reality (Sharp et al. 2020). Due to this assumption howdhes formulation of the value of
sequestered carbon lends itself to accepting outputs sudh@se provided by COMET-Planner

(Swan et al. 201,&eqrate;e.g., amount of carbon sequestered per year). By simply regjaci

xeQaePeg

, With the carbon sequestration rate provided by COMET-PlanDek, M NweP A

T8aravd §avyoUR
arrive at the following formulation of the value provided ¢xenario being considered

(R =HL%A4.9., conversion of irrigated agriculture to native grasd).

‘M4 t 4 BE H@U\OAMl\AL:a*;‘A”"Fa‘“”@@—YS —,
@5>-A@5>A
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with Phow being the total number of years to be included in th&ation. For example, if we
wanted to estimate the value of carbon sequestration provided4D acres of land were
converted from irrigated agriculture to a native grassland tqd@ag must decide how far into
the future we want to assume the constant sequestration reasonapplies. Lands will
eventually reach an equilibrium with regard to carbon storagkere the net amount of carbon
being sequestered is essentially zero (i.e., the amount beingestered is equal to the amount

being released; Entry et al. 2007).

Review of Valuation Input Variables

Deciding how far into the future to consider when estimatihg value from carbon
sequestration or GHG mitigation provided by a LULC scenami iee only complicating
factor. Due to sources of uncertainty related to nearly ewagiable used to quantify the SCC,
the resulting uncertainty is extremd@hree variables in particular Ricke et al. (2018) estimated
the global social cost of carbon (GSCC) by considerisghposocioeconomic pathways (SSP),
possible climate futures (i.e., representative concentration patys-RCP), the potential
negative impacts of climate change on the economy (i.e., using dafoaggons), and various
discounting approaches. The resulting estimates of the GSC@eaenfed in Fig. 3.5 where
the extensive uncertainty in the estimates can be clearly seearige over three, and

sometimes four, orders of magnitude (color bars represent thi @®nfident intervals).
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climate change research: the concept of shared socioeconomic path@tystic Chang&22 387t400 (2013).
RCP = Representative Concentration Pathway as accepted by the IPCC. BkidMHsBng-Miguel damage

function (a model used to estimate social cost of carbon). DJ&l<J@esOlken (another model used to estimate
social cost of carbon). This graph and footnote are taken directhy Ricke et al. (2018).

v €]} (E u

The Interagency Working Group on Social Cost of Greenlgases (IAWG; Interagency

Working Group 2013) considered 150,000 estimates fromQDsdmulations for discount rates

of 2.5, 3, and 5 percent. Those estimates were based on averageaf@€ produced by three

integrated assessment models and thé"9&ercentile estimate which assumes an unlikely but

highly costly scenario (i.e., close to worst-case scendri@.full distribution of the results for

the three discount rates are shown in Fig. 3.6. Average valudge SCC were $12, $42, $62,

and $123 for the 5%, 3%, 2.5%, and the close to worg-®asnario, respectively. Like results

of Ricke et al. (2018) discussed above, these results alsolsbwncertainty in estimates of
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the SCC. The range of values estimated by the IAWG is much eathawn those arrived at by
Ricke et al. likely reflecting their lack of consideration ofeutaenty related to factors other

than discounting.
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Fig. 3.6 Frequency distribution of SCC estimates for 2020 E +he &equency distribution of the SC-CO2
estimates for emissions in 2020 for each of the three discount r&tash of these distributions represents 150,000
estimates based on 10,000 simulations for each combination of the thiaels and five socioeconomic and
emissions scenarios.16 In general, the distributions are skewed tagiieand have long right tails, which tend to
be even longer for lower discount rates. To highlight the difference betwleimmpact of the discount rate on the
SCCO2 and other quantified sources of uncertainty, the bars below the frequdistributions provide a
symmetric representation of quantified variability in the SC-CO2 estimataditoned on each discount rate. The
full set of SC-CO2 results through 2050 is availdok KD [+ A +]8 X dZ]e u C pe (LO 8} v 0CeSe v
that warrant additional quantitative uncertainty analysis (e.g., as recomméty OMB for rules that exceed $1
billion in annual benefits or costs). See OMB Circular Aduidance and discussion of best practices in

v p S]vP pv &S JvsSC \Bas€idn irftegiatec assessment models (IAMs; DICE, FUND, and PAGE
Azl z & u- C 3Z hX~"X P}A[S 8§} +3]u & EZnrerhgency Weokkindg Grolip 2013)
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Pindyck (2019) took a different approach and surveyed 386 experluding 113
economists and 220 climate scientists with 170 of those espgagtng from North America, 158
from Europe and 30 from developing countries. The range oV&lD€s resulting from the
expert surveys exhibited large uncertainty and was between th&icke et al. (2018) and the
IAWG (2013) (about one third of responses were between $05400, several were spread
across $100 and $700, and the mean was $291; Fig. 3.7). inteypsource of uncertainty
though, was related to the potential impacts of climate changerawitthe discount rate which
was held constant at 3% for the survey questions. Also BeEiy. 3.7 is a gamma function fit to
the data as a probability distribution function (pdf; rexd) that best fit the responses of all
surveyed experts. Using a pdf is one way in which uncertamaty be included in estimates of
the SCC and ROI from various LULC decisions. There was a markeakcdiffethe values
provided by economists and climate scientists (Fig. 3.8). @istatntists tended to suggest
much higher SCC (average of $316.3) than economists (average3of bt both the
averages and distributions of estimates from North America amddeuwere very similar with

averages of $284.5 and $284.2, respectively.
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Fig. 3.8 The social cost of carbon based on surveys of economists (left) andectiomntist (right).
(Pindyck 2019)
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Estimates of the SCC, discount rates, and time preference ratesveraous scholarly literature
are presented in Table 3.1. Estimates of the SCC in the table r@fi@etges or likely ranges as
opposed to the full range of estimates found in each stddye range of the SCC was from $12
to $300. The range of discount rates was 1% to 7% with®.and 5 being the most common.
Time preference rate ranged from 0% to 6% with values betweeartP2% being the most
common. Inclusion of the full range of values presented ierald when estimating the ROI
from climate-related ecosystem services will produce more robusteses, but the range of

estimated values will be larger.
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Table 3.1 Estimates of the social cost of carbon (SCC), discountaradgjme preference for estimates of ROI

Social cost of

Discount Rate

Time Preference

Citation (See articles for

Notes carbon Units [%] [%] their references)
"Conservative estimate 21 US$/ton CQ 7 0 Bagstad et al. 2012
"Non-conservative
estimate"” 85 US$/tonCQ 1 6 Bagstad et al. 2012
3, 5, and growth
India (66% C.1.) 86 ($49$157)| US$/ton CQ adjusted 1,2 Ricke et al. 2018
3, 5, and growth
U.S.A. (66% C.l.) | 48 ($1$118) | US$/ton CQ adjusted 1,2 Ricke et al. 2018
3, 5, and growth
Saudi Arabia (66% C.I| 47 ($27$86) | US$/ton CQ@ adjusted 1,2 Ricke et al. 2018
3, 5, and growth
Brazil (66% C.l.) 24(14t41) | US$/ton CQ adjusted 1,2 Ricke et al. 2018
3, 5, and growth
China (66% C.1.) 24 (4150) US$/ton CQ adjusted 1,2 Ricke et al. 2018
United Arab Emirates 3, 5, and growth
(66% C.1.) 24 (14t48) | US$/ton CQ adjusted 1,2 Ricke et al. 2018
USEPA estimate 12 US$/ton CQ 5 1 IAWG 2013
USEPA estimate 42 US$/ton CQ 3 1 IAWG 2013
USEPA estimate 62 US$/ton CQ 25 1 IAWG 2013
SCC Survey of 386
experts 80- 300 US$/ton CQ NA NA Pindyck 2019
SCC Survey w/outlierg
trimmed 80-100 US$/ton CQ NA NA Pindyck 2019
SCC 121 US$/ton CQ 25 0 Pindyck 2019
SCC 101 US$/ton CQ 3 0 Pindyck 2019
SCC 81 US$/ton CQ 4 0 Pindyck 2019
SCC 65 US$/ton CQ 6 0 Pindyck 2019
mode = 0, mean
1-3 (mean= |=1.1%, median:
Discount rate only NA NA 2.25, median = 2 0.5% Drupp et al. 2015

Development of Shiny Application

Following the important considerations highlighted so far and afteestigating many freely

available online tools, the COMET-Planner tool (Swan et al. 2018)evdisied as the most appropriate

and applicable to aiding our valuation of carbon sequestrationersttenario of irrigated agriculture
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drying to more natural grass cover. It has many of the traits desirable forasuadsis: 1. It is relatively
easy to use and does not require an expert, 2. It estimates changes, or ratatigases in carbon
sequestration opposed to estimating values of carbon storage that are attachsshte land use, and
3. It makes place-based estimates of the relative change in carbon seques(raipastimates vary by
county) COMET-Planner takes state, county, area (acres), and conservation prattizetagFig. 3.9)
Many Natural Resource Conservation Service (NRCS) conservation practices are avahalolsst
from. Three conservation practices were identified as relevant to the scenairidgaited agricultural
drying to more natural land cover: Eorage and Biomass Plantiognservation practice d€onversin

of Annual Cropland to Non-Irrigated Grass/Legume Foragedisi@rops2. Conservation Cover
practiceof Convert Irrigated Cropland to Permanent Unfertilized Gragsitne Cover3.Conservation
Coverpractice ofConvert Irrigated Cropland to Permanent Unfertilized GEas&er It then outputs the
approximate carbon sequestration and greenhouse gas emission reductions (tonnegud@lent per
year) broken down by contributions from carbon dioxide, nitrous oxidethane, and total CO

equivalents.

County

Changes in:
Acres E> COMET g pmpmemaseens, g

Carbon Dioxide

Conservation S
Practice = — — Nitrous Oxide
Methane
Total CO,-
Equivalents

Stochastic Valuation Module [tCO,../year]
@ (SCC, Discount, Time Preference) E

Fig. 3.9 Workflow of Shiny application used for pre- and post-processing data retateeé COMET-
Planner tool.
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To enable policy relevant valuation of the return on investment framatk related ecosystem
services, an application was developed (Pt COMET;
https://liminaleng.shinyapps.io/comet_pre_post_app/) for pre- and post-gssing of data for use with
the COMET-Planner tool. The application was developed using RS8igio, Inc 2013). The study
area of interest includes properties purchased by the City of ThornOn;yCdZ}EvSiv PE] poSuE o
~§ A E +Z]%Ihomdonyurchased the properties with specific intentions of convettie
irrigated acres to more natural grass cover and diverting the water from the iedgand to the city for
municipal uses.

First, the application calculates the total acreage of irrigated land tu-damer type (e.g.,
private, municipal, etc.) within an area of interest as defined by a shafé&fi. 3.10). This step
produces an acreage to be used as an input to the COMET-Planndrandlownership data (Colorado
Natural Heritage Program and the Geospatial Centroid n.d.) and irrigatdd ¢tkta from 2015
~N A1V iSZ Wo 88 n }o}E }[- ]*1}v "~ wies&ud€H foritdentifying land X X e
ownership type and irrigated land&fter retrieving estimates of the tonnes of €€yuivalents per year
from the COMET-Planner tool (Fig. 3.11), those estinmtessed as inputs into the next and final step
of the Pre-Post-COMET application (Fig. 3.12) - Valuatiervaltation tab allows user specified inputs
defining the type of probability distribution to be used for represagtthe social cost of carbon as a
random variable. Normal, log-normal, and uniform distributions awmglaile. Normal and long-normal
distributions are defined using mean and standard deviation as input paramébeiferm distributions
are defined by providing the minimum and maximum values. MontésGamulations are performed by
sampling the defined distribution 600 times with random draws witheyslacement. Values of social
cost of carbon below zero were dropped from consideration. Then disgatmtand time-preference
variables are represented as uniform distributions and are sampled at six equal isteaca All

combinations of the 600 draws from the social cost of carbon diginh, and the six discount rate
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values and six time-preference values are used to calculate a range of potentral oatinvestment

values Return on investment is calculated using equation 2.

Pre - Post - COMET Infroduction 1. Area of Interest 2. COMET-Planner 3. Valuation

. + Owner
Options | CITY 1206 acres
Use 3 existing AOIs or load your ~— l Z?X—{—QTgs“gli‘SS i
own .shp? [ i '
® 3A0Is ¥

(O Load Own Files (i.e., .cpg, .dbf,
_prj, .sbn, .sbx, .shp)

Area Of Interest
¥ i
v ‘E] @ B

ThorntonNorthProps
|

L]

&

Fort Collins

o] of S -
g= = ®
‘hQ XYy .

windsor

Greeley

Loveland

Evans ]
Uﬂ(_m__l Leaflet | Tiles © Esri — Esri, DeLorme, NAVTEQ, € OpenStreetMap contributors

Fig. 3.10 Application of the Pre-Post-COMET application to the TnrNorthern Properties located in
Larimer and Weld Counties in the South Platte River Basin, CO. In 8te@dea of irrigated property
within the area is calculated.

Approximate Carbon Sequestration and Greenhouse Gas Emission Reductions™
(tonnes CO; equivalent per year) i ]
: i Carbon Nitrous Total CO4
NRCS Conservation Practices Acreage Dioxide Oxide Methane Equivalent
Conversion of Annual Cropland to
] € Non-irrigated Grass/Legume ' 7,593 2,377 0 9,970
Forage/Biomass Crops e
Convert Irrigated Cropland to
E 0 Permanent Unfertilized = 5,039 4,081 0 9,120
Grass/Legume Cover e
Convert Irrigated Cropland to
E[ o Permanent Unfertilized Grass Cover | =s 2185 4,287 ° 6,472

Fig. 3.11Screenshot of output from COMET-Planner tool.
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Pre - Post- COMET  Introduction 1 Areaofinierest 2 COMET-Planner 3. Valuation

Social Cost of Carbon (SCC) Sequestration Valuation
Assumed Distribution of SCC Sequestration Rates From COMET- Min and Max Discount Rates as %
Planner - (tCO2eq/yr) (comma separated) (comma separated)
Normal -
9970, 9120, 6472 255
Mean SCC $
How many years into the future? Min and Max Time Preferences as %

42 (comma separated)

20

st.Dev. SCC § 1.2
20
2. Estimate ROI
1. Simulate SCC
ROI Estimates
& & - i
-_. _il:l m
— 2 total simulations)
120 5 ;
9970 1
&
100 Q
=
8 80- b
3 59120
Y0 6
i m
o
40 o
‘%6472-
20 0
0 Q S Q 4
N N
) & O

A ROI [million $] in today's value after 20

SCC (%/ton CO2eq) years into the future

Fig. 3.12Valuation tab of Pre-Post-COMET application.

In the example demonstrated in Figures 11-13, it was shown that assumirrgnalrdistribution
(mean = 42, St.Dev. = 20; Table Bdsed on Interagency Working Group 2013), a range of possible
discount rates between 2.5 and 5 and time preference values between 1 @abR 3.1Interagency
Working Group 2013; Pindyck 2019; Ricke et al. 2018), ifthk afrigated land in the Thornton
Northern Properties was converted to each of the three conservation practicedfiddrih Figure 12,
then over a 20 year period return on investments are estimated as presented in xpéoban Fig. 3.12
as well as in Table 3.2. Even after constraining the valuation varialles toost commonly used values

and holding the carbon sequestration variables constant even thoughdbelgl have considerable
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uncertainty, estimates of the ROI from each conservation practice stgkerawmer three to four orders of
magnitude.

Table 3.2Estimates of ROI [million $] using the Pre-Post-COMET applivatiothe COMET-Planner
tool

Conservation Practice Min Q25 Median Q75 Max

1. Conversion of Annual Cropland to Non-
Irrigated Grass/Legume Forage/Biomass Cr: 0.01 3.8 549 7.35 16.4

2.Convert Irrigated Cropland to Permanen

Unfertilized Grass/Legume Cover 3.48 5.02 6.72 15.04

3. Conservation Coveractice ofConvert
Irrigated Cropland to Permanent Unfertilizer o 2.47 3.57 4.77 10.67
Grass Cover

Footnote: In the Pre-Post-COMET application values presented in this tabiésateyed as pop-ups when the
mouse cursor hovers above or around the violin plots.

The Pre-Post-COMET application explicitly accoontsricertainty in valuation variables, but
only indirectly accounts for uncertainty in climate futures, whichlgso significant. It indirectly accounts
for uncertainty in climate futures by embedding that uncertainty itite valuation variables. One of the
reasons there is high uncertainty in estimates of the social cost of cantbiother valuation variables
is because of the uncertainty in climate futures. For example, if theaté future we end up realizing is
on the severe side of estimates, then the social cost of carbon is graalter than if the future we

realize is on the less-severe side of estimates.

Conclusions

The overall objective of this work was to enable easier assessment of the tradeoffeofiglot
uses of dried agricultural land to assist stakeholders and policymakers in the SRREktg informed
land development decisions. This overall objective was met by acahimgitwo subobjectives.

1. ldentify needs, traits, and options with respect to policy relevantatsdmn of ecosystem

services:
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Policy relevant valuation of ecosystem services requires methodologiearéimely, accurate
enough, actionable, enable comparisons of scenarios, and not requiring art.ekpey must be timely
in that multi-year studies occur on a slower timescale than pokxysibns are made so while
important, are not adequateZ P& S v} gl b[théEnged for results that entail enough
confidence to be trusted. Uncertainty should also be communicated a©ptré decision of whether
the method and/or results are accurate enough. Furthermore, communicadisigits without
communicating the uncertainty associated with those results can cause naonethan good over the
long term (Plummer 2009; Richardson et al. 20W&}h respect to policy, the best way to ensure results
are actionable is to provide estimates of the return on investment in tesfmsonetary value. To stay
cost effective, the method should also enable comparisons of scenarios. If ariggmal study needs to
be conducted each time a new scenario is considered, then cost may becohibifive. Similarly, if an
expert is required for each study or each analysis, then cost will likelyriepoohibitive.

2. Perform valuation of carbon related ecosystem services in the case of irrigatedlagsd

drying to more natural land cover in the SPRB:

The COMET-Planner tool was identified as the most appropriate tool forastgrthe change
in carbon sequestration in the scenario of irrigated agricultural land kdileg to more natural grass
cover. It does not require an expert, estimates relative change in carbon segli@stopposed to
assigning absolute estimates of carbon storage to different land uses, amadtédisrplace-based
estimates of carbon sequestration impacts. To enable easier use of the COME&r-Riahhy non-
experts, an application was developed for pre-processing inputs for theETamNanner tool using a
shape file representing the area of interest. The application also enables pstsging using a
stochastic valuation module to get from estimates of carbon sequestratigiaichastic estimates of the

return on investment from carbon sequestration. Both tools were used togethermpptied to an area
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of interest where estimates of the return on investment were shown to range from $@ai@ than $10
million.

Future work should investigate the use of benefit-transfer using custom lanthndecover
classifications. By working to identify land use-land cover typesatteatf interest in policy decisions
and that also allow for differentiation of the value provided by carbon segqatsh, estimates of return
on investment can be calculated and priority data needs can be identifiedre are many other
important considerations regarding valuation of ecosystem services aragsolhat pay for ecosystem
services. For example, it is important to be clear about who pays for th&ystem services, who gets
paid, who provides the services, and who benefits from the service. Enshanguch programs do not
exacerbate economic inequality should be prioritized (Van Hecken and Basti&&is®nFor a more
in-depth report of the literature review performed in this chapter please see theeAgix where the

Chapter 3-Full Report is available.
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CHAPTER 4: PREDICTING MONTHLY, ANNUAL, AND MEAN ANNUAL WATER
YIELD IN RESPONSE TO MIXED LAND USE-LAND COVER SCENARIOS AND
UNDERSTANDING DRIVERS OF WATER YIELD

Introduction

Growing population and economic forces are driving rapid land conve(sig., urbanization)
across the planet (Angel et al. 2005, 2010, 2011; United NatiahSacial Affairs 2018). Land
conversion can drastically alter catchment water yield (WY; defined here astdiervlume of water
flowing past a point of measurement in a stream over a given time) withfisigmi implications for
water resources, risk management, water rights, geomorphology, environmental asgstem health,
and more (Haase and Nuissl 2007; Leopold 1968; Poff et al. 199yerRa al. 2017; Sharafatmandrad
and Khosravi Mashizi 2021; Walsh et al. 2005; Yu et al. 2015). étyidriohpacts of land conversion and
urbanization are likely to be exacerbated by climate change (DeWallezfiGf); Dow and DeWalle
2000; Jacobson 2011; Oudin et al. 2018; Tu 2009)idnithe of rapid land-conversion and climate
change, understanding and being able to predict WY under different lanthngecover (LULC)
scenarios across physiographic and climatic settings is critical for flodiecision-making by water
managers, policy makers, and other relevant stakeholders (Liu et al. 2G0&f&mandrad and
Khosravi Mashizi 2021; Yu et al. 2015)

The change in WY from different LULC complicates the already challenaitige of modeling
and predicting WY. Catchments with mixed land uses (i.e., agriculidpal), peri-urban, industrial,
etc.) are characterized by extreme spatial heterogeneity (Cadenasso et al. 2087alLi2008; Verburg
et al. 2009), diverse hydrologic flow paths (Aliyari et al. 28t@skar et al. 2015, 2016a; Meyer 2005;
Price 2011), and desired explanatory data are often sparce, inconsistent itygaatl held by disparate
sources (Hrachowitz et al. 2013; Visessri and Mcintyre 2016). Decaeffsrtsf (Leopold 1968) to
understand the impacts of land conversion on catchment hydrologg pasgressed our knowledge and
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ability to, with ample effort, predict streamflow response in a given catchmmsitmany challenges
remain. One significant challenge is the need for a more generalized apptadpplies across
physiographic, climatic, and LULC scenarios (Beven 1987; Bldacld@t9; Nearing et al. 2021; Rogger
etal. 2017)

There are many methods used to understand and model mixed-land useneaithydrology
and to predict WY response to catchment properties such as LULC. Pagpieaches include empirical
and statistical methods (Bell et al. 2016; DeWalle et al. 2000incatchl. 2018), lumped conceptual
models (Liu et al. 2008; Reed et al. 2004), fully-distributediphify-based numerical models (Aliyari et
al. 2019; Choat and Bhaskar 2020; Endreny and Collins 2009; Z2@aby simpler methods like the
semi-empirical Natural Resources Conservation Service Curve Number methpdel@disly known as
the SCS CN), and more (Zhou et al. 2015). When simpler methodsli&ernve Number are used to
estimate impacts of LULC change, the uncertainty surrounding the péeesrahosen for the new
scenario impedes confidence in predictions (ASCE/EWRI Curve Number ¢lydadk Committee et al.
2009; Hawkins et al. 2019; Ogden et al. 2017; Puno et al) 28pproaches that consider more spatial
heterogeneity and explicit flow paths require greater parameterization and dafaeding their ability
to be easily applied to a wide range of scenarios. Despite the method usedydwgdrologic models
of mixed land use catchments must be trained or calibrated to a givenroataf) limiting the
applicability to other catchments and scenarios. An approach tatices the physical heterogeneity
of a catchment while maintaining ease of use is needed.

Predicting WY response to different LULC is akin to the regionalizatiblem of predicting WY
responses in ungauged catchments. In both cases the objective is esseotmtigict an unknown WY
response as a function of relatively static watershed characteristics and dynangonwiegical
forcings. Regional regression equations that relate climatic and physidgreggthment characteristics

with WY or other flow statistics have been developed for unregulated andmallyi disturbed
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catchments (Eurich et al. 2021; Ries Il et al. 2017). Such appsoace limited in application however,
due to their exclusion of catchments with anthropogenic alterations, siscimixed land use catchments
(Ries Il et al. 2017)

Factors driving WY are complex and interactive, but some patterns and thewvesbeen
identified. WY tends to increase with increasing precipitation and decreasimgotranspiration (i.e.,
decreasing tree and vegetation coverage and air temperature; Bell et al. 20d€kdslet al. 2016b;
DeWalle et al. 2000; Hamel et al. 2020; Hopkins et al. 2014 darc@011; Sun et al. 2019; Tu 2009).
WY is sensitive to catchment slope, soils (Hopkins et al. 2015) ealahir substrate (Eurich et al.
2021) Many anthropogenic impacts and activities interact with eadteoaind natural characteristics to
shape WY. Some anthropogenic impacts and activities include alterecabdIhistorical LULC patterns
(Hopkins et al. 2014, 2015; Shi et al. 2015; Sun et al. ZB12009), impervious cover (Bell et al. 2016;
Chang 2007; Jacobson 2011; Oudin et al. 2018), inter-catthinansfers (Bhaskar et al. 2016a;
Grimmond and Oke 1986; Hopkins et al. 2014), agricultural aniddape irrigation (Aliyari et al. 2019;
Bhaskar et al. 2016a; Bhaskar and Welty 2015; Grimmond and Oke 198§)aadieaking water
infrastructure (Bhaskar and Welty 2012, 2015; Hopkins et al. 2014|dPetrg. 2022), dams and
reservoirs (Shi et al. 2015), stormwater infrastructure (Bell et al. 2016; Bhaskia26tL.6a; b; Bhaskar
and Welty 2015), and water treatment plant effluent (Meyer 2005; Oudial.€2018). Developing any
model that is applicable across LULC, physiographic, and cliooatitions will require data that
directly or indirectly (i.e., via indicators) reflects these factors.

The overall objective of this work was to gain fundamental insight leGrhportant drivers of
water yield and how they vary with spatial and temporal scale. By meetia@liective, useful models
for predicting WY were developed, guidance was provided about what imporéaahgeters and
processes need to be captured by a model to predict WY in a wide rduisgerarios, and guidance was

provided as to which factors managers considering WY should give special att&dadypothesized
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that statistical and machine learning methods that apply across a bievagk of catchment conditions
would require a larger number of variables than typically considered in regiegiassion models (e.qg.,
under 10).
To achieve our main objective and to test our hypotheses we asked ltbeiiog questions:
1. What are the important drivers of water yield?
2. How do those drivers vary between monthly, annual, and mean-annual tatesst
3. How do the important anthropogenic drivers of water yield vary over regifrthe U.S. and
over monthly, annual, and mean-annual timescales?

4. Which modeling approach is most effective at predicting water yield at diffenergscale?

Methods

To identify important drivers of WY across climatic, physiographicLbamdC scenarios, this work
utilized a variety of statistical and machine learning approaches to métein 2,913 catchments across
the contiguous United States to produce skilled and explainable mddeltiple linear regression, least
absolute shrinkage and selection operator (LASSO) regression (Tibshirani 1896¢, extreme
gradient boosting supervised machine learning (XGBoost) algorithm were usedétimgo The most
skilled models were investigated to understand the importance of the uargxplanatory variables
included in them. These simpler methods were chosen over neural networkslL(@ng. Short-Term
Memory) because interpretability was a priority in this study. To redbeaupfront assumptions about
appropriate variables to be included or the number of variables to d&lover 80 explanatory variables

were considered, and different variable selection methods were used.
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Data Collection

Similar to any statistical or physically-based hydrologic modeleatared inputs for the
models used in this study included catchment characteristics and weath@ngsrStreamflow, being
the target variable in this study, was needed for training, validating, testing the models. The
availability of daily USGS streamflow data was used to identify the most apgisfime-period to be
used in the study. After quantifying how many catchments had contiawlaily streamflow records for
any given 10-15-, 20-, and 30-year period, a 15-year period was selected because 4,60ineats
had continuous streamflow records for at least one 15-year period and 15 ghkansed for 10 years of
training data and 5 years of testing data. Next, we investigated whtglear period between 1976 and
2013 had the greatest number of catchments with complete records andealigrell with the variables
present in the Geospatial Attributes of Gages for Evaluating Streamflow (GAG&Sene 2017, 2011)
dataset. We used USGS mean daily streamflow (cfs). The total volume of wateg fimsira gauge in a
day (i.e., daily WY ,%twas calculated from mean daily streamflow and monthly and annual WY were
calculated from daily WY. Area-normalized water yield (ft) was used in the mggbebcess to control
for larger catchments having the potential to produce greater volumes of vyadéd.

The period from 1998 through 2012 was chosen because it had the sgeeatst number of
catchments out of all 15-year periods considered and was best aligned wiBAIGES-II variables,
including the National Land Cover Data (NLCD) which was available foR@@hr2006, and 2011.
Catchments that were given a boundary confidence of 6 (Falcone 2011) or leseewmwved from the
GAGES-II dataset resulting in 3,214 catchments. Of those 3,214 eatishonly two had a dominant
geology type of anorthositic and only one had a dominant ggotgge of intermediate, so those three
catchments were removed. Weather data failed to download for another 298 caotsmesulting in
2,913 catchments being used in the study. We eliminated catchmenteitparienced the top 5% of

land cover change based on NLCD during the study period, tovestigate catchments with WY that

84



was in transition during the study period and instead focus on morécdtatl C during the study period.
Previous work specifically has investigated streamflow in GAGES-II watershekligwithbanization
change and found discharge can be different during rapid urbanizatemgehcompared to before or
after rapid change (Bhaskar et al., 2020).

The GAGES-II dataset was used for catchment characteristics because it inclixdediebence
and non-reference catchments (i.e., catchments that have minimal humpadi® and catchments that
have been impacted by human activities), data for 9,322 total cagctis (2,047 reference and 7,265
non-reference), and a wide range of catchment characteristics believed to belsuiadescribe the
hydrology of the included catchments. Fifty-seven variables from the GAG&8set and 24 from the
GAGES-II time series dataset, were identified for use (Tddlga&hd included climatic, physiographic,
and anthropogenic variables. GAGES-II time series data were at eitherrfiga-y@ar resolution so
values in between years with observations were interpolated. All variables consiidettgd study were
continuous except for the dominant geology variable which was categamchincluded six categories
after removing two of them. To transform the dominant geology variabla ¢ontinuous variable it was
one-hot encoded. One-hot encoding defines each category as a hew vaxabie0 or 1 is assigned to
each new variable. A O indicated acdta v3[e }u]v v3 P }o}PC A ¢« v} E % E + V3§ C 8

v iJv] 8 § Zu v8[* }Ju]lv v3 P }o}PC A A (E]%CEX Vv$§ C 87 3§

The daily surface weather and climatological summaries (DAYMET) dataset was used for
weather forcings. Individual datasets of annual (Thornton et al. 20&2@&)monthly (Thornton et al.
2020b) climate summaries and daily weather (Thornton et al. 2020c¢) e#ste downloaded directly for
each catchment using catchment shape files included in the GAGESsktddéinnual and monthly
climate summaries included summaries of five DAYMET variables: minimumaxitdum temperature,
precipitation, vapor pressure, and snow water equivalent. Daily weather data alsolé@ud shortwave

radiation and day length. DAYMET data came a< tkidded data. Mean values of the gridded data
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within each catchment for each variable were used as model inputs. DAYdiEWak collected using

the PyDaymet API from the HyRiver software stack (Chegini et al. 2@fthion. Variables capturing

antecedent precipitation and minimum and maximum temperature were alslodied as explanatory

A E] o¢<]v VWp o VvV Uu}v3ZoC u} 0¢X &}E+* WUBd[UE}D U BE %%E] A FIpv
average minimum daily temperature, and average daily maximum temperature wéueléac For

monthly models, total precipitation, mean daily minimum tempenat, and mean daily maximum

temperature were included from the previous month and previous 12 moriha variables from the

DAYMET dataset were used (i.e., precipitation, snow water equivalent, maximtemaierature,

minimum air temperature and water vapor pressure.

Data Partitioning

If the models developed in this study were truly capturing the intgott variables representing
the most important drivers of water yield, then they should be able to mtedater yield in catchments
in which they were not trained (i.e., prediction in ungauged catchm@itiC)) as well as in catchments
in which they were trained (non-PUC). Data was partitioned to allow fongsti models in PUC and
non-PUC scenarios. To ensure that catchments partitioned to trainingeatidg catchments to be used
in the PUC analysis (training and testing-PUC) were from similar diigtrig, they were first partitioned
such that each of the nine aggregated level Il ecoregions define@ iIBAGES-II dataset had
proportional representation in each of the partitions. This was dosiagi10 different random seeds to
produce 10 different partitions where 70% of the 2,913 catchments (2,038 patitioned to training
data, leaving 874 catchments to be used in testing of PUC performagcd (44).

Next, for each of the 10 partitions resulting from the 10 random seadgersarial validation
~A A Ee E] 0 A 0] 8§}v8D% GEEIV W v § oX 1i1iV Y] v & oXKsliliv ~ Z]

was used to test whether the variables within each partition were from similanilligitons. Adversarial
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validation assigns a binary variable (i.e., 0 or 1) to two datasetsisledke, for each random seed a 0
was first assigned to the training partition and a 1 to the rest of the dett@. XGBoost algorithm for
classification (Chen and Guestrin 2016) was then applied using 10-foldvalimigion to the time-
averaged variables for each catchment. The objective was to predict if eacimeatctvas from the
training partition or from the other 30% of the data to be used foritggtPUC. The resulting metric
from this analysis is the area under the receiver operating characteristic curée RE.LC) which plots
the true positive rate against the false positive rate. If the two data pan#tibeing compared were
from the same distribution, as desired, then the AUC-ROC value woul8,badicating the
classification algorithm is unable to predict which catchment is fndrith partition using the variables.
The partition resulting in mean AUC-ROC values from cross-validasasicto 0.5 was chosen for use
in the remainder of the study. For the non-PUC analysis, the catchrimahigled in the training
partition from the PUC-partitioning described above were used. The firgeafs (1998-2007) of the
continuous 15 years were used for training and the following five year8{2002) were used for
testing. Since we used one year of antecedent precipitation and temperatureaftafast year of the
training period could not be used in training, so the models weradgion nine years of data (1999-
2007) Cross-validation (k=10) was applied to identify the best model parametevdrailthe full ten
years of training data and all training catchments to be used for traaiogvalidation. Throughout the
study, k-fold cross-validation with k=10 was chosen because a k=b@dashown to provide a
balanced tradeoff between bias and variance across a wide range of practical datasets ((0815)
Mean-absolute error was used to identify the best parameter sets for each predictive mbdal

applying cross-validation.
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Fig. 4.41: Location of catchments used in this study including catchmesed for training models (top)
and catchments used for testing model predictions in unseen (ungauged) catehbottom).
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Model Development

To identify models that offered sufficient predictive skill while maintainmerpretability, both
of which were important for our research questions, three predictive models w@neidered: 1.
Multiple linear regression, 2. LASSO regression and 3. XGBoost regressican(CGeestrin 2016).
The following methods were explored: 1. None (raw data), 2. Data standaodiZae., subtracting the
mean from each value and dividing by the standard deviation), 3. $datalardization followed by
principal component analysis (PCA; Pearson 1901) for dimension redudti&tegionalization using the
nine aggregated ecoregion-ll regions included in the GAGES-II datagét, Using non-reference
catchments and reference catchmentsaZ & P]}ve[ }E& PE}I}u% }( 8 Zu v3eX Z }( 8z
steps were attempted before multiple linear regression, raw data was excluded for LAQ&@tian
because standardized data is required, and standardization and PCA were excludedtzBmost
because it is capable of internally selecting variables and is not sensitivon-normal data. Linear
regression, LASSO regression, and XGBoost were applied using packages ifLirgdnoregression
and LASSO regression from Scikit-Learn, Pedregosa et al. 2011; XGBoost, Guestaind2016). We
used the variance inflation factor (VIF) to identify and eliminate multingrity from the variables. A
VIF threshold of 10 (Helsel et al. 2020) was used to eliminate multieanity where variables with a
VIF greater than 10 were eliminated one at a time until VIF for all variableseh@ag b0. An exception

to this was made to keep precipitation from being eliminated.

Linear Regression

For variable selection in multiple linear regression, a forward- stepwise algovitis implemented
that allows for variables to be removed during subsequent steps if their removal wepthe model
after the addition of another variable (Ferri et al. 1994; Pudil et3341 Raschka 2018). At each step in

stepwise regression (i.e., each time a variable was added or removed) 10-fold crdateralvas
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applied and the average?Ralue was used to identify the best combination of variables for each given
number of variables considered. The number of variables considered in stepwise regraagied from
one to the smaller of either two less than the total number of variables orléss than the total
number of samples. To avoid choosing models that suffered from overfittinge criteria were
Jvel] & W I ]I /v(}EuU 3]}v E]S EJIVU  C ] W/W}Buwo 8} e[ @hpX E]A -~
shown to be the most conservative, meaning it selected the fewest numbeariatbles in each
instance, so it was ultimately used for selecting the number of variablesadn each regression model.

BIC was calculated as,
(1) $+% LIEZD0 ¢E J @@5“AEZ:~J; L E s4
where Jis the sample5 5 'is the sum of squared residuals, ahis the number of variables in the

model (Helsel et al. 2020).

Least Absolute Shrinkage and Selection Operator

LASSO regression applies L1 regularization which shrinks small variableotettievards zero
resulting in sparse models, meaning that variable selection is part of glogithim. The LASSO algorithm
minimizes:

(2) ASLF AvTy o E 8A% g+
where Ujs the B observed value,Tj; are the Fvariables for thekh observation, vare the Fregression
coefficients for the Bh observation, andais a tuning parameter that controls the strength of shrinkage
applied to the regression coefficients. The case wh&ré& ris equivalent to ordinary least squares. This
formulation of LASSO regression assumes variables have been standardizedrsmt doggde an
intercept term. To select the besi 10-fold cross-validation was used and theesulting in the best

validation scores was used in the final model.
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Extreme Gradient Boosting for Regression (XGBoost)

XGBoost is a tree boosting algorithm that leverages weak learners (i.e., pastigted target
variables) to efficiently improve predictive skill (Chen and Guestrin 2018)es additive functions (i.e.,
trees) to predict an output and stops once a user defined stoppineriaits reached. An output is
predicted using K additive functions:

B) U LAY gB: Ts 4B (
where B is an individual regression tree built with variabl§; ( represents the space of all possible
individual regression trees. The following objective function iEmrized to learn the set of functions
used in the model:

(4) .:6; L AjHY 45 & A, 3:B;

where 3:B; L U 6E—Z 5+S +

Here Hb a differentiable loss function between the predicted valtéand the observed value,
U, 3is a regularization term that helps avoid overfitting by penaliZiggnhodel for complexity. The
complexity of each leaf is represented k6 is the number of leaves in each tredis a trade-off
parameter that scales the penalty, arglis the vector of scores for each leaf. To overcome
computational challenges the model is trained in an additive mannetuaed the first and second order
gradient statistics (i.e., gradient and Hessian) to optimize the objecthaifun. For an in-depth look at
the XGBoost algorithm please see Chen and Guestrin (2016) and Ni e2@). (20

Other important regularization methods used in XGBoost include shrinkage, whetg added
weights are scaled by a factor often called the learning r&tafter each step and column sampling,
where a specified ratio of all variables is sampled. These regularization methodstilizeel in this
work to help mitigate overfitting by the XGBoost algorithm. Other paramsetonsidered in this study
included the number of trees, the maximum tree depth, tieomplexity parameter, theitrade-off

parameter, and the learning ratef
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Principal Component Analysis (PCA)

To understand if there was redundancy in the large number of variables presiet GAGE 8-
dataset, and to see if they could be well represented by their principalponents, PCA was applied to
training data. PCA uses singular value decomposition to identify efysrsvand eigenvectors. Due to its
linear nature, the variation in the data described by each componenbeaguantified. Multiple linear
regression and LASSO regression were applied to the principal componentbidg€%Ps6 of the

variation in the variabls

Parameter Importance and Model Assessment

Shapley additive explanations (SHAP; Lundberg et al. 2020; Luraditekge 2017) were
utilized to enable consistent comparison of variables between models. Shagieys were developed
for application in game-theory to understand the contribution fresach player to the game results
(Shapley 1953). SHAP values quantify partial dependence of each variableplipgdme distribution
of observations of that variable while assuming no dependence, or expécitiyunting for the
dependence, from all other variables. The output explains how the predietasndriven from the
expected prediction when no variables are present or known, to the prediction obdeviien variable
are present. Applied to linear regression, SHAP values are roughly equigategtassion coefficients if
multicollinearity is not present. SHAP values were calculated fdpeleperforming model in each
region or cluster of catchments considered using the SHAP package (Luadbdrge 2017) in Python.
The best performing model was taken to be the model with the largest mediah-Sutcliffe efficiency
(NSE) for monthly and annual timeseries results or the largest median coeftitidgtermination (R)
for mean annual results. Nash-Sutcliffe Efficiency (N&&h and Sutcliffe 1970)) was used to assess how

well models performed. NSE is calculated as,
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(5) 05'L s
where 3§is the observed water yield at time 8§ is the modeled water yield at time t, and, is the
mean of observed water yields. Possible values of NSE range fram, where 1 represents perfect

prediction, O represents a model where using the mean would perform better.

Results

Model Performance

Model performance varied from poor to excellent between different regions (Hd)4In
general, the eastern U.S. (e.g., North East and SE Plains) saw better perfornaamite tivestern U.S.
(e.g., West Xeric and West Plains). Adapting ratings of model perfoenb@sed on NSE developed by
Moriasi et al. (2007) to this work, models with a median NSE when appligtseen catchments (NQE
P 0.5 were taken to be satisfactory, NSB0.65 were taken to be good, and NSEO0.75 were taken to
be very good. NSE was not able to be calculated for mean annual watersgiétd;alues were used for
assessing goodnesé-fit. For mean annual water yield? ®alues ranged between 0.66 (WestPlains) and
0.94 (reference basins), except for the Mixed Wood Shield (MxWdShld) ecovdgjicmhad a smaller
sample size and performed poorly for all models. There, theaRie was 0.08. Best performing mean
annual models included six XGBoost models, 2 LASSO models, 2 stepltijge-imear regression

models, and 2 simple linear regression models with average precipitatitne amly predictor.
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Fig. 4.42: Map of residuals from the model that performed best in each individatdhment at the
mean annual scale (top) and NSE at the annual (middle) and monthlgrfjdimescales. Shape
indicates which grouping method produced the best result in eacivishehl catchment. At the mean
annual time scale, yellow indicates the best performance. At annual amthty timescales dark blue
indicates best performance and dark red indicates worst performance.
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For annual models, of the 12 regions considered (9 ecoregions, referencmandference
catchments, and all catchments together) five had median.Ntgow 0.5. NSEfor non-reference
catchments was 0.49 however, so it was accepted as satisfactory, leaving fétumeats with
unsatisfactory performance (i.e., Mixed Wood Shield, West Mountains, WessPdaid West Xeri¢ig.
4.4.3). Including the non-reference catchments, five regions had satisfactory peafmen0.490NSE,
Q0.65), one had good performance (0.&NSE QO0.75), and two had very good performance (0.65
NSE Q1). Three of the poorly performing regions had a NIgEs than 0, indicating that they
performed worse than simply using mean water yield. XGBoost was the best performimngl amodel
across all regions.

Based on NSEmonthly models outperformed annual models in all regions except ftiran
East Highlands ecoregion, where models of the two timescales performed sinWady Xeric and West
Mountains were the two regions experiencing the largest improvements betweenahmama monthly
u} oeX t 3 y Glinfproked by 0.41 (-0.23 to 0.18) and in the West MountaiSk improved
by 0.50 (0.09 to 0.59). The performance of three monthly modelsunaatisfactory, two models had
satisfactory performance, four had good performance, and three had very good pearficenNo
models had a NSbelow 0, although N@Bvas near zero in the Mixed Wood Shield ecoregion. XGBoost
was the best performing model for all regions except Mixed Wood Shield, wh&®Q Aegression

performed best.
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Fig. 4.43: Empirical cumulative distribution functions of (a) absolute @altiresiduals from mean
annual predictions, (b) NSE from annual predictions, and (c) NSE frorhlynpredictions. Metrics are
presented from each cluster/region modeled and are metrics from the best performauel in each
region when applied to the unseen catchments. The x-axis is clipptdfat easier viewing.

Identifying Drivers of Water Yield

Variable reduction by removal of multicollinearity and PCA (principal cponent analysis)

Many variables played impactful roles in predicting WY. After removiltigearity from all

explanatory variables for each model, between 17 and 60 variables remained for prgdittan

annual data, between 29 and 64 variables remained for annual data, and betweeTd 3O for

monthly data. Furthermore, PCA was not able to capture large portibtiewariation in explanatory

variables. To explain 95% of the variation in mean annual variables usedimedel, it took between
10 and 39 components, for annual data it took between 17 and #dfpoments, and for monthly data,
between 18 and 43. PCA was not further considered due to its inabiliignificantly reduce the

number of variables.
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Impacts of classes of variables

Explanatory variables used in this study were categorized into four classes ofesrcibhate,
physiographic, anthropogenic impacts on water resources (AnthroHydromthdopogenic impacts on
land (AnthroLand) (Tablel3). As expected, climate variables were the most important predictor of WY
in nearly every scenario (Fig. 4.4). The only exception was that¢he annual model applied in the SE
Coastal Plains (SECstPlain) region where precipitation, the most imMdictfate variable, did not
remain in the stepwise regression model (Fig. 4.6 (a)). Despite precipitaitdreing included, that
scenario had an®f 0.70. Physiographic variables were the next most impactful Vartgpe across all
regions. In the Central Plains region, anthropogenic variables (AntdroHyAnthroLand) were as
impactful as physiographic variables at the mean annual timescale, bat tite other two timescales.
Generally, the impact from climate variables increased from mean annual to tgdimtiescales. This is
likely due to more climate variables being included in annual anatinhpomodels that captured

antecedent precipitation and temperature.

Mean Annual Annual Monthly

||||| | |

H Climate
B Physiography
BN AnthroHydro
H AnthroLand

Iy
o
L

o
©
1

@
o
s

e
»
L

o
[N]
L

Relative contribution of each variable type

0.0 -

Ref

CntlPlains

All
EastHghlnds

Ref
CntlPlains
Non-ref

All
EastHghlnds

All
Non-ref

Non-ref
Ref
CntlIPlains
EastHghinds
MxWdShid
NorthEast
SECstPlain
SEPlains
WestMnts
WestPlains
WestXeric
MxWdShid
NorthEast
SECstPlain
SEPlains
WestMnts
WestPlains
WestXeric
MxWdShid
NorthEast
SECstPlain
SEPlains
WestMnts
WestPlains
WestXeric

Region

]
o
Q.
51
Bl
x
[}
Q
5
El

Fig. 4.4 Relative contributions from each variable type to the overall impéell variables on
predictions.
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The relative sensitivity of WY to physiographic, AnthroHydro, atldrédlrand variables (Fig.
4.5), varied between regions. In particular, the Central Plains (G@imtPland Southeast Plains (SEPlains)
were more sensitive to anthropogenic variables at all timescales. Central Wi@snost sensitive to
anthropogenic variables at the mean annual timescale whereas Southeast Plains wesensitste to
anthropogenic variables at the annual and monthly timescales. W¥¢iNanth East region showed no
sensitivity to anthropogenic variables at the mean annual timescale, butheasecond most sensitive
at the annual timescale and third most sensitive at the monthly tirakes\ll catchments considered
together (All) and non-reference catchments (Non-ref) showed substantial sendibiatythropogenic
variables at all scales and that sensitivity did not vary considerably asressctles. On the other hand,
reference catchments became less sensitive to anthropogenic variables as the timeseateetfiner
(mean annual -> annual -> monthly). The relative contribution frathHydro and AnthroLand
variables varied extensively between regions and to a lesser extent between timesealesample,
AnthroLand variables were much more impactful in the SEPIlains regspesially at the monthly

timescale, whereas AnthroHydro variables were much more impactful in dnthEast region.
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Fig. 4.5 Relative contributions from each variable type except climatic variablgee overall impact of
all variables on predictions. Note that Mixed Wood Shield and Wesink&n ecoregions are not shown
for mean annual as there were only climate variables in these models.

Impacts of specific variables

SHAP values were used to understand the impact of individual explgnadriables on
predictions of water yield. While climate and physiographic variables glead large impacts on
predictions, many anthropogenic variables also impacted predictions of ¥éY plecipitation, other
climate variables were the most impactful predictors of WY across timescakeav&rage of monthly
maximum number of days receiving measurable precipitation (Mo Max Wet ayshment average
relative humidity (Avg RH), and snow water equivalent (Snow Water Eq) averagezholreespective
timescale appeared among the most important predictors of water yield acrossaficales (Fig 6).

With few exceptions, the directional relationship between climate variahteswater yield was
consistent across regions (Fig. 4.6). One notable exception was theéugegdationship between Avg
RH and water yield in the SE Coastal Plains (SECstlPlain). This nelg#itimship was present across
timescales but was most pronounced for the annual model (Fig. 4.6 (b)gasidpronounced for the
monthly model (Fig. 4.6 (c)). The maximum temperature (Max Temgpfth time step being predicted
also had varying importance as a predictor. It did not appear in the@§ impactful predictors for
mean annual water yield, only remained in two regions for annual models (Misaabl Shield and
North East), but it was the fifth most impactful variable at the mdntimescale where it had varying
impacts between catchments. In the West Mountains (WestMnts) region, referemichments (Ref),
and all catchments (All) models, Max Temp had a relatively strongasitive relationship with
monthly WY, while it had a negative to neutral relationship with Wikerother regions. It has an
especially strong and negative relationship with WY in the North Easiragjthe monthly timescale.

Similarly, the average percent of precipitation as snow (Snow %) was only finhpathe West

99



Mountains region and there, it was impactful across timescales. It wasropBctful in other regions at

the monthly timescale where it appeared as an important variable for all catchsw{éti) and non-

Reference catchments (Non-ref). Antecedent weather forcings for annual and monthieYe\also

Ju%o 3(HO % E ] $}E+X &}E vvy o tzU 3Z PHeELBI)es tGe SEEGRd HaT | %0 ]S 3
Ju%e 3S(po A E] o Zlv §$Z uE E(Preci). AtheemBntily tidedcileSthpvaverage

minimum temperature of the previous month (Min Temp-LB1) was the senwst impactful predictor

behind Precip, and it was immediately followed by the sum of the previduaonths of precipitation

(Precip-LB12 v 8Z % @E A]}pe u}vSZpPretp®EBIL] %135 3]}v ~

Fig. 4.6 Heatmaps presenting the direction and magnitude of SHAP values {ioffihat variable on
the model output) for each region/cluster considered, each timescale (a: rmeamal, b: annual, c:
monthly), and the 30 variables with the largest mean absolute value imyéttin the heatmap, blue
indicates a positive relationship between the variable and water yield and red regireaaegative
relationship. The variable labels are colored by category: Blue represents clianetbles, brown
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represents physiographic variables, black represents land use variables, and redmeprese
anthropogenic alterations of hydrology. For clearer interpretation, theté of the color bar arg0.2

and 0.2 for mean annual and annual plots, add2 and 0.02 for the monthly plot. White indicates that
variable was not included in the model. Definitions of variables canurefm Table &1.

Anthropogenic variables varied in their relative impact on WY predst@mnoss timescales and
especially across regions. Three anthropogenic variables appeared among the fivepaastul across
timescales: Housing Density, area normalized dam storage in 2009 (Danejtaradeveloped-high
intensity land cover (Dev-High Intensity) (Fig. 4.7). IncreasediitpDensity resulted in larger
predictions of WY across regions. The only exceptions were observed in peddyming models (i.e.,
West Mountains mean annual model and Mixed Wood Shield Annual ind@kih Storage had mixed
impacts on WY predictions across regions, but the most signifitgatdts it had were to decrease
predictions of WY. It was especially impactful in the North East regi@nfaial and monthly timescales
and in the West Mountains across timescales. Notably, Dam Storageppadite impacts in reference
and non-reference catchments. In reference catchments, increased Dam Storagequt@uleater
predictions of WY and in non-reference catchments it produced smaller pi@ticiGreater Dev-High
Intensity consistently led to greater predictions of WY. Contrasting wathHigh Intensity, developed-
open space land cover (Dev-Open Space) which was the second, sixthyamalast impactful
anthropogenic variablat mean annual, annual, and monthly timescales, respectively, had mixed
relationships between timescales and regions.

At the mean annual timescale, Dev-Open Space had negative relationshipd/Wipnedictions
for all (All), reference (Ref), and non-reference (Non-ref) catchments but positatenships for four
other regions (Fig. 4.7 (a)). At the annual timescale Dev-Open Spapeditide relationships with all
regions when it was included in the best model, except for the North EddRaference regions. At the
monthly timescale Dev-Open Space had a positive relationship for alhssigiovhich it was included in

the best model, including the North East region, but not for refeezcatchments. The percent of
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negative relationships with WY across timescales in the West Mountains rdgiemelationship

between pasture and hay land cover (Pasture/Hay) and WY was also notable. heviagrth and third
most impactful anthropogenic variable at mean annual and annual timestaiesnly the ninth most
impactful at the monthly timescale. It had mixed directional relaships across regions but had a

consistent negative relationship with WY across timescales.

Fig. 4.7 Heatmaps presenting the direction and magnitude of SHAP values {ioffihat variable on

the model output) for each region/cluster considered at each timescalméan annual, b: annual, c:
monthly) and only including anthropogenic variables. Withim lleatmap, blue indicates a positive
relationship between the variable and water yield and red represents a negative ralaifiomhe
variable labels are colored by category: Black represents land use variables and red tepresen
anthropogenic alterations of hydrology. For clearer interpretation, thét$imof the color bar aret0.04
and 0.04 for mean annual and annual plots, a8d03 and 0.003 for the monthly plot. White indicates
that variable was not included in the model. Definitions of variablesbeafound in Table4s1.
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Discussion

There were clear spatial trends regarding performance of the models. Water yi¢ld @astern
United States was much better predicted than the western United States. THlm®udue to several
reasons. There was a greater density of catchments in the eastern part of the countyaghid have
improved predictions. The areas which performed most poorly also tend to theeinareas where
water yield may experience greater impact from anthropogenic activities ndtoaptured by the
variables used in this study. Specifically, time series variables such as daesevoir management
and water transfers were not Warepresented but would likely be important. The summary variables
we have which are related, such as volume of dam storage, and five-year resatatEmuse still

showed up as impactful predictors despite not having higher resolutine series data.

Climate, physiography, and many anthropogenic variables impacted predngiof water
yield

After removal of collinearity, as well as consideration of PCA, severablesrior components)
remained. Had there been significant redundancy in the explanatory variebtdsof these methods
should have greatly reduced the number of variables considered in the modatgh&he can be so
many hydrologically relevant variables that lack multicollineatéynonstrates the dynamic and
complex nature of hydrology. As such, many variables had impagtedictions of WY. It is important
to note that average SHAP values were presented here. It could bewvhatif a variable showed
relatively low impact on water yield on average, there couldistiime periods in which that variable
had larger impacts on predictions.

Climate, and in particular precipitation, were clearly the most intfiohwariables considered. In
some cases, antecedent precipitation and temperature variables were nearly as impastainnate

variables for the timestep being predicted. Of the four classes of variables consighysihgraphic
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variables were the most impactful other than climate variables. VariablesasuSitream Density, soil
variables (e.g., Avg Clay Conteftg Bulk Density), and Avg Slope appeared as impactful variables at
each timescale.

Anthropogenic variables were not consistently related to WY across regiongstingghe
effects of anthropogenic alterations of land or water resources have varying impadsy depending
on the climatic and physiographic back drop. Neither variables repreggatithropogenic alteration of
land (AnthroLand) nor representing anthropogenic alterations to water resofogiroHydro)
appeared to be consistently more impactful than the other. For example HigtvintensityDam
Storage Housing Density, and Dev-Open Spagpeared in the six variables with the greatest average
impact on WY predictions among anthropogenic variables across timesdakepoints towards the
difficulty in modeling non-reference catchments where many factors have relateglsl impacts on
water yield. Some regions did show one or two anthropogenic variables thataleady more
impactful than others, again suggesting impacts of anthropogenic tesire variable based on
climate and physiography. It is possible this was due to inconsistprésentation of anthropogenic

activities in various regions.

Climate has consistent impacts on water yield across regions and timescale

Agreeing with hydrologic reason and as observed in other studies Keagzert et al. 2019b;
Sun et al. 2019), climate, especially precipitation, was consistinatlsnost impactful class of variable.
Its impact grew as the timescale became finer as Sun et al. (Sun et 3l.ab8&®ved. This was largely
due to the strong impact of antecedent precipitation and temperaturealdds which increased in
number as the timescale became finer. There was no discernable pattern or trend dineonidper

variable classes across timescales.
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Other variables have inconsistent impacts on water yield across regiorstamescales
Anthropogenic variables had varying levels of impact on WY predieanss regions and
timescales. Generally, their impact on WY predictions across regions wasassiclohsistent than with
climate and physiographic variables. For example, in some regiaessec dam storage had a strong
tendency to decrease WY predictions while in other regions it increased theésncaiid be attributed
to inter-basin transfers either into or out of the catchment of intereghich we did not have data for. It
could also be due to higher evaporation from open bodies of water in gegiens. Indicators of
urbanization (e.g., Housing DensiBev-Open Spa¢®ev-High Intensity) tended to have positive
relationships with WY predictions, but there were a few exceptions. One censestception was that
increased development-open space land cover tended to decrease WY predictions in referenc
catchments. The classification of reference versus non-reference catchments tgublopers of the
GAGES-II dataset (Falcone 2017, 2011) were somewhat subjective antlabdsist of specific
guantitative criteria. So, while there was much less anthropogenic adtivigference catchments, it
was not completely negligible. Results suggest that there may be low thdssbbanthropogenic
alterations of land and water resources that begin to have an impact on wiatek yt is likely that Dev-
High Intensity land cover tends to increase WY because water must be @dporthose areas to meet
water demand. It represents areas with 80-100% impervious cover where people residekdn high
numbers (Dewitz 2019a). Like dam storage, other anthropogenic variablesegping activities such as
agriculture, power production, and mining had mixed effects acrossmegithis also supports the idea
that the impact of anthropogenic activities on WY varies dependindgperlimatic and physiographic
settings in which they occur which has been suggested by others ithstigferent context (Hopkins et

al. 2015; McPhillips et al. 2019)

105



Model performance understanding predictions of water yield in unseen catchments

XGBoost proved to be the most effective model at predicting WY. Ifdoedicted WY in
unseen catchments in half of the mean annual scenarios, all the annual sereand all but one
monthly scenario. While the use of many variables in predictive modedlinften discouraged due to
fear of overfitting, especially with modelling approaches more advancedlihaar regression, this
study showed that there are numerous uncorrelated variables that help with predgand allow for
generalization to unseen or ungauged catchments. Despite the inclusimmereference catchments
which is often avoided in studies such as this one, predictive skill was as&tiasactory in the majority
of regions and scenarios considered, with several scenarios exhibiting geedy@ood predictions. WY
in some regions was poorly predicted (e.g., West Plains, West Xeric, aed Wbod ShieldBimilar
spatial trends in performance have been observed in similar studies (e.get MaR022) Climate
variables did not predict water yield as well in the poorly performingaregyas in other regions. Those
regions also had a larger coefficient of vanat{i.e., mean/standard deviation) in water yield from year
to year (Dettinger et al. 2011urthermore, there were a fewer number of catchments located in those
regions compared to the regions that performed well.

One notable drawback of using XGBoost instead of linear regression is a skght lo
interpretability. Where linear regression models have consistent coefficients repragaht sensitivity
of water yield to individual explanatory variables, XGBoost capturedinearity and interdependencies
that may exist between variables which linear regression does not capture. UsdBh&Hies enabled
calculation of the average magnitude and directional impact of eaplaratory variable and water
yield, but when applied to boosted decision trees such as XGBoost somdaglktsilcompared to
application to linear regression. For example, it could be that abkrisometimes increases water yield

and sometimes decreases it, depending on the state of other variables.
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Understanding results within the context of existing literature

Many of the drivers identified as important in other studies were identifiethis study as well.
Precipitation and variables related to evapotranspiration (e.g., temperaRe# et al. 2016; Bhaskar et
al. 2016a; Dow and DeWalle 2000; Hamel et al. 2020; Hopkins2&dl; Jacobson 2011; Sun et al.
2019; Tu 2009) had consistent directional relationships with watdd ycross temporal scales and
regions. Slope and soil variables (Hopkins et al. 2015; Kratzert ef @b)2®ere found to be impactful
across scenarios as well. Catchments with steeper slopes tended to produce greateyieldtarhile
soil variables had varying directional relationships with water yield betwedonedseologic substrate
was not identified as an impactful predictor in any region or timescalerasting with findings from
Eurich et al. (2021Yhe proportion of land as irrigated agriculture (Aliyari et al. 2019velamixed
directional relationships with water yield across regions, and became lesstioipatative to other
variables as timescale became finer. At annual and monthly timescagegrdportion of land as
harvested crops was more impactful than the proportion of land as irrigatquscimerhaps better
representing the effects of evapotranspiration in the regidthile landscape irrigation (Bhaskar et al.
2016a; Bhaskar and Welty 2012; Grimmond and Oke 1986) in devalegieds was not directly
captured, developed open space land cover was identified as an impactful variedde timescales. Its
directional relationship with water yield varied across regions, howeveareimous cover (Bell et al.
2016; Chang 2007; Oudin et al. 2018) did not make itantpof the final models due to multi-
collinearity with other land cover variables such as Dev-High Injeisind cover variables were found
to be impactful (Hopkins et al. 2014, 2015; Shi et al. 201be8al. 2019). Like Dev-Open Spdgev-
High Intensity land cover was impactful across timescales. On the ludin€l; it contrasted with Dev-
Open Space in that it had a consistent positive relationship with wadéd. yi

This study included some variables which were indicative of the variableatt in time (e.g.,

Dam Storage was only from 2009) and others that were collected ooly @very five years (e.g., water
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use and land cover). Even so, these variables were shown to be impactful octipredof water yield.
Although we interpolated between the five-year resolution timeseries variablgsoduce one-year
resolution timeseries representation of those variables, these results suggedtrtar resolution
timeseries representations of these dynamic anthropogenic variables oopltve predictions of WY

in poorly performing catchments. For example, Ouyang et al. (208ayfthat information about dams
improved predictions of daily streamflow in catchments with dams andrtiadel performance
depended not only on presence of dams, but for what purpose the dam was ugedf@d control

and stormwater management, hydroelectric, irrigation). The importance ohlgafimer-scale
representations of these variables is likely to depend on the temporal scalhieh the variables
change. Land cover changes relatively $jamompared to water use for example, so including fine-scale
representations of water use is likely to be more important than landecdt may also be beneficial to
model performance to provide information not only about water withdrasydlut about the specific use
for which water withdrawals are occurring (Marston et al. 2022). For example, ssesesuch as power
generation, can have low consumptive uses while others such as agriculture havehsgimptive use.
In theory, variables provided along with water withdrawals such as the propoofitand as irrigated
crops, could allow the model to pick up on patterns such as consuenpse (e.g., Kratzert et al. 2018)
Even then, providing explanatory variables at the same time scale at whichyigltkis being

predicted, or finer, would likely lead to significant improvements in wgteld predictions. Such
datasets are currently lacking at scale, however.

Thereare yet other variables that were not well represented in any form in this studyare
likely to have notable impacts on water yield. Four variables in péaticoay be important but were not
captured by explanatory variables used in this study. 1. Information adgingy and potentially leaking
water infrastructure was not provided, but can have variable impacts on watet gégending on other

factors such as depth to water table (Bhaskar and Welty 2012, 2015; Hopkin2@14; Pangle et al.
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2022) 2. Information about inter-catchment transfers was not provided, tag bheen shown to
significantly improve predictions of water yield in ungauged catchsmenColorado (Eurich et al. 2021)
3. Stormwater infrastructure was not represented but is highly variable betwiies ¢e.g., Chapter 2)
and has been shown to have variable impacts on streamflow (Jefferson et @), 20d 4. Water
treatment plant effluent was not represented and has been shown to increase low tienate
streamflow (Bhaskar et al. 2016a; Wang and Cai 2010; White and Greer 2006).

While these additional variables would likely improve predictions of waédd in
anthropogenically altered catchments, this study provides value toaistildies in three important
ways: 1. It is the first study to our knowledge that has explicitlgstigated the relative magnitude and
direction of the impact that many individual variables have onewngteld across the contiguous United
States and withn regions of the United States, 2. It is one of few studies to conaittbropogenically
altered catchments at all, and 3. lit is the only study we are aware ofttaicitly investigatés how
important predictors of water yield change with temporal scale. Eachexfe novel contributions is of

importance to watershed planning and management.

Conclusions

This study utilized 2,039 catchments from across the contiguoitedJ8tates to train multiple
linear regression models with two variable selection methods and XGBoost srtodaedict mean
annual, annual, and monthly water yield (WY). Those models were then as®essedon their ability
to predict water yield in 887 unseen catchments, representing the priedi¢h ungauged catchments
challenge. Models were applied to 12 regions or scenarios includiegagigregated ecoregion level-I|
regions, only non-reference catchments, only reference catchments, aaatatiments together. After

exhibiting satisfactory predictive performance, Shapley additive expama{SHAP values) were used
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to understand which variables were important in predicting WY and haselvariables varied in
different regions and at different timescales.

The XGBoost regression algorithm proved to be superior to linear regressieariy avery
scenario and in all timeseries models but one. Climate variables weredkeimpactful in predictions
of WY, followed by physiographic variables, and lastly, anthropogemiables. Whether water
resources related anthropogenic variables such as dam storage or water use or land &k relat
anthropogenic variables were more important varied significantly between regiod to a lesser
extent, between timescales. The directional relationship between climate vasiald WY tended to
be consistent across regions whereas other variables showed more variability betwéamsraf/hile
climate and physiographic variables explained the greatest portion ginétiictions including
anthropogenic variables improved predictive performance. No indivigoiddropogenic variable was
consistently the most impactful across timescales nor regions.

Results highlight the complexity that anthropogenic activitiesishice to hydrology and
suggest that when modeling non-reference catchments high-dimensional syddl capture many
aspects of those activities are needed. Results also suggest that in non-refereioos @gcatchments
that are less climate driven (e.g., precipitation) timeseries data abolirapbgenic activities is needed.
For example, timeseries data about dam and reservoir releases and water use shaadeim
predictions in anthropogenically impacted catchments.

Future work should explore daily time series to further elucidate how theoitapt drivers of
WY vary across temporal scales. Such work would likely require more advanced models aiticial
neural networks. Inclusion of high-resolution anthropogenic time serieablas would also be critical
at the daily time scale and would greatly improve the operational capa€ithe annual and monthly

time series models developed in this work.
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OVERALL CONCLUSIONS

The overall objective of this dissertation was to enable better decisions regandian
stormwater management, land use of dried agricultural land, and water managememcdbise-land
cover development. To meet that objective four primary questions corredipgnto the four chapters

were addressed:

Question 1: How can we advance the practice of stormwater management vimatfon sharing and
cross-jurisdiction communication?

City SCM inventories showed that record keeping and asset management of stormerdtet ¢
measures (SCMs) varies between cities. Several previous calls have been made totcomsire
uniform classification that effectively and efficiently communicates $&M and function, but the
work presented in this dissertation suggests such efforts are not possible. Towfectbmmunicate
the various functions and forms of SCMs, classification systems quéckiynes complicated, reducing
the likelihood that they will be adopted. Instead, this work suggesiesscieport the specific functions
being targeted by each SCM they implement. This would allow for clearer reeepihg, for analyzing
whether implemented SCMs are providing the intended functions while ergahldrologic and water
guality studies that move towards understanding the effects of networks ofsS@dtkead of individual

SCMs.

Question 2: What variables explain the variation in selection of stormwater neameigt approaches in
various physiographic, climatic, socioeconomic, and regulatoryngsti

Physical characteristics (e.g., depth to water table, variation in slégdgral regulation (e.g.,
MS4-phase, presence of combined sewers), and socioeconomic variables ¢éign trousehold

income) best explained variation in SCM assemblages of 23 United Sti@gesSurprisingly, climate
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variables explained little of the variation in relative abundance of diffegi types between cities.
Results suggest all cities are facing challenges of stormwater and water resources managenssnt ac
climates and the physical constraints and socioeconomic and reguldtiwars govern the rate at which
different SCM types are selected. Cities looking to learn from other citiesdsbonsider each of the

factors, including climate, when identifying leader cities to learn from.

Question 3: How can more informed decisions, regarding land use and ecosesténes, be made in
the face of drying agricultural land as water is transferred to urban and indlases?

Within the context of policy and management decisions regarding lesaglthere is a
divergence in the literature, where policy needs include timely, affordaid good-enough scenario
analysis that does not require an expert, and academic efforts focus orntdomg-expensive, and
expert-driven studies. While this approach by academia is needed and nihg,long-term, result in
applications fit for use in policy and management decisions, a shortdaeproach is needed that
addresses the policy needs. Spatially-explicit benefit transfer offers an exqedignforward for
valuation of ecosystem services, and also for identifying priority datdsie®n application was
developed for pre- and post-processing of data for use with the COMiERd?Itool which was found to
be the most relevant tool regarding estimating effects of irrigated agricalltand drying to more

natural grass cover on carbon sequestration.

Question 4: How do various land use-land cover scenarios impact watkiryiverse physiographic
and climatic settings?

Climatic and physiographic variables were the most impactful in piadietater yield.
However, many anthropogenic variables, including land-use variablésamiables representing more

direct impacts to the hydrologic cycle (e.g., dam storage), fgrdfgiant impacts as well. Those impacts
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were spread across several variables though. The relationships between water yield larapagénic

variables are not as generalizable as climatic variables and results suggest thatpiaetrdepends on
the climatic and physiographic settings in which the anthropogaitécations occur. In some settings
anthropogenic alteration of land use (e.g., Dev-Open Space, Housingyparastmore important than
water resources alterations (e.g., Freshwater Withdrawals, % Irrigated Land) at the acalegaland in
some settings the opposite was true. ldentifying the important predidtows given region of study is

critical for modeling water yield in non-reference catchments.

Despite the tremendous amount of data that has been and is being call@ecbund the world,
there is still insufficient data for policy and management decisions regardamy pressing issues such
as land use-land cover change, stormwater management, and ecosystem sergidata Aecomes
more integrated across sectors, scales, and available to decision makergj d@hisive and
standardized application-agnostic plans for generating, reporting, andgtdata would be of great
benefit. Less profit-driven applications (e.g., stormwater management and ecosgst®ines) can learn

from the profit-driven data industry which has exploded, to better engadk data.
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APPENDIX Chapter 1

CHAPTER 1 SUPPLEMENTARY MATERIAL
TableS1.1d GEue %% E]JvP Jv ]8] [ ~ D JVA v3}E] » CIIWEC 5 &> « (Wt & s ](]* F-aaticep o }( %o E
(2012).Coarse SCMSCMs from the coarse classificatibmeSCMs: SCMs from the fine classificat®eported Termserms appearing in

131 [ » D JvA v8}@E] X

Coarse SCMg  Fine SCMs Reported Terms

"Detention Pond-Wet", "Water Quality Pond", "Pocket Pond", "Extendstémdion Structure-Wet", "Wet
Detention Basin", "Wet Pond", "Ponds", "Extended Detention Wet Pond", "ReteRtind (Wet Pond)"
"Constructed Wetland", "Constructed Wetland Pond", "Wetland", "Stormwatetl&dd", "Constructed Wetland
Basin", "Wetland Pond"

"Detention”, "Detention Basin", "Underground”, "Detention Pond", "Detentiomd?Dry", "Underground
Detention”, "Detention Structure (Dry Pond)", "Extended Detention Structuyg;CMicropool Extended
Detention Pond", "Extended Dry Detention Basin", "Flood Control BaBine Roof", "Detention System", "Dry
Dry Basin Pond", "Subsurface Detention Basin", "Surface Detention Basin", "Fitedtidn”, "Parking Lot Detention",
"Extended Detention Basin", "Detention Cells", "Detention Structure”, "Extebedention Dry Pond", "Landscap
Detention Structure”, "Regional Extended Detention Basin", "ED", "UndergrStorm Detention", "Underground
Detention Structure”, "Underground Deten Pipes-HDPE", "swsDetention Pondéntioet Tank"

) "Storm Vault", "Underground Chambers", "Detention Vault", "Aqua-Swiktjua-Shield-Swirl", "Swirl Separator"
Basins "Sedimentation Box", "Sedimentation Manhole", "Hydrodynamic Separationr8g5teHYDSEP", "BMP Vault",
Vaults Swirl | "Separator Unit", "Separator-Bay Saver", "CDS", "Hydrodynamic-@R&i®t', "CDS Units", "Downstream
Concentrator | Defender", "Silt Basin", "Sedimentation Chamber", "Water Quality Dyn&ejparator"”, "Hydrodynamic Separato
"Vortsentry HS", "W Quality Dynamic Separator-Vortex", "Intercépt8affle Box", "Water Quality Vault",
"Underground Vault", "Water Quality Manhole", "AquaShield _hydrodynamic"

Oil Water "O-W Separator", "Oil Separating Incerts", "Oil-Grit Separat&@thrimceptor Multiple”, "Vortechs", "Stormceptor'
Separator "AquaShield_OWSeparation"

Wet Basin

Wetland

Forebay "Plunge Pool", "Sedimentation Only", "Forebay", "Sediment", "Sexiaiion"
"Rainwater Harvesting", "Rain Harvesting", "Rain Barrel", "Cist&@isterns for Recycling", "Roof Top Detention
Cistern "SW-Reuse", "Cistern-Rain Barrel", "Rain Tank", "Rainstor@tstBre Water Harvest", "RainStore System",

"RainTank System", "Rainwater Harvesting-Cistern", "Rooftop Storage"
Basin Unknown "Basin", "Storage", "Subsurface Storage System"
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Swales &
Strips

Swale

"Curbcut Bioswale", "Swale", "Grass Swale", "Bio-Swale" WBie% "Dry Swale", "Grass Channel", "Vegetated
Ditch", "Biofiltration Swale", "Conveyance Swale", "Dry GrasgeS, "Open Channel BMPs", "Vegetated Swale",

"Water Quality Swale", "Wet Swale", "ROW-Bioswale"

Strip

"Vegetated Filter Strip", "Swales-Vegetated Filter Strips”, "VegetatiassSrurf Cover", "Vegetated Biofilter-
Swale-Strip", "Vegetative Filter Strip", "Filter Strip", "BuffeipSty "ROW-Greenstrips”, "Vegetative Buffer Strip"

Filters

Sand Filter

"Sand Filter Extended Detention Basin", "Perimeter (Sand) Filter", 'FSld, "Aboveground Sandfilter", "Delove
Sandfilter”, "Surface Sandfilter", "Open Sand Filter", "Sandfiltégnhole Sandfilter”, "Single Chamber
Sandfilter", "Sand Box", "Surface Sand Filter", "Sand FiltratiSandSeparator”, "Bisected CMP Sandfilter",
"Underground Sandfilter"

Bioretention

"Non-infiltrating Bioretention", "Bioretention Basin", "Bio-RetentiptBioretention”, "Micro-Bioretention",
"Biofiltration", "Biofiltration-Bioretention", "Bioretentiori-ined", "Bioretention-Unlined", "Vegetated Filter",
"Porous Landscape Detention", "Bio-Infiltration Trench", "Plant&gwnspout Planter", "Contained Planter Box
"Flow Through Planter Box", "Stormwater Planter", "Engineerdédlgee Pit", "Filtera-Tree Box", "Tree Trench",
"Tree Pit", "Stormwater Tree Pit", "Tree Filter", "Engineeregkpits”, "Rain Garden", "Rain Gardens", "ROW R
Garden", "Bayscaping", "Rain Garden-Bioretention", "Residential Raile "

Landscaped | "Green Roof", "Combined Blue-Green Roof", "Rooftop Far@rgén Roof & tree Box", "Vegetated Roof",
Roof "Ecoroof", "Intensive Green Roof", "Extensive Green Roof"
Drain Inlet "Hydro-Kleen Filter System", "Water Quality Inlet Insert", "Dragnagert”, "Fossil Filter", "Catch Basin-
Insert StormFilter", "Inlet with Insert”, "Storm-Pure Filtration System"
Manufactured | "StormFilter System", "StormFilter", "BayFilter", "JellyFishtywnspout Filter", "Downspout Filtration", "Storm
Filter Filter-Canister", "AquaShield_Filter"

Filter Unknown

"Filtration Only", "Filtering System", "Filtration", "Med#dter", "Underground Filter"

Gravel Wetland

Submerged Gravel Wetlands

Infiltrators

Infiltration
Basin

"Bumpout”, "Retention Basin", "Infiltration Basin", "Retention Ponttffiltration Berms", "Subsurface Detention
System"”, "ROW Subsurface Pipe-Broken Stone", "Synthetic Turf Field Sayagde "Sythetic Field", "Surface
Infiltration Basin", "Gravel Storage", "Subsurface InfiltrationiiBasinfiltration-Basin", "Infiltration Planter Box",
"ROW Infiltration Basin", "ROW Stormwater Seepage Basin"nigtoh Infiltration Basin", "Infiltrating

Bioretention", "Storm Bio Infiltration", "Bioinfiltration”, "& Detention”, "U-G Retention"

Infiltration

"Leaching Tank", "Storm Chamber System"

Vault
Trench "French Drain", "Infiltration Trench”, "Infiltration Storage TrencEX-Filtration Trench”, "Infiltration-Storage
Trench", "Trickle", "Soakage Trench", "Storm Infiltratiom&hg, "Trench"
Dry Well "Dry Well", "Infiltration-Dry Well", "Drywell", "Perforatl Pipe Infiltration", "Underground Infiltration",

"Underground Injection Cell", "Drywell-Aggregate Filled"
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"Permeable Pavement”, "Porous Pavement Detention”, "Pervious PavementhéBble Pavers”, "Porous
Asphalt”, "Porous Concrete”, "Pavers", "ROW Porous Concrete'gu®&avement", "Permeable Pavement

Permeabl - .
Pe ?nabnf System"”, "Permeable Pavements”, "Grass Pavers", "Permeable FrictimeC8Bermeable Paver Friction Cours
aveme "Permeable Pavement-Standard", "Permeable Paver", "Permeable Surf@eeVious Asphalt", "Pervious
Concrete”, "Porous Pavers", "ROW Permeable Pavers", "Brickpavers"
Infiltration "Infiltration”, "Infiltration BMPs", "Infiltration Basin dfrench"
Unknown

Screens Nets
Baskets Racks

"Trench Drain", "Catch Basin Drain", "Curb Inlet w-Grate", &arhtlet", "Bar Screen-Outlet Screen", "MH Inlet:
Grated Cover", "Netting", "Trash Rack", "Drain Box"

Gross

Pollutant
Traps

Hood "Mechanical Separation”, "Snout", "Modified Manhole with Snout"
Gross Pollutant : .
‘Debris Basin
Trap Other -

Gross Pollutant
Trap Unknown

"Water Quality Inlet", "Single Water Quality Inlet", "Double Water Iuénlet”, "Triple Water Quality Inlet", "Curk
Inlet", "Drop Inlet", "Catch Basin", "Inlet"

Disconnection

Disconnection

"Impervious Surface Removal", "Disconnection of Non-RooftomfR', "Disconnection of Rooftop Runoff,
"Impervious Surface Elimination", "Depaving", "Grass", "SimjsieoDnection to a Conservation Area", "Simple

Disconnection to a Pervious Area", "Simple Disconnection to Amedoiés!

Other

Other

"Other", "Sheetflow to Conservation Areas", "Misc Structurestiyliechamber”, "Modified Catchment Manhole"
"Green Wall", "Naturalized Meadow", "Riparian BuffeSE u Z S} E S]}v—U ~> | « v W}y
"Soil Quality", "Storage Practices", "Naturalized Landscape",igpafditch”, "LID-Other Surface Flow Inlet Point
"Water Quality Pretreament Facility", "Tree Planning And Preservati@rgeh Alley”, "Greenstreets", "Planting
Area", "Pond", "Regenerative Stormwater Conveyance Technique", "Regené&tiimewvater Conveyance", "Rip
Rap", "Shade Tree", , "Storm Energy Dissipator", "Stormwaterrieeative Conveyance", "Stream Restoration",
"Tree Planting", "Tree Preservation", "Irrigation", "Irrigati®ystem", "Riparian Buffer", "ROW Structural Soil",

"Vegetated Landscape"

Stormwater
Conveyance

Stormwater
Conveyance

"Culvert", "Level Spreader", "Scour Hole", "Cleanout”, "CulvertififlacCulvert Outflow", "Junction Box",
"Maintenance Hole", "Area Drain", "Flow Control MH", "Riser'séRiipe", "Separator-Low Flow Diversion",
"Storm Water Inlet Drain", "LID-Other Surface Flow Outlet Point&p"Bool", "Junction Box with Sump", "Caltrar

Drain", "Track Drain"

Unknown

Unknown

"Unknown", "Unregulated", "WQ Treatment Device", "Proprietary Practid&pprietary”, "Proprietary Devices",
"Storm Structures", "ROWEB-Unknown", "BaySaver", "BaySaver WQ StrutStoethwater Treatment System”,
"Vortechnics", "Filtration System", "Retention-HDPE", "Wateal®y Structure", "Retention", "Retention
Structure”

Not an SCM

None

"None", "Proposed", "CDA to a Shared BMP", "Rexus D-400 Sqireged LB Cover", "Wave House", "Hunters
Point Shipyard Artists Parcel; Commercial Kitchen", "Potrero éweédsS", "Psuedo Drain for Model ONLY"
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Multiple

Multiple

"Multiple GI Components", "Filtration-Detention”, "Infiltration-DetentigriRetention-Infiltration”, "Retention-
Irrigation”, "Sediment-Detention”, "Sediment-Filtration-InfiltratioriSediment-Filtration-Irrigation”, "Wet Pond-
Irrigation”, "Detention Tank-Irrigation System"”, "Sediment-Biafilon-Infiltration”, "Sedimentation-Sand
Filtration", "Bioretention-Bioswale", "Bioretention-Infiltration"Ptial System", "Sand Filter-Infiltration”, "Sedime
Infiltration", "Permeable Paver-Infiltration",

"Agua-sSheld-Filter", "Aqua-Filter"
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Table S1.2k-means clusters based on unit processes provided. SCMs are ordered by grbapetyen all listed unit processes and colors
show SCMs that grouped together regardless of which unit processes were used ferimiusbroups for each unit process column are labeled
}E JvP 8} §Z § uv]sS % E} e+ ~ XPXUPREE 3¥%80]V hit @ocBseaes].ZpCisd c&lls with light gray lines oriented
diagonally were not consistently grouped with each other or other SCKigin@ MOP-coarse groups are presented as: (I) = Infiltrators, (S) =

Swales and Strips, (B) = Basins, and (F) = Filters.

Cluster Groups Quantity.control Pollutant.control Biological Other
3 c & ) £ § £
=] §e) k3 g E = + c 3 =
> < < ¥ 8 = 5| ¢ £ £ £ L & g £ €
e noon e 3 g c c| S ¢ 7 € < = £ £ 49 ¢ T ¢ o
o © ¢ x X S = £ c S| 8 ¢ & £ ¢ £ £ d & E5d=% ¢ € ¢
3 " S R T 2 ¢ £ ¢ Sl € £ ¢ ¢ £ 38 9 T T g cq €g
Qi x 2 & § | ® EcC ¢k olc T v €CEE-THaTc tdac=sgg
0 - - © = = = L = - c &= € T 4 = [d
o = g€ & © 2| 2 == § ol E © & ¢ ¢ < g4 € ca 9 & &£ £ 5
1T 8 2 & £|& S€E¢ Slsufcddlidsfrgfsefas
3 S % © Oo|%® g =2¢C =| @ g T g C S £ £ d= a¢g Y
o & & °|% ¢ 5| & £ X R
. o O < = Tz Q£ U g £
MOP23-Fine #* a = 7 mihd £ g 2
(Original MOP23- < g
coarse class) g
Infiltration Basins (I) 13 1A 1Q 1P 1B 10| x x X X X X X X X X| x x X
Infiltration Vaults (1) 13 1A 1Q 1P 1B 10| x x X X X X X X X| x x x X
Trenches (1) 12 1A 1Q 1P 1B 10| x x X X X X X X X| x x X
Dry Wells (1) 12 1A 1Q 1P 1B 10| x x X X X X X X X| x x X
Permeable pavement (1)) 10 1A 1Q 1P 1B 10 X X X X X X X| X X X
Swales (S) 4 2A 2Q 2P 2B 20 X X X X
Strips (S) 5 2A 2Q 2P 2B 20 X X X X X
Landscaped roofs (F) 6 2A 2Q 2P 2B 20 | Xx X X X X X
Wet basins (B) 14 3A° 3Q 3P 3B 10 X X X X X X X X X X X|Xx X X
Wetlands (B) 13 3A° 3Q 3P 3B 10 X X X X X X X X X X X| X X
Sand filters (F) 6 4A 4Q 4P 1B 30 X X X X X X
Vaults and swirl
concentrators (B) 4 4A  4Q 3P 4B 30 | x X X X
Oil Water SeparatoréB) 3 4A  4Q 3P 4B 30 X X X
Forebays (B) 2 4A  4Q 3P 4B 30 X X
Dry basins (B) 4 5A° 1Q 2P 4B 30 X X X X
Cisterns (B) 2 5A 4Q 2P 4B 30 X X
2 5A 4Q 4P 4B 30 X X
2 5A 4Q 4P 4B 30 X X
Bioretention (F) 16 6A 3Q 1P 3B 20 X X X X X X X X X X X| X X X X X
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APPENDIX Chapter 2

CHAPTER 2 SUPPLEMENTARY MATERIAL
Table S2.Explanatory variables, data source, methods, and hypotheses examples

Is Hypothesis
Type of Description (Label Supported?
Variable used in figures) Data Source Methods Hypotheses (YorN
With greater IP a greater abundance of SCM
with smaller footprints or that can more easily,
1. Download NLCD data 2. Project to appropriate cookdisgstem be placed in a heavily lined catchment are
Phys.- Impervious (Homer et al. 3.Run "zonal statistic as table" tool using city boundaries lager | implemented. Less basins and infiltrators ang Y, Fig. 5, Tablg
Cont. Percentage (IP) 2012) zones. Get mean and st. deviation. more filters and strips 2
1. Define geographic coordinate system and project to appate
projected coordinate system 2. Use "slope (spatial analyst)" tq
Mean slope in the city| (U.s. produce a slopes raster for 3DEP elevation data 3. Usel'zong  With greater or more variable slope there are|
Phys.- based on 3dep Geological statistics as table" with city boundaries layer as zones. 4.Gehmq more smaller footprint SCMs implemented | N, less Basins
Cont. (Mean.Slope) Survey 2019) and st. deviation of slope (filters and swales & strips) Fig. 5,
1. Define geographic coordinate system and project to appate N, less Basins
Standard dev. of (U.s. projected coordinate system 2. Use "slope (spatial analyst)" t¢  With greater or more variable slope there are More
Phys.- | slope in the city based Geological produce a slopes raster 3. Use "zonal statistics as table"aitith more smaller footprint SCMs implemented infiltrators,
Cont. on 3dep (StDev.Slope Survey 2019) boundaries layer as zones. 4.Get mean and st. deviatistope (filters and swales & strip) Fig. 5, Table 2
1. Identify what counties are in or encapsulate the citiestdriest
Ratio of total 2.Record total surface water and groundwater withdrawdlwees
withdrawals as for those counties 3.Take the ratio of total withdrawalstthae
Phys.- groundwater (Dieter et al. made of surface water and groundwater withdrawals, With greater use of groundwater for water
Cont. (GrnWir_ratio) 2018) independently supply more infiltrators are implemented. N
Annual minimum
(spatially) depth to 1. Define geographic coordinate system and project to appate More infiltrators are implemented with greater
Phys.- water table (Fan et al. projected coordinate system 2. Use "Zonal Statistics as Taduk min.DTWT. Of those, there are less subsurfaq Y, Fig. 5, Tablq
Cont. (min.DTWT) (m) 2013) with city boundaries as zones infiltration (dry wells) with shallower min.DTW| 2, Fig. S2.3
Annual maximum 1. Define geographic coordinate system and project to appate More infiltrators are implemented with greater
Phys.- (spatially) depth to (Fan et al. projected coordinate system 2. Use "Zonal Statistics as Tadde | max.DTWT. Of those, there are more subswefg Y, Fig. 5, Tablq
Cont. water table 2013) with city boundaries as zones infiltration (dry wells) with deeper max.DTWT| 2, Fig. S2.3
Annual mean
(spatially) depth to 1. Define geographic coordinate system and project to appate
Phys.- water table (Fan et al. projected coordinate system 2. Use "Zonal Statistics as Tadue More infiltrators are implemented with greater| Y, Fig. 5, Tablg
Cont. (mean.DTWT)(m) 2013) with city boundaries as zones mean.DTWT. 2, Fig. S2.3
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filters, Fig.

S2.3
Population Density With greder population density there are less
Soc.- (DPS_personmi?2) (U.S. Census basins and more small footprint SCMs like | Y, Fig. 5, Tablq
Cont. (person/mp) Bureau 2012) swales & strips, and filters 2
Median Household
Income Areas with greater MHI there are more SCMg
Soc.- (MHI_Dollar) (U.S. Census implemented and a more diverse composition Y, Fig. 5.,
Cont. (20132017) Bureau2012) SCMs implemented. Table 2
N, Less basins
More swales
& strips and
filters, and
increased
Soc.- Median Housing Age| (U.S. Census With greater MHA there are a less diverse | diversity, Fig.
Cont. (MHA_yrs)(Years) | Bureau 2012) composition of SCMs 5
1. Download 303d impaired water data and NHD high|cesm
dataset 2.Merge NHD files and project to appropriate cauate
system 3.Clip to city boundaries layer 4. Join NHD and @atd
using "Reach Code" field using "Join Field" tool 5.Joi
Percent of lentic "attgeo_303dcaussrce" tables data with joined NHD-303drkay
waterbody area (U.S. 6.Use "Tabulate Intersection” tool to get cumulative lengihsl
considered impaired Geological areas by city and contaminant parent description 7. Finish
Reg.- (303d) Survey n.d.; processing in R; get percent impaired and predominant With greater impaired area there are more
Cont. (ImpairedArea.perc) | USEPA n.d.) contaminant. filters and less basins implemented N
1. Download 303d impaired water data and NHD high|ce&m
dataset 2.Merge NHD files and project to appropriate cawate
system 3.Clip to city boundaries layer 4. Join NHD and @atd
Percent of lotic using "Reach Code" field using "Join Field" tool 5.Joi
waterbody length "attgeo_303dcaussrce" tables data with joined NHD-303drkay
considered impaired (U.S. 6.Use "Tabulate Intersection” tool to get cumulative lengihsl
(303d) Geological areas by city and contaminant parent discription 7. Finish
Reg.- (ImpairedLength.perc| Survey n.d.; processing in R; get percent impaired and predominant With greater impaired length there are more | Y, Fig. 5, Tablg
Cont. ) USEPA n.d.) contaminant. filters and less basins implemented 2
~N V(}E N, More
tand swales and
Compliance strips in MS4
Reg.- MS4 Phase (I or Il) History MS4 phase 1 citiesill have greater diversity | Phase | cities,
Cat. (MS4P) Kvolv _ V SCMs Fig. 6
Y, except no
evidence for
Are combined sewers tand swales &
present in the city (Y| Compliance strips instead
Reg.- or N) History Cities with CSOs will have greater SCM diverg of infiltrators,
Cat. (CSO) Kvolv _ Vv with more filters and infiltrators Fig. 6
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Is the city under a
consent decree with Cities under a consent decree will select for| Y, Also more
Reg.- the US EPA (Y or N)| (US EPA and water quality SCMs such as filters over othel SCM diversity,
Cat. (CD) OECAn.d.) SCM types Fig. 6

Note: Variable type is denoted in the first column and by the cdidh@rows. A brief description of the variable is presented in the second
column along with the acronym used for the variable (Description). ifd##on of the data source is presented in the third column (Data
Source). Basic processing steps applied to each explanatory variable is presémeefimth column (Methods). Example hypotheses are
presented for each explanatory variable in the fifth column (Hypothesegk Hypothesis was supported by the analysis or not (Y or N) is
presented along with figures that support the conclusion.
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Table S2.2Values of explanatory variables used in this analysis.

Grnd IDF| Avg.| Avg. | Avg.|Avg.| Avg. Med. |Median
ImperyMeanSt.Deyv Wtr | Min. | Max.|Mean Avg. |2yr-|Max.|Mean| Min. [Max.|Min. |Aridity| Pop. [Househol{Housingimpairegimpaired

City |[Statg % |Slopg Slope|RatiadDTW|DTWDTW Precip|24hiTemgTemp|[Temp| VPD VPD| Ind. |Density Income | Age | Area %|Length 9MS4FCS( CD
Austin | TX|25.79/3.91| 5.18 | 0.1| 0.03| 75.4|14.65 33.59|4.1479.33 67.9|56.4721.111.63| 14.39/2653.2| 63717 33 0 6.36 IDhlaS N|N
Baltimore | MD | 46.16| 3.87| 4.04 |0.04]| 0.02| 51.9(13.87 44.84|3.2465.6956.07/46.46 13.4|1.79| 22.02|7671.5 46641 77 0.95 6.77 IDhlas N|Y
Bozeman| MT | 27.85|1.65| 3.01 |0.03| 0.85| 94.6|20.36 17.46|1.17157.0§43.9230.7513.06 1.27| 9.45| 1950 | 49217 33 0 6.68 PhI?S N | N
Cary NC|16.61|4.25| 3.24 |0.18| 1.39| 52.2|16.11 45.92|3.4470.7759.6148.4615.36 1.06| 21.39/2488.4 97755 23 4.64 | 15.43 PhI?s N | N
Denver | CO|35.96|2.03| 2.43|0.01| 0.37| 52.7|16.86 16.13|1.8364.7350.64/36.5417.3712.16] 8 [3922.6 60098 57 | 26.97 | 16.52 PhIas N | N
Fayettevillg AR|15.64|3.99| 4.34 (0.36] 1.55| 71.5|24.01 47.45|3.9468.6957.82/46.9513.84 1.06| 22.58/1336.4 41158 25 67.8 2.13 PhI?s N | N
Fort Colling CO|27.32|2.13| 3.03 |0.01| 0.88] 33.5|10.12 16.19|1.97163.4449.0234.5616.09 1.4 | 8.14 |1114.7 60110 | 32.5 | 47.53 | 12.57 PhI?S N|N

Grand Phas
Rapids | Ml | 43.51|2.87| 3.47 |0.89| 0.04| 19.6| 6.63| 36.41|2.5857.1147.5337.959.55|0.71| 19.7 |4235.6 44369 64 0 553 | I | Y|N
Lincoln | NE|36.71|2.71| 2.77 |0.91] 0.38| 24.3| 8.67| 30.32|3.02 62.6|51.3540.1113.231.17| 15.4|1240.5 53089 49 1.78 | 26.45 PhIas N|N
Los Angelg CA|42.95|7.42|10.47/0.38| 0.12| 223 |16.59 17.86(2.77 75.6| 64.6 | 53.6 |20.352.94| 7.93|8092.3 54501 59 | 3357 | 28 PhIas N|N
NYC | NY|[62.04/1.96| 2.96| 0 |0.02| 44 |6.27|47.33|3.5162.4154.6446.8611.07 2.1 |24.09/ 27012 57782 71 2.66 | 7.86 PhIas Y| N
Philadelphii PA| 50.9 |2.93| 3.8 | 0 | 0.14|40.2| 5.2 | 46.7 |3.2664.3455.4846.6212.29 1.6 | 23.27/11380| 40649 73 2.64 | 36.08 PhIas Y| N
Phoenix | AZ|31.48|2.92| 6.59 |0.58] 3.72| 165 |42.56 9.4 |1.4485.4772.0658.6435.7110.27 3.81|2797.8§ 52080 38 1.43 0 PhI?s N|N
Pittsburgh| PA| 42.8|9.64| 8.49 |0.04| 1.2 | 82.2|30.11 37.61{2.3561.7§51.8841.9911.47%1.17|19.28/5521.4 44092 77 0 35.47 Pr:?s Y| N
Pocatello| ID |29.21]4.58| 5.77 |0.51] 4.03| 85 |36.18 14.05|1.1259.5146.6833.8415.311.84| 7.39 |1683.8 42979 48 0 16.02 PT:?S N|N
Portland | OR|43.29|5.08| 7.28 | 0.5| 0.16| 86.3|18.37 42.81|2.52 62.7|53.1343.5510.970.81| 21.72/4375.3 61532 61 1.37 | 3.06 PhIas Y| N
Sacrament{ CA|42.87(1.47| 2.29 |0.64| 0.41| 10.8| 3.18|19.41|2.174.36 61.6|48.8421.191.86| 8.72 |4764.2] 54615 47 5.68 | 18.04 PhIaS Y| N
San Diegq CA|33.57|7.47| 8.4 (0.18| 0.2 | 124 |38.76 11.76|1.7872.7463.17/53.5915.032.02| 5.37 |4020.4 71535 43 51.35 | 12.38 PhIaS N|Y
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Frjla(l:ri]sco CA|58.76|5.66| 6.21 |0.04] 0.35] 52.4|21.08 24.08|2.2963.3156.91]50.51 8.6 [1.41|12.14/17179] 96265 77 72.22 | 64.78 IDhlas Y|Y
Seattle | WA|30.61|2.99| 4.83 |0.41] 0.34| 81.2|27.47 36.71|1.9659.4§52.5245.56 8.11| 1.01| 19.32/7250.9 79565 58 0.68 4.19 IDhlas Y|Y
Springfield MO | 30.69| 1.93] 2.39 |0.14] 0.93| 34.9|15.51/ 40.96| 3.6|61.8151.9742.1411.0]0.87| 20.99[1951.§ 34775 42 2.57 4.26 IDhlas N|N
Tucson | AZ|26.68|1.97| 2.96 |0.89 1.22| 105 |38.3§ 12.18|1.7383.5569.1554.75 34.3|7.31| 5.02 |12294.20 39617 41 0 0 IDhlas N | N
Washingtoll DC|37.94/4.09| 4.49| 0 |0.03|53.9]16.9142.93|3.1366.4656.7246.98 13.5/1.54/ 20.91/9856.5 77649 68 23.06 | 58.35 IDhlas Y|Y

Note: Sources and methods used to arrive at these values are presented in Zahla&rv = impervious, St. Dev. = standard deviation, Grnd

Witr = Groundwater, DTWT = depth to water table, Precip. = precipitaiddh=lIntensity Duration Frequency, Temp. = temperature, VPD =

vapor pressure deficit, Ind. = index, Pop. = population, MS4P icipainseparate storm and sewer system phase, CSO = combined sewers, CD =
consent decree
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Table S2.3Classification systems and associated unit processes. Modified from TabgEFand
ASCE-EWRI 2012)

Quantity control Pollutant control Biological Other
S
=
2 |c 6 & § 3 g
S|SB 8 s 5 £ 8 c ol B
AER: 2|5 s B c c 222 8|5 3 c
/5255 SlEss&EcSS 5|88 (8 € 8 @2
gl 229, TlES Ts28888|(s§5% S| o 8 =
2|CEEfgh2gg 2?2823 ¢glgss 3|8 5 & 9
81232 38lE2ESg8TE|EsL |8 8 5 &
SIT£-° s|g £z 40 |gF5 8|8 & 0
g2 < S & o 20 o & £
- x £ a -
P4 <))
. o]
MOP-Coarse MOP-Fine
Wet basins 14 | x X X X X X
Wetlands 13 | x  x X X X X X
Dry basins 4 [ x x x X
Vaults and swirl
concentrators 4 | x X X
Oil Water Separato] 3 X X
Forebays 2 X
Cisterns 2 X X
Basins Basin Unknown* | ?
Swales and Swales 4 X X X
Strips Strips 5 X X X
Sand filters 6 | x X X
Bioretention 16 | x x x X X X X X |Xx X X X
Landscaped roofs| 6 | x X X X X
Drain inlet inserts| 2 X
Manufactured filtery 2 X
Filter Unknown* | 2
Filters Gravel Wetland* | ?
Infiltration Basins | 13 | x x x X X X X X X X X X X
Infiltration Vaults | 13 | x x x X X X X X X X X X X
Trenches 12 [ x x x X X X X X X X X X
Dry Wells 12 | x x x X X X X X X | x X X
Permeable
pavement 10 | x x X X X X X X X X
Infiltration
Infiltrators Unknown* ?
Screens nets baske
racks 1 X
Hoods 1 X
Gross Pollutant Trg
Other* ?
Gross Pollutar|Gross Pollutant Trg
Traps Unknown* ?
Other* ?
Stormwater
Other* Conveyance* ?
Unknown* Unknown* ?

Note: * [« taw headings under MOP-coarse and MOP-fine notate SCM classes we atltedriginal table to
allow all listed SCMs to be placed in a category. Reported uniegses (x) are from the original table (WEF and
ASCE-EWRI, 2012).
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Fg.S20W }EE& o}PE& u }( "% E&u v[e beanEemHdalnger-tafgforinedSMOP-
coarse SCMs, Shannon diversity index (Div) of those SCMs, and explanaatgsafill explanatory
variables are presented. Red represents negative correlations and blue representspmsitalations.
The size of the circle represents the magnitude of the correlation coeffic{ent., large dark red circles
represent strong negative correlations and large dark blue circles represent gtositiye correlations).

Z[* *% l@s%p ®.1, *p ®.05, **p ®.01
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Figures 32 and 2.3, along with Table S2.3, present breakpoints and thresholds that mayns&leced
when investigating the effects of climatic variables and depth to water tatkeirhportant to note
though, that the threshold values identified should not be interpreted imitihe context of
implementing a single SCM at a site, but rather, as being indiaaftiveerall conditions within a city.

Breakpoints in Fig. S2.2 were identified using strucchange package @aleiz002, 2003) in R. It
identifies breakpoints by minimizing the overall ordinary least squares.

Fig. S2.2The four single variate regression relationships between explanatory variablésedimtyer

that had small overall residuals with the introduction of a breakpdihie blue lines are the lines of best
fit. The vertical dashed redline represents the breakpoint. The breakpoints aréeftop1.97 in., top-
right = 52.28 m, bottom-left = 0.15 m, bottom-right = 15r8.
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Table S2.3Spearman correlation results from Fig. S2.2

SCMHellinger Explanatory Data Included in Regression | Spearman p-value
transformed) Var E

#HH 0.26 0.226

Basins Design Q s EA 0.21 0.645
Storm PsgyEAa 0.53 0.036

PsgyESHP KQPHEAN 0.71 0.003

#HH -0.11 0.609

Basins Max DTWT Qwtz | 0.22 0.576
Pwtz I -0.19 0.523

#HH 0.10 0.654

Basins Min DTWT Q réawl 0.11 0.819
Prawl -0.06 0.820

#HH -0.09 0.695

Swales & Strips | Mean DTWT Q s xa wl -0.13 0.723
P s> wl 0.06 0.854
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Fig. S2.3Boxplots presenting Hellinger-transformed SCMs implemented in cities wheexfhanatory
variable is less than or equal to some threshold (<=TH) and greater than thaslhdhd (QTH). Only
resultswithapA op G IXi E % E  v3 X «&xi§Hgbdls noteEmvkethpr $he redilts
are Z% GiXiU Za&% GA%iGUX1i -valugds ppesented at the top of each boxplot. Units of
explanatory variables are presented in the x-axis titles (e.g.,units of mMm#AC mm_C ). See Table S2.1
for the meaning of acronyms. Red dots represent outliers. The middleflie&ch box represents the
median value, the top and bottom lines of the boxes represent the 25%&%equantile, and the
whiskers extend to the smallest and largest values or no longer than the 25%&&mnduantiles plus 1.5

* the inter-quartile range. Note that aridity increases with decreases Al.
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APPENDIX Chapter 3

CHAPTER 3 Supplementary Material: FULL REPORT: ESTIMATING CARBON
SEQUESTRATION UNDER VARIOUS LAND-USE SCENARIOS OF DRIED
AGRICULTURAL LAND IN THE SOUTH PLATTE RIVER BASIN
Executive Summary

Growing urban populations are accelerating land-use change (LUC) arouyidlibe as
witnessed in the Front Range of Colorado (Angel et al. 2011; Col@/atkr Conservation Board 2015;
United Nations and Social Affairs 2018). In recent history, we have witneskg@xacerbating climate
change due to disturbed soils, development of greenhouse gas (GHG) prounges, and more
(Houghton et al. 2012). This trend is a product of our approadartd management however and is not
a required feature of human progress. Local decisions determine how LUC manifastgwificant
implications for local livability and the global challengeliohate change.

An increasingly common trend in water-scarce regions is the permanent traristeter from
irrigated agriculture to municipal uses (i.e., urban and industrial useg)monly known as buy-and-dry.
Irrigated agriculture is a key economic driver of many of the more rurahwanities of the South Platte
River Basin (SPRB). So, as those irrigated acres are dried, there will be sigaificantic and societal
impacts such as the loss or alteration of employment opportunities|abal tax base, and general
experience of agrarian culture. Of growing importance is the questionwftadelp maintain rural
economies that will see significant declines in irrigated agriculture.

An ideal option would address both the desire to incentivize liecal-use decisions that
produce positive outcomes locally and globally and the needamtain rural economies in the face of
diminishing irrigated agriculture and a changing climate. One sudbrojstfor the public to pay private
landowners for public goods or benefits that have not been historicedlggnized by the market. For
example, if the land is used to provide some ecosystem service which behefjsilblic, such as water
purification or carbon sequestration, then the landowner may be paid far service. There can be
direct payments for ecosystem services or payments via other programs, such as congervatio
easements, which have been used extensively in Colorado. As policymatkerSIARRB make decisions
that will directly impact which land remains as irrigated agricultuigich land is dried, and which land
is developed, it is important for them to have good information aibihe potential implications of
those decisions. This report was motivated by the demand for easily perforrapdrz analysis to
analyze such tradeoffs.
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Overview

Growing urban populations are accelerating land-use change (LUC) arouyidlbeas
witnessed in the Front Range of Colorado (Angel et al. 2011; Col@/atkr Conservation Board 2015;
United Nations and Social Affairs 2018). In recent history, we have witneskg@xacerbating climate
change due to disturbed soils, development of greenhouse gas (GHG) proldumngses, and more
(Houghton et al. 2012). This trend is a product of our approadartd management however and is not
a required feature of human progress. Local decisions determine how LUC manitestigynificant
implications for local livability and the global challengeliohate change.

An increasingly common trend in water-scarce regions is the permanent transtatef from
irrigated agriculture to municipal uses (i.e., urban and industrial yses)monly known as buy-and-dry.
Irrigated agriculture is a key economic driver of many of the more rurahuanities of the South Platte
River Basin (SPRB). So, as those irrigated acres are dried, there will be sigeidicantic and societal
impacts such as the loss or alteration of employment opportunities|dbal tax base, and general
experience of agrarian culture. Of growing importance is the questionwftadelp maintain rural
economies that will see significant declines in irrigated agriculture.

An ideal option would address both the desire to incentivize liacal-use decisions that
produce positive outcomes locally and globally and the needdmtain rural economies in the face of
diminishing irrigated agriculture and a changing climate. One sudbrojstfor the public to pay private
landowners for public goods or benefits that have not been historicedlggnized by the market. For
example, if the land is used to provide some ecosystem service which behefjtsiblic, such as water
purification or carbon sequestration, then the landowner may be paid far service. There can be
direct payments for ecosystem services or payments via other programs, such as conservatio
easements, which have been used extensively in Colorado. As policymatkerSIARRB make decisions
that will directly impact which land remains as irrigated agricultuigich land is dried, and which land
is developed, it is important for them to have good information aithe potential implications of
those decisions. This report was motivated by the demand for easily perforrapdrim analysis to
analyze such tradeoffs.

For an overview of this report, | suggest visitBertion 5 (Conclusionahd reviewing the
summary information provided as well as the information provided in the tadnbesfigures throughout
the report.

Section 1 (Introduction and Backgroundiscusses the South Platte River Basin, relevant changes it is
undergoing, the concept of paying private landowners for public gootisraditionally recognized by
the market, and establishes the need for scenario analysis.

Section 2 (Climate and Land Use-Land Cover Reglissusses literature related to carbon, natural and
working lands, soil, and developed lands.

Section 3 (Carbon Sequestration Valuatidigcusses the valuation of carbon sequestration and related
challenges.
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Section 4 (Scenario Analysiigcusses methodologies related to spatially explicit scenario analysis
related to ecosystem services generally and climate-related ecosystem services specificall

Section 5 (Conclusiongjovides an overarching summary of the report and several bullet points of open
guestions, suggestions, and other take home messages.

Section 6 (Existing Tools to Assist in Prioritizing LéXpBjres eight online tools that may be useful for
policy making decisions related to LULC and ecosystem services. Ofipani@sest may be the
discussion of th€ OMET-PlanneAfter extensively reviewing the literature and available tools, |
conclude that the COMET-Planner tool is perhaps the most rel¢ealio understanding the climate-
related ecosystem services related to natural and working landSedtion 6.1.21 apply the COMET-
Planner tool to three areas of interest in the SPRB. | then utilize infaymgathered via literature
review to expand that analysis so that estimates of ROl are presented.

Interdisciplinary Considerations

This report was motivated by an interdisciplinary challenge and utilized@misciplinary
approach to address that challenge. Broadly, the disciplines impadahe review and analysis
presented in this report include economics, policy, natural resourcegaartimanagement, and
ecosystem services.

Economic Considerations

Sustaining rural economies in the face of drying irrigated agriculture was argrimotivation
for this work. A methodological review and application of benefits transfdnaatuation of carbon
sequestration was performed. Specific methods for spatially explicit scenario iaredgsreturn on
investment from ecosystem services are suggested based on literature review. For exaumngpigst
caution when applying benefit transfer when needed data is sparce, recommend inatdision
uncertainty when developing or using tools for return on investment froosgstem services, and
estimate return on investment for three scenarios of conversion of irrigatedwdtyie to more natural
land covers in three areas of interest in the South Platte River Basin (SR#%B)thfbe areas were
'E o0 C[* o}vP E VP AE% 3§ PE}ASZ E U E|PIEXE|}BWSZvWo 3§35
properties in Weld and Larimer counties that have been purchased by thefdihornton with the
intention of transferring the water from irrigated agricultural to municipaés.

Policy Considerations

As the SPRB experiences rapid land conversion due to the drying of irrigatedtagtitand,
policy will help shape the outcomes and experiences for agrarian contissirfherefore, this work
included multiple policy considerations. A review of payment for ecesyservices schemes with a
focus on payments for conservation and payments for carbon sequestration is proViakedtion of
ecosystem services can help prioritize which irrigated land to keep in ptiodiand which to target
with conservation programs and/or payment for ecosyste@nvices programs, having implications

for natural resources and land management related policy.
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Systems-Thinking Considerations

The overall motivation for this report originates from a systems-think@gpective. Specifically,
growing urban populations are placing pressure on urban water resources, soipalities are
responding by purchasing agricultural water rights, drying what was irrigatedlacra, and transferring
the water to urban uses. In response, agrarian economies are likely to be straiaed the loss of
substantial acreage of irrigated agriculture. This report addresses one potential redpdhse
economic damage caused by buy-and-dry water transfgraying landowners for ecosystem services.

Stakeholder Engagement

While this work did not specifically include stakeholder engagement as a methveaks
motivated by work with the Colorado Water Conservation Board (who may bsdered a
stakeholder). The report also poses the question of whether the landowners in thengoities in
which payment for ecosystem services programs may be implemented have any inteseshin
programs.

DPSIR

Growing urban populations and reduced commodity pricesdaiéngthe transfer of water
from irrigated agriculture to urban and municipal uses. Cities in the 8PR&@orado are actively
securing water supply to meet the demands of growing urban populatiodsratustry and to ensure
those demands can be met well into the future. With limited oppaities to develop new water
sources, cities are resorting to the purchase of agricultural water rightsoldtr water rights being in
greater demand due to the enhanced security they provide.

Irrigated agriculture has become the cornerstone of many of the rural landseayakes
economies of the SPRB. As water is transferred away from irrigated agriculture sigpifecssutresare
being placed on both the landscapes and economies in the agrarian goiti@s. Land that was once
irrigated is being converted to other land uses such as urban developmamiyrigated agriculture, or
more natural land cover such as native grasslands. Communities that dwaecto rely on irrigated
agriculture will experience loss or alteration of employment opporiesiind the local tax base.

To characterize the situation within the SPRB importdatesto consider include: 1. The SPRB
l]* Z}u 8} 619 }( 8Z }Oo}E }[* %o} %o po STXViUuiX of]Ftvof weker o} dvigated
agriculture annually, 3. There are over 4 million acre-ft of water diverted forface water sources, for
all uses, annually, 4. There are another 500,000 acre-ft of groundwatedraivn annually, 5. There are
only about 1.4 million acre-ft of native water available annualp@e primarily to the purchase of
water rights by municipalities from irrigators (i.e., buy-and-dry), dideof between 131,900 and
174,000 acres of irrigated agriculture is excepted to be dried by 2050206%).

While there will be manympactsfrom the buy-and-dry trend in the SPRB, this document
focuses on thémpactsthat local communities and economies which have been built arduigghted
agriculture will experience as the vital economic driver and core agjiéotal culture (i.e., irrigated
agriculture) is significantly reduced.
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The primary objectives of this document are related to a poteméaponsdo ease the impacts
of buy-and-dry on local economies and communities while also mittigainy negative land use changes
that may occur as what has been irrigated agriculture is altered to other land uses.

Intellectual Merit and Broader Impacts

This document is intended to be of practical interest to policemgd professionals working in
the SPRB, that are also interested in climate, buy-and-dry, and ensuringrét@agommunities in the
SPRB do not experience undue harm as water is transferred away from irrigated agricuthomuigh
literature review related to payment for ecosystem services with a focus on éireidted ecosystem
services is presented. Key points, considerations, and open questions aréiédesntid a framework for
policy-relevant and spatially explicit valuation of ecosystem serisagiscussed. Furthermore, a review
of potentially relevant existing web tools is presented as a reference for tho&éngeeasy access to
relevant analyses. Finally, a web-tool which extends the COMET-Plaoher presented with three
example areas of interest within the SPRB. Whé-tool enables easy estimates of the return on
investment from conservation measures present in the COMET-Planneataoproperty scale
resolution. The work presented herein is not extremely novel, but rathethegizes and extends
existing knowledge for policy-relevant professionals.
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1. Introduction and Background
1.1 The South Platte River Basin
The South Platte River Basin (SPRB; Fige S|»1 }o} & }[* u}*S % }%o po}peU }viu] oo
and agriculturally productive bagiX /S ] Z}u 8} 619 }( SZ 5 § [« (E ] vSe Vv uv e
million acre-feet of water for irrigated agriculture annually (Colorado Waters€rvation Board 2015)
Other than agriculture and livestock, its important economic sectaiside tourism, recreation,
manufacturing, service and trade industries, and government servickE tY ~}us$Z Wo 33 Z]A E
*]v ASp C._Muricipaband rural stakeholders are in competition for water resourceseiasn
as there are only about 1.4 million acre-ft of native water (i.e., sourced Wwihin the basin) available
annually while annual water diversions of surface water are around 4 millionfiaevéh groundwater
withdrawals accounting for another 500,000 acre-ft of supply.

Like many semi-arid and arid regions of the world, the substantial gageketthe supply and
demand of water in the SPRB is driving competition for water supply betweewenio sectors. Of
heightened interest is the competition between municipal (e.g., 8tdal and residential) and rural
(e.g., irrigated agriculture) water users which has driven the phenomenon knowryeaniodry. Within
the doctrine of prior appropriation, which governs water rights in Coloyadwater user owns the rights
to use water for some beneficial use, such as growing crops or an industrigutisieat water user may
not use or lease the water for a different use. As the SPRB has witnessed rapicwudbadustrial
growth it has become more common for municipalities to purchasewaghts from irrigated
agriculture to secure water supply for the near and long-term future of theioipality. While there are
ongoing efforts to figure out ways to allow for the transfer of water withoetrpanently drying
irrigated agricultural land, the buy-and-dry trend is expected to camtithrough at least 2050 leading
to a decline of between 131,900 and 174,000 acres of irrigated agriey/@olorado Water
Conservation Board 2019).

While direct development of land will account for a significant pori~6-7%) of the expected
land-use change coming to the SPRB over the coming decades, the mimaarywill be buy-and-dry.
Although urbanization is relatively compartmentalized spatiallynidgéct effects will be experienced
throughout the basin. Many rural areas of the basin rely on irrigated dgrieuto support their
economies. The loss of that economic driver is likely to havefisamti social, cultural, and economic
implications for those agrarian communities as the local tax base, emplayopportunities, and
general experience of living in an agricultural area are lost or altered. Of gramvportance is the
guestion of how to help maintain rural economies in the SPRB thagxpi#irience significant declines in
irrigated agriculture.
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Fig. S3.1The South Platte River Basin of Colord@md Cover is from the 2016 National Land Cover Database
(Dewitz 2019b). Assigning different values of carbon sequestratidfor return on investment to different land
cover types is one approach to comparing carbon sequestration and Rifeoént land-use scenarios.

1.2 Change in the SPRB and Opportunities it Presents

Not only is the SPRB experiencing growing urban populations and $&nchenge, but it is also
dealing with the local effects of global climate change. In the SEIRBetatures are expected to
increase driving greater atmospheric demand for water, altering the timing of snelvwhich drives
the hydrology of the basin, and decreasing the volume of water from traosmain sources (e.g.,
Colorado Big Thompson Project) likely exacerbating the supply-denagnCglorado Water
Conservation Board 2019). Each of these changes is expected to anmplifyntipetition for water
resources and points toward a challenging and complex future with regards & wanagement in the
basin. The SPRB will not be alone in facing the challenges that ctinzatge presents. Just as the
challenges presented by climate change are shared across the globe, so mustéspibnsibility of
taking action to mitigate and reverse climate change and its effects.

Times of change provide opportunities for innovation, reorientatiogals, and for new
%0 %0 E} Z o S} He 3} E Z §Z}e P} oeX /v @E¢Q@ 1i]v ' M™I@EVIE : E
& o - E} U % (}E SZ <5 5§ [+ P} o } ((GHG)prpulRtich@VithiZthat P -
document several steps and important considerations are highlighted tha¢malble Colorado to meet
its ambitious climate-change goals. Of particular relevance toathik is the key finding that,
"% E}S S]VPU E «3}E]JVPU v VvZ v VP §Z @& P3[BA]vP(0}o}E " }E IS U
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sequestering carbor-'}A EV}E : E Wl}o]e[ K((] TilieX_ (olorago WHhter} t § E Wo
Conservation Board 2015) also identified the need for additional inastvassist basins in
implementing agricultural efficiency and conservation practices to stpe ecosystem services that
agriculture can provide. By paying private landowners or other relevant stakehdtignoviding the
public good of carbon sequestration by implementing climate-smartesgfias on their land, rural
economies can gain an additional source of revenue. Owners of land that imarfsgm irrigated
agriculture to another land use can maintain some income while thoseatteatortunate enough to
keep their land in production can add the additional incoméhtir portfolio.

As the basin takes on the challenges of minimizing the water supply-degegmndnd addressing
climate change, there are ample opportunities to synergize those efforis. of the most obvious
synergies is the improvement of soil health associatedwcarbon sequestering practices on crop and
rangelands.One study found counties in the United States with higher sodrdaogmatter (i.e., stored
carbon) had greater yields, lower yield losses, and lower rates of crop irmgupayouts under drought
(Kane et al. 2021). Not only should this motivate crop farmeisipyove their soil health, but it also
points towards the possibility of insurance companies offering incentivefafimers to improve their
soil health. Many such practices are also associated with greater carbon sequesdradion storage
(Denef et al. 2011).

1.3 Paying Private Landowners for Public Goods

Economic activities such as industrial manufacturing, oil and gescégh and production, or
agricultural production often have unintended consequences which can haitveoor negative
impacts on society (i.e., externalities). The concept of paying landownetber relevant entities for
goods or benefits not historically acknowledged by the market, such as thiévpasiternalities of
certain land uses or land management approaches, or for mitigating some veegaternality, is not a
novel idea (Adhikari and Boag 2013; Farley and Costanza 2010; Van Hedkgastiaensen 2010)
Many efforts have worked to encourage different conservation practices, motivatekeb
understanding that healthy land provides many services from which thébenefits.

During the 2013 fiscal year the United States government spent more thhilli$é to
encourage voluntary adoption of conservation practices (Claassen et al. 20Chlorado, the Great
Outdoors Colorad¢GOCO) and Conservation Easement Tax Credit programs have been utilized
extensively to incentivize the acquisition of conservation easements vimiaturn, are thought to
provide significant returns on investment (ROI) to the public via etesyservices such as water
purification, air quality improvements, and more (Seidl et al. 20Ifgse programs offer financial and
tax incentives for restricting development on private lands. Seidl et@l7jfopv 3Z & }o}E }[* 3A}
primary conservation easement programs had conserved nearly 1.5 million acresiaf babitat,
300,000 acres of prime farmland, 270,000 acres of elk severe winter rang@,MilEd of stream, creek,
or river frontage, and 19% of the Gunnison Sage-Grouse production amasiog on private land.
While acknowledging significant uncertainty in the analysis of ROI frosystem services, they found
§Z 8 }o}E }[* JVA «3u v3 }( }us "iXi ]&%0o@ENV i]v htEadudie of
between $5.5 - $13.7 billion (US$2017), a $4-$12 return for $adhvested. There is clearly substantial
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uncertainty in these estimates. Nonetheless, these results suggest a clear betgfied from the
investments resulting from Colorg [+ }ve EA 3]}v % E}PE u+X

Economic difficulties arise when it comes to paying private landowners ficpyoods such as
carbon sequestration and storage causing some to argue against the commautatificf ecosystem
services. For example, for a market to set a price there must be an interplay betwedy aogp
demand generated by economic providers and consumers. Without this flovioomation generated
by the interaction of supply and demand it can be very difficitpt impossible, to identify an
economically efficient price (Farley and Costanza 2010). Other consigter#ttat complicates such
programs is the concept of additionalityonly paying landowners for services that are in addition to
what they would have been doing without the payment (Claassen et al. 2&id)nisalignment
between the scale at which a service is produced and at which its benefits aredg@izhardson et al.
2015) There are many other difficulties such as the facts that markets cannotabeaded without
existing in an array of informal and formal institutional arrangements wmaf not currently be
established, that markets evolve over time, and asking whether the carbon markatwals a force in
favor of, or against, poverty alleviation. Despite these challenges,moghams have become common
around the globe (Adhikari and Boag 2013; Farley and Costanza 2ighaeldwa et al. 2019; Van
Hecken and Bastiaensen 2010), largely driven by the lack of a clearly-better.opt

1.4 A Need for Scenario Analysitand Use-Land Cover, Ecosystem Services, and ROI

As the South Platter River Basin evolves as a socio-hydrological systiegndpcisions are
being made that will help determine the future economic, environmergat] societal health of the
basin. For good decisions to be made good information must be alail&policy makers and entities
that help inform them (e.g., the Colorado Department of Natural Resourcie cEWCB) require an
expert each time they need to explore the climate change implinatif various LULC scenarios then
cost in and of itself may become prohibitive to desired programs (Paustialn 2016; Van Hecken and
Bastiaensen 2010). What is needed is a robust, yet easy to use tool thatalaesjnire expertise. Of
particular interest is the ability to explore various LULC scenarias Fégg S3.2) to allow for the
prioritization of various policies and decisions.

Since the price paid ipayment for ecosystem servigag®grams, such as those that pay
landowners for carbon sequestration, is largely driven by policy it is essentialze good estimates of
the return on investment (ROI) from such payouts. In this way, appropriatsidesican be made that
Aloo }3Z }%3]u]l 3Z % p 0] [+ ZK/ AZ]JoE]oa}AJVP «(EEK Kbs %o GE} Ho%E] 3} ( %
benefits of such a tool would be to prioritize what land has the greatesmnii@ to sequester carbon in
the absence of agriculture and which land has the greatest potential tougmsaluable crops. Being
able to understand which land should be prioritized for what use is essémti@lp direct limited state
funds to the most impactful conservation projects and would also Higbrt federal spending.
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Fig. S3.2Four different land-use types in the South Platte FBasin.Images captured with Google Earth. (A) Pivot
irrigation agriculture, (B) Medium-intensity residential developmentR&)-urban low intensity development, (D)
High-intensity development. Growing populations in urban areas (D) are dryiggted land (A). What are the
implications of different land-use decisions with regard to water aggament and climate change?

2. Climate and Land Use-Land Cover Review

Many of the early actions surrounding GHGs and climate change wereateatiby country,
multiple country, or global scale efforts. As a result, many of the moreastauethodologies that are
well-established were developed at the same scale. For international agreementshencations
taken at the national or global scales it is important to consider GHGsans and sequestration at
those same scales, however it provides little actionable insight & fmalicy and decision makers that
would like to incorporate relevant considerations into policy andslens (Gurney et al. 2015)
Considering an appropriate spatial scale (e.g., a river basin versus nasalat) important to
understand the relative tradeoffs of various scenarios. If decision makers in the SrR&8ple, want
to understand the tradeoffs between two LULC scenarios they may find the differeteertegligible
when compared to the most impactful land uses and GHG sources globalrstanding how carbon
storage in an alternative LULC scenario compares to global observatidtitlis imterest, while
understanding how the alternative LULC scenario performs compared to trencllULC scenario is
critical to making informed local decision. Locally based GHG ornienhave also been shown to be
more accurate than global inventories with differences between global and ralgrorentories of
anthropogenic carbon emissions differing by about 20% while globdbaatly-derived inventories
were between 50% to 250% different (Gately and Hutyra, 2017), highlighengeed for bottom-up
versus top-down estimates of GHG emissions for local decisions.
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2.1 Carbon, Natural and Working Lands, and Sail

There is a vast amount of literature related to GHG production, sequestratnohstorageA
<u] I+ E Z pe]vP 8Z | CA}E « "PE vVvZ}pe P o« 1WEBOOT G UDI U E -
31,707 open access articles, 6,352 review articles, and 1,385 bitgdypapers
(https://www.webofscience.com/wos/woscc/summary/04d67fc8-021b-4fad-84@B346d558bb-
0df31403/relevance/). With respect to carbon sequestration and storage, there is a significarg ot
soils (e.g., Alexander et al. 2015; Conant et al. 2017; Enaly 2007; Kane et al. 2021; Paustian et al.
2016, 2019; Smith et al. 2020) due to a few primary reasons. Fitsinwhe top meter of soils globally,
there is an estimated stock of around 5,508,800 Gt Cowith the lower range representing about
three times the total stock of G@ound in vegetation and twice that found in the atmosphere. Second,
as a result of cultivation and agricultural management practices it is atiarsoils have lost around
510 t 550 Gt C&since agriculture became popular around 8,000 years ago (Smith et8). 202018
systematic literature review concluded that soil carbon sequestration hapdtential to sequester
about 2 to 5 Gt Cannually (Fuss et al. 28). Lastly, using soil to sequester carbon can improve soails,
make them more resilient to drought and climate change, and improve dagatultural productivity
(Fuss et al. 2018; Kane et al. 2021). Essentially, the literature shows thancsefjuestering agricultural
practices are likely good for agricultural production and the fact thay sequester carbon is a bonus.

While we have a decent understanding of large-scale carbon storage in sosnexdpatial
heterogeneity makes it very difficult to generalize carbon storage based on maeagenactice from
place to place. Soil carbon storage is location specific, dependingrate; previous and current land-
use/management, soils, and other factors (Fig. S3a8nesh et al. 2019).
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Fig. S3.3Schematic diagram of the factors influencing cartbgnamics in soiFrom Ramesh et al. 2019)

Conant et al. (2017) performed an extensive literature review to synthesizeimerds that

have compared soil carbon storage between a control treatment (e.g., aditirrigated agriculture or

V UVPE | PE e*0 Vv * AJSZ Vv ZJu% E}A [ }E /£ % SEFuveESPIEESBU vE -
pasture or a grazed grassland). The studies took place over 37 countries reprgsewide variety of

}v ]18]}veX dZ C (Juv U "u% E}IA PE IIMWJwMPYR oSRu( E3Vo]llud% E}A
grass species, irrigation, and conversion from cultivation all tend totteatreased soil C, at rates
ranging from 0.105 to more than 1 MgC/h@-EX _d} « J( A lpuo o Ev u}E (E}u §Z
study, which the authors made publicly available, | performed a batf dnalysis. The data included
observations from 241 papers, with each study comparing two or more trexatisn For example, one
study may have compared soil carbon in an irrigated crop plot tsthlecarbon in a native grassland.
Values related to soil carbon were reported in terms of storage per acre [tC/hapugl, in the related
paper the authors present results in terms of carbon sequestration [MgC/h&iys}, | plotted the full
range of all observed stored carbon as boxplots (Fig. 88f) and then plotted the same data except
limited to relatively non-humid areas of the USA (Fig. $8ight) which resulted in data from 10 states.
dZ v/ %o0}88 §Z § (E}u 8Z h™ AJS3Z 3Zu%)E3E}0 50X XU BSe3vSCE 3§
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split (Fig. S3.5 left). Last, | plotted boxplots of study-wise differences between the coatabl

NMu% E}A _ SE 3u v3eU AJSZ %}+]3]A A op » E %ZE | Wh|ERPA 35 E % E
treatment and negative values representing better performance by the controlrtreat (Fig. S3.5

right). Boxplots were used because they allow for an easy comparison between treatments.

The range of values of observed carbon storage per area is larger when studies from aeund t
globe are included (Fig. S3t4eft) compared to studies from more similar climatic and geographic areas
(Fig. S3.4 right). This is potentially simply due to fewer datapoints bemufuided in the plot presenting
observations from non-humid areas of the USA, but the idea that moréasiolimatic and geographic
areas store more similar magnitudes of carbon follows reason (Paustian et al. R221@&sh et al. 2019)

In Fig. S3.4 we also observe that for four treatments (e.g., shift from agstare or modified grazing
intensity) the observed carbon storage per area ranged over three orders of magnitgtiglting the
uncertainty in such measurements.

Fig. S3.4Boxplots presenting carbon storage per area [tC/ha] basestuaies around the globe (left) and on
studies from the USA with humid regions removed (ri®dxplots represent the 25and 7% percentiles as the

edges of the box, the %0percentile (median) as the line lying within the box, and the largest mratlest values
falling within 1.5 times the interquartile range above thé"f&ercentile or below the 25 percentile, respectively.
(Data from Conant et al. 2017)

Further highlighting the site-specific nature of soil carbon storagesegeethat when comparing
alcons@E}o SE 3Su vse A]SZ o0 "]uPg.G3I.A left) iSiswengdiffiedts ifnot
impossible, to generalize across locations. On the other hand, bakedlt the study-wise differences

SA v JVEE}o Vv ~]u% E}AFig. S3.Erightuthe Eange of observations narrows. For
example, values of carbon storage per area (Fig. Sléff) for conversion fronag to pasturerange
from near 0 to about 175 tC/ha. In contrast, looking at the studse differences of the same treatment
(i.e.,ag to pasturein Fig. S3.4 - right) reveals that lands converted from agriculturagtupe almost
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always increase in soil carbon storage. Those differences ranged from about Odegug0 tC/ha,
which is nearly an order of magnitude smaller than the range observed when ¢pakaarbon stored
per area (i.e., 20 tC/ha vs 175 tC/ha). Looking at the study-wiseeatiffes between control and
AMu% EYA  §@Fig.33B.% Bghty also shows that many treatments thought to improve (or
increase) soil carbon do not always perform as expected. Taking the shiftfoptand to pastureas an
example, we see that sometimes soil carbon is increased and other tirsegeitieased. This
inconsistent behavior is likely due to differences in soils, climates, apdévious management or land
uses (Conant et al. 2017; Olsson et al. 2014; Pouyat et al. R@@@esh et al. 2019). Overall, the data
from Conant et al. (2017) show us that the differences in observed soil chdiareen locations is
greater than the difference between management approachdss highlights the difficulty in
generalizing observations in soil carbon between Itioas. To minimize uncertainty in scenario
analysis it may be better to use relative performance sdquestration instead of an absolute
measure, similar to theCOMET planner tool

Fig. S3.5Boxplots comparing the overall observations of carbemapea [tC/ha] between the control and
ANMu% E}A 5 aA allofithegeviewed studies (left) and showing the study-wise diffees between the

JWVSE}o v "u% E}A _ SE hat\CRP = cBrjseX/&tiox ré&spive program. (Data from Conant et
al. 2017)

2.2 Carbon and Developed Lands

Due to the vast land area that agriculture occupies compared to urban ard®s) areas have
received relatively little attention despite their substantial contributiorglobal GHG production. One
study in the northeast U.S.A. found that urban emissions accountez2bfto 85% of all carbon
emissions in the 13 study states in the northeast U.S., with on{raadportation being the largest
emitters at state and city levels (Gately Hutyra). The relative contribwtiaifferent sectors (i.e.,
electricity production, on-road vehicle emissions, commercial/gtdal, non-road vehicle emissions,
and residential) varied significantly between cities however, pointirtgeaeed for policy specific to
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each individual urban area. There is a strong push for compact urban farmaee sustainable
development option (Artmann et al. 2019), but understandingchmate change implications of urban
E +« & <uJE& + Jv ope]}v }( }pve] & S]ive SZ QVE EF XV G C (B }
that greater than 70% of G@missions related to goods consumed within the cities of Beijing, Shanghai
and Tianjin, China were produced outside of city limits (Feng 20&4)

Other than more technological solutions that can improve efficiarienergy intensive
processes or directly filter/capture GHG emissions, whether a city is a neesousink of biogenic GHG
(e.g., GHG produced to land-use change or sequestered by vegetation) depemuls arcity is
developed and managed. For example, with proper management of greenspaces the issio
produced by land-use change can be offset by vegetation and greenery (Mith&asmaswami 2020)
Urban trees can play an important role in managing GHGs in urban areadgyAnsii U.S. cities found
carbon storage in urban trees ranged from 46.9 tC/ha in Sacramento th& itCJersey City and that
annual carbon sequestration varied from 150 +/- 30 kg/ha to 940 kg/ha (Nam&kCrane 2002)
Another study across 28 U.S. cities estimated the total tree carbon g€andd.S. urban areas to roughly
643 million tonnes with an annual sequestration rate of roughly B&lbon tC (about 0.28 kgC/wf
tree cover) with the most influential factors being tree diameter distribuitivee density, and to a
lesser extent, species composition (Nowak et al. 2013). Even if the ceghjaestration and storage
provided by urban areas is relatively small compared to the vast areasieddmpnatural and working
oveU oJud Z VP Jo %E}) o u3s3Z 35 Aloo ®%EE ZU *»jop@E( $ZE }FAuy
be considered (Pacala and Socolow 2004; Paustian et al. 2016).

3. Carbon Sequestration Valuation

To assist with policy decisions, quantifying the ROI from carbon seqti@sfGHG mitigation is
highly desirable. The vast majority of efforts attempting to so constieeiROI to be the social cost of
carbon (SCC) avoided. That is to say, if sequestering a ton of carbon todis/$200 of social damage
(e.g., property destruction or loss of national or global GDP) therRiOIl of sequestering one ton of
carbon is taken to be $200. Quantifying a value for the SCC inclugesiert uncertainty and is a highly
debated topic (Drupp et al. 2015; Interagency Working Group 2013y&irtD19; Plummer 2009; Ricke
et al. 2018). There are many ways to approach to this challengeETHeuE 0 %0]S IoVBSE}i S|
carbon modekakes a simple but well-accepted approach (Sharp et al. 2020) so lassaritexample
here.

3.1 A Valuation Formulation
Data requirements for valuating carbon storage and sequestration in the In@E®h enodel
and many other approaches include price per metric ton of carbonptiket discount in price of
carbon, and the annual rate of change in the price of carbon (Sharp2220). Price per metric ton of
carbon is based on the social damage avoided as discussed above. The markat diguace of
E }vE (Ee 3} ¢} ] 8C[* % E ( EV (}E %E *» v3 VO([B3}A(E (uspE
change in the price of carbon is an input used to capture how theevafl carbon sequestration may
change over time based on the damages caused by climate change. Settammtla rate of change to
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a value greater than 0% means you assume the societal value of carbon sequesterdd gpdajer
than the value of carbon sequestered in the future (Sharp et al. 2020). Fopéxatrcould be argued
that sequestration has greater value now because sequestration of the same amowanboh aow
compared to later may have a greater impact on climate change. Discaestgan be considered in
different ways with some combining the market discount and annual ratearigd for example
(Pindyck 2019; Ricke et al. 2018) with others suggesting a dydauoouint rate that changes with time
(Ricke et al. 2018). Discounting is consistently shown to be aie ¢tdrgest sources of the differences
in estimates of SCC (Ricke et al. 2018). Both market discount ini¢eeopcarbon and the annual rate
of change in the price of carbon can be set to 0 in the InVES&Indldmately, the value of
sequestered carbon over time for a given pardel= HyAi.e., LULC pixel) is calculated as,

e _ eQaePeaec xlaNarave Favvold 5

Masa S R S R vouss @4 @siA@siA

where 8is the price per metric ton of elemental carbon (not;@ A M Q& thdamount of carbon
sequestered,U 0N ¢ ¢ B d U s 5 3 gl the future and current years being simulated, respectivily,
the market discount in price of carbon [%fs the time elapsed since the current year being simulated,
and 7is the annual rate of change in the price of carbon [%]. It is impbttamote that this approach
assumes a constant carbon sequestration rate over time but a constant taiékisly to be observed

in reality (Sharp et al. 2020). Due to this assumption though formulation of the value of
sequestered carbon lends itself to accepting outputs such as those provide@NeT-Planner

(seqgrate;e.g., amount of carbon sequestered per year). By simply replagirg;—————, with the
lagagavd davyvyopun

carbon sequestration rate provided by COMET-Plan@ef M NwePafive at the following formulation

of the value provided by scenario being consider&d= H. %4&.9., conversion of irrigated agriculture to

native grassland).

"MAta aeﬂ.:l'ﬂ}@AOAMNN\IEW }a\f?{dﬁawa@@%&
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with Phow being the total number of years to be included in the valuatiar example, if we wanted to
estimate the value of carbon sequestration provided if 640 acres of land wereged from irrigated
agriculture to a native grassland today, we must decide how far into tiueefuve want to assume the
constant sequestration reasonably appliesthds will eventually reach an equilibrium with reghito
carbon storage, where the net amount of carbon being segtered is essentially zer@.e., the
amount being sequestered is equal to the amount being released; Entry &0al). 2

3.2 Review of Valuation Input Variables

Deciding how far into the future to consider when estimating the value fcanbon
sequestration or GHG mitigation provided by a LULC scenario is mltheomplicating factor. Due to
sources of uncertainty related to nearly every variable used to quantify thelfeG€sulting uncertainty
is extreme. Ricke et al. (2018) estimated the global social cost ofrc@@3#CC) by considering possible
socioeconomic pathways (SSP), possible climate futures (i.e., representatoentration pathways-
RCP), the potential negative impacts of climate change on the egpfice., using damage functions),
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and various discounting approaches. The resulting estimates of the GSG€sardqd in Fig. S3.6
where the extensive uncertainty in the estimates can be clearly seen to rangéhoserorders of
magnitude (color bars represent the 66% confident intervals).

Fig. S3.6Global SCC in 2020 under various assumptions and sxehedian estimates and 16.7% to 83.3%
guantile bounds for GSCC under SSBs dand RCPs 4.5, 6.0 and 8.5. For each SSP, the darkeirubtate the
SSRRCP pairing with a superior consistency. The values displayed agsuatie-adjusted discounting with

pure rate of time preference of 2% per year and elasticity of maigitility substitution ().of 1.5. Supplementary
Fig. S3.3 in the original document compares these results with fiseduhting (rate of 3%). Colored bars
represent the 66% Cls. SSP =]go }v}u] % SZA C « v EJ}s « =+ VW KJE-JowUE]X
framework for climate change research: the concept of shared socioedommathwaysClimatic Chang&22,
3871400 (2013). RCP = Representative Concentration Pathway as accefhted®gC. BHM = Burke-Hsiang-
Miguel damage function (a model used to estimate social cost of oarBdO = Dell-Jones-Olken (another model
used to estimate social cost of carbon). This graph and footnet¢aken directly from Ricke et al. (2018).

The Interagency Working Group on Sacial Cost of Greenhouse Gases (IAWG; Interagency
Working Group 2013) considered 150,000 estimates from 10,000 siongdtr discount rates of 2.5, 3,
and 5 percent. Those estimates were based on average SCC values produced byetrateih
assessment models and the'9percentile estimate which assumes an unlikely but highly costly
scenario (i.e., close to worst-case scenario). The full distributioreafetsults for the three discount
rates are shown in Fig. S3.7 and. Average values of the SCC were $122342d %3 23 for the 5%, 3%,
2.5%, and the close to worstse scenario, respectively. Like results of Ricke et al. (2018) discussed
above, these results also show high uncertainty in estimates of the SCanbeeof values estimated
by the IAWG is much narrower than those arrived at by Ricke et ay. iéfédcting their lack of
consideration of uncertainty related to factors other than discounting
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Fig. S3.7Frequency distribution of SCC estimates for 2028sents the frequency distribution of the SC-CO2
estimates for emissions in 2020 for each of the three discount r&tash of these distributions represents 150,000
estimates based on 10,000 simulations for each combination of the thiaels and five socioeconomic and
emissions scenarios.16 In general, the distributions are skewed tagiieand have long right tails, which tend to
be even longer for lower discount rates. To highlight the difference betwleeimmpact of the discount rate on the
SCCO2 and other quantified sources of uncertainty, the bars below the frequiistributions provide a
symmetric representation of quantified variability in the SC-CO2 estimataditoned on each discount rate. The
full set of SC-CO2 resultstud® Z 1ifii ]« A Jo o }v KD [+ A ]88 X dZ]* u G]Spup®]Ywo 3} v o
that warrant additional quantitative uncertainty analysis (e.g., as recommeéty OMB for rules that exceed $1
billion in annual benefits or costs). See OMB Circukafok-guidance and discussion of best practices in

v p S]vP pv &S JvsSC \Bas€dn irftegiatec assessment models (IAMs; DICE, FUND, and PAGE
Azl z & u- C 3Z hX~"X P}A[S 8§} +3]u & EZnrerhgency Weokkindg Grolip 2013)

Pindyck (2019) took a different approach and surveyed 386 experts ingltd3 economists
and 220 climate scientists with 170 of those experts being from Namntlerica, 158 from Europe and 30
from developing countries. The range of SCC values resulting from the eypveys exhibited large
uncertainty and was between that of Ricke et al. (2018) and the IAWG)(2ildout one third of
responses were between $0 and $100, several were spread across $100 and $70@, medrthvas
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$291; Fig. S3.8). The primary source of uncertainty though, was related potential impacts of
climate change and not the discount rate which was help constarfiafio the survey questions. Also
seen if Fig. S3.8 is a gamma function fit to the data as a prdipabdtribution function (pdf; red line)
that best fit the responses of all surveyed experts. Using a pdf is one waycdim wtdertainty may be
included in estimates of the SCC and ROI from various LULC declstoasvds a marked difference in
the values provided by economists and climate scientists (Fig. SBr@teCscientists tended to suggest
much higher SCC (average of $316.3) than economists (average of $tuBboth the averages and
distributions of estimates from North America and Europe were very simithraverages of $284.5 and
$284.2, respectively.

Fig. S3.8The social cost of carbon based on an expert sun@gtéxperts(Pindyck 2019)
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Fig. S3.9The social cost of carbon based on surveys of edet®fieft) and climate scientist (righ{Pindyck
2019)

Estimates of the SCC, discount rates, and time preference rates from variolerlyditerature
are presented in Table S3.1. Estimates of the SCC in the table reflect avertgelyg manges opposed
to the full range of estimates found in each study. The range of thex@€@om $12 to $300. The range
of discount rates was 1% to 7% with 2.5, 3, and 5 being the moshon. Time preference ranged from
0% to 6% with values between 1% and 2% being the most commdasitmcof the full range of values
presented in Table S3.1 when estimating the ROI from climate-related ecosysteires will produce
more robust estimates, but the range of estimates values will be larger.

Table S3.1Estimates of the social cost of carbon (SCC), distenand time preference for estimates of ROI

Social cost of Discount Rate | Time Preferencq Citation (See articles for
Notes carbon Units [%] [%0] their references)
"Conservative estimate| 21 US$/ton CQ 7 0 Bagstad et al. 2012
"Non-conservative
estimate" 85 US$/tonCQ 1 6 Bagstad et al. 2012
3, 5, and growth
India (66% C.1.) 86 ($49$157)| US$/ton CQ adjusted 1,2 Ricke et al. 2018
3, 5, and growth
U.S.A. (66% C.l.) | 48 ($1$118) | US$/ton CQ adjusted 1,2 Ricke et al. 2018
3, 5, and growth
Saudi Arabia (66% C.I| 47 ($27$86) | US$/ton CQ adjusted 1,2 Ricke et al. 2018
3, 5, and growth
Brazil (66% C.l.) 24 (14t41) | US$/ton CQ adjusted 1,2 Ricke et al. 2018
3, 5, and growth
China (66% C.1.) 24 (4150) US$/ton CQ adjusted 1,2 Ricke et al. 2018
United Arab Emirates 3, 5, and growth
(66% C.1.) 24 (14t48) | US$/ton CQ adjusted 1,2 Ricke et al. 2018
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USEPA estimate 12 US$/ton CQ 5 1 IAWG 2013
USEPA estimate 42 US$/ton CQ 3 1 IAWG 2013
USEPA estimate 62 US$/ton CQ 25 1 IAWG 2013
SCC Survey of 386
experts 80-300 US$/ton CQ NA NA Pindyck 2019
SCC Survey w/outlierg
trimmed 80-100 US$/ton CQ NA NA Pindyck 2019
SCC 121 US$/ton CQ 2.5 0 Pindyck 2019
SCC 101 US$/ton CQ 3 0 Pindyck 2019
SCC 81 US$/ton CQ 4 0 Pindyck 2019
SCC 65 US$/ton CQ 6 0 Pindyck 2019
mode = 0, mean
1-3 (mean= | =1.1%, median
Discount rate only NA NA 2.25, median = 2] 0.5% Drupp et al. 2015

4. Scenario Analysis
4.1 Important considerations in scenario analysis

Scenario analysis is a critical tool for making policy decisiara firovide an estimate of the
relative performance of one scenario over another. However, for that compatisba possible, data
must be available for all scenarios of interest. Having an estimate fooaelpf the scenarios does not
% E}A] §]}v.0 ]Jve]PZ3 pvo e+ ]38 v Ju%y AE]}EX $Z5[03 EEA]A
scenarios for example. In scenario 1 there are 640 acres of irrigated corngveimg and in scenario 2
those 640 acres are converted to unirrigated grassland. If we know that scenafiqp2owide roughly 1
Mg C/ha-yr of carbon sequestration, we still have no idea which sceranides greater sequestration
and storage unless we can quantify the carbon sequestration and storage prawidid irrigated corn
as well. This greatly complicates scenario analysis because in almost altedsas,storage can only
be empirically quantified for the existing scenario while one or more scenaiiloalways be estimates
based on various methods, such as process-based modeling. However, evenarmpproaches,
which are typically thought of as the gold standard in environmest&dnces, can be as or more
uncertain than process-based models due to limited spatial and tempordutesoof measurements
(Paustian et al. 2016). Since both approaches are site-specific thineyhare likely to produce more
certain results than benefit transfer methods which are widely applied (Plumme; Ribhardson et al.
2015)

4.2 Benefit Transfer

Benefit transfer is a widely applied methodology for assessing how policyatecisay impact
the value provided by ecosystem services (Johnston and Rosenberger 200@ieP2009; Richardson
et al. 2015; Troy and Wilson 2006). It refers to the applicatf@xisting information for a purpose
and/or at a location which is different than the purpose or locationvirich the information was
originally collected. Here | provide a relatively extensive discussibanefit transfer methodology
because it is widely applied in the context of policy, ecosystem sspnand valuation due to the
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relative ease and speed with which it can be applied, and there are highly relexamiples from
Colorado.

Example applications of benefit transfer studies applied to LULC and emosysivices include
the works of Sargent-Michaud (2009) and Seidl et al. (2017) who estimad®i@hfrom conservation
easement programs in Colorado and of The Trust for Public Land2(0ml,;who estimated the ROI
from conservation programs in Virginia. Each of these studies used Ndtam&I/Cover Dataset (e.g.,
Dewitz2019)landcover types to delineate ecosystems. Then they performed literature review and
assigned a value per acre [$/acre] for ecosystem services provided by each ecosysteandcever
type). Once a value per acre was identified, it was multiplied by the acrdaageio ecosystem type to
arrive at an overall estimate of ROI. Benefit transfer methodology has the hugetade of
convenience, but also has many potential limitations with respect taracy (Plummer 2009;
Richardson et al. 2015)

Such studies that do not consider uncertainty in ROI estimatesdlbeuhterpreted with great
care. For example, TPL found that for each $1 invested there would b&®Bhrough 2024. This is an
overly specific value, and it is not possible that such an uncertalysia can generate such a specific
value. The authors (TPL 2016) acknowledge that there can be significamtainty in benefit transfer
studies but conclude that the lack of better options justify the &atlon of the methodology. This gets
at the core of the state of ecosystem service ROl methodologileere do not seem to be any great
options for quantifying ROI with accuracy so those performing suclestade choosing what they
perceive to be the least-bad option (Johnston and Rosenberger 2008nf&iu2009; Richardson et al.
2015)

Similarly, Sargent-Michaud (2009) arrived at an estimated ROI of $6 for&varyestedt an

overly specific estimate. In their work they used work by Ingraham & FosteB) Bf0estimates of ROI
from deciduous forests, evergreen forests, mixed forests, scrub/shrubs, and open watert the
open waterecosystem type were stated as providing carbon sequestration, among othereservic
IVPE Z u v &}*8 E[+ A}JEI Z}A A EU pe (A «3p ] -EIIWEE]IA 3357 |E
e <y *3E 3]}v v ZK/X dZ C 3 3 U At E }Pv]l $Z 8]5Zuvopu VEU C3p ]
therefore leadtolarg EE}Ee Jv JUE E *pod]vP A op *3Ju § « Y dZ ]Jvs vs }( 8

E]A v ]v EPpu oC HE 8§ }JE % E ]+ A op }(YSZE $Z3+E+3}ule(@EA] -
first approximation to be used as a reference point for policy and managedezisions [at the national
scale], and to demonstrate that the total value is likely much higem values based solely on
E E 3]}vopus X_ (83 E £S5 ve]A 0]8 E SpE @&}A] AUCHvu &3 }VA]v
N]E*S %% E}A]uUu S]tv_X

Where Sargent-Michaud propagated the uncertainties included in the work Ingraham
Foster, Seidl et al. included uncertainty in their estimates of ROl froseceation easements, by
including estimates from both TPL (2016) and Sargent-Michaud X2006h is undoubtedly better than
performing an analysis that arrives at an overly specific value of ROI. Wbdgainty was included in
the analysis the use of values from the two previous studies mentioned Hhighligw uncertainty ca
easily be propagated through subsequent studies that use previously deriveabvahe values from
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TPL (2016) were derived specifically for Virginia, most of which is eoedith be a humid subtropical

climate @ttps://learn.weatherstem.com/modules/learn/lessons/148/07.htjmheaning that

transferring those values to Colorado, which is not a humid subtrodiczdte (much of the state is

considered cold semi-arid) is likely to produce poor estimates of ecosys&arites. On the other hand,

using estimates from Sargeri] Z 4 & o] ¢ }v es}uyE SZ S ] v[S Jveops Hw ES ]JvSs
yet another study that also did not consider uncertainty in theiireates. As noted by Sargent-

D] Z p U NS Je Juke}®ES v8 8} v}S 8Z 8§ v (JHEESvee &~ ]Jv]iVooCeSy €X_

Essentially, each of these three efforts represents what should be thougistmiugh first
estimates of ROI from ecosystem services. Such estimates are necessary as the sciesssepragd
are not entirely inappropriate for the applications for which they were perfornggkcifically, using the
average of observed/simulated values to estimate the ROI from larger scale areasl(efgom@sderved
land in Colorado) is likely to produce more reasonable results thaniagglye same values to plots of
agricultural land, assuming the average value was derived from observations dwrassie or similar
spatial scale at which the analysis is performed (Richardson et al. 2018 raiividual plot, the actual
carbon sequestration, for example, may range anywhere from the maximum observeel noitimum
observed (or beyond). Therefore, when looking to performe (E]} v o0Ce]s 8 eu 00 E ¢« 0 * ~ X
of acres) to help prioritize what land to conserve or keep in producfinar resolution information is
needed.

Furthermore, it is generally important to know who will pay, who will picthe benefit, ad
who will benefit when paying for ecosystem services or performing a benefit transferen tortetter
understand the socioeconomic implications and appropriateness of the payondransfer (Johnston
and Rosenberger 2009; Plummer 2009; Van Hecken and Bastiaensen 2010). Withtoegpgictg for
carbon sequestration (e.g., via a conservation easements) the taxpayers of the taJevamment
body (e.g., state or federal) are the ones who pay, in the case of working lantisihers or
landowners can be thought of as producing the benefit, and the gladgallption is the party that
benefits. However, if the landowner is using the land to farm, then theyrayp directly benefit from
improved production.

Despite its limitations, the benefits of convenience, speed ddow costs make a benefit
transfer approach the most appropriate methodology fordacost and timely estimates of ROI from
ecosystem services such as carbon sequestratdfiat is currently missing though, is adequate
guantification of the services provided by various LULC types (JohastbRosenberger 2009; Paustian
et al. 2016; Plummer 2009; Richardson et al. 2015). Without galties it is not reasonable to expect
accurate estimates of ROI from climate-related ecosystem services provided hysvadbC scenarios.
Caution should be taken to avoid use of poorly performed benefit transfers. Aar&$on et al. (2015)
*3 35 U NE <pu vs pe }( Z]JPZoC (0 A A o( E ZJlu(s *3]188Z% ¥%]JoT C % C
relevance of the whole field, which would have adverse consequences for socieliyysing by
HV EUu]V]VP Ju% E}A Vv SUE 0 E *}JUE % }A}IC ull]PRX_odZ]e @]l v
recommendations for benefit transfer for ecosystem service valuation are followed;iadjdenefit
transfer to continuetom!| v ]Jv E <¢]vP0oC Ju%}E&S vS8 }vSE] us]l}v 8} v §uCE o &
have summarized important considerations and basic guidelines for benefit transfabla S3.2 below.
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Table S3.2Considerations in benefit transfefc@ble is primarily based on three review papers.

Important Consideration

Citation(s)(These are review papers. Please
the papers themselves for more specific
references)

From an economic perspective, value is not intrinsic to a particitéaosecological system. It must be
evaluated in the context of specific biophysical and human characteristics.

Plummer 2009

There is a divergence between benefit transfer practices recommended iradgHiéerature and those
applied in policy

Richardson et al. 2015; Johnston and
Rosenberger 2010; Plummer 2009

This divergence may be largely attributed to the scattered nature of relditardature and to the need
for decision makers to have quick and cheap methods, while schalarkyis tending towards more
costly and time-consuming methods in the name of accuracy

Richardson et al. 2015; Johnston and
Rosenberger 2010; Plummer 2009

Poor application of benefit transfer methodologies could undermineinickision of ecosystem services
policy considerations. Biased estimates can lead to badly misguided. policy

Richardson et al. 2015; Plummer 2009

Benefit transfer is never the best choice, but if original valuaticthefite(s) of interest is not possible,
then benefit transfer is a better option than qualitative judgement.

Richardson et al. 2015

Collection of original data/performance of original valuatistiine consuming and expensive inhibiting
application in policy decision making that requires timely and affdedatformation

Richardson et al. 2015; Johnston and
Rosenberger 2010; Plummer 2009

Benefit transfer is appropriate in cases where greater precisi@stihates would not greatly alter the
results. Benefit transfer will never be able to replace primary study/datkection.

Richardson et al. 2015; Johnston and
Rosenberger 2010; Plummer 2009

There are three approaches to unit value transfers (e.g., $/ha):

1. Use an estimate from a single source that is very similar torleeof interest in all ways

2. Apply an average value from several stsdi

3. Use administratively approved values

An alternative approach is to use a willingness to pay function or a bhéraefsfer function (but these ca
be much more time and resource intensive)

Richardson et al. 2015
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The more closely the benefit transfer meets the following criteria,tioee valid it will be:
- Based on adequate data
- Sound economic method
- Correct empirical technique
- The nonmarket commodity valued at the study and policy sites (AOIl) are alentic
- The populations affected by the nonmarket commodity at the study and psitiey have identical
characteristics
- Similarity between sights is of the utmost importance (e.g., populaficesources, markets, and other
site attributes
- Assignment of property rights at both sites must lead to the same thieatt appropriate welfare
measures.
- Full and consistent reporting of information on the current environmegtallity of the sites
- Use objective, quantitative measures of quality
- Use consistent definitions and measurements of demographic data
- When necessary, use average values of study-specific variables
- Distinguish between intermediate ecosystem services and final ecosgsi®ines for valuation (e.g.,
farmers benefit from increased soil quality and global population hebm mitigated climate change
- Define ecosystem services in benefit specific terms
- Care should be taken to not double count benefits
- Particular attention should be given to:

- scope (i.e., non-constant marginal value of ecosystemces)

- geographic scale (i.e., values estimated at one scalet dgnerpanded to another scale via a
convenient index of area such as hectares or acres)

- substitutability (i.e., that the value in the policwatmn can be substituted with value from the
study location)
- Transfers of measures of economic value should be based on considerthe entire original
valuation study context
- Temporal components of transfers are important to consider @@mparing studies from very differer|
times may be difficult to advances in methodologies and older studasnm longer be appropriate)

Richardson et al. 2015; Johnston and
Rosenberger 2010; Plummer 2009

Use of measures of central tendency (e.g., average) may be preferable te@ptimates in two cases:

1. There are multiple sites meeting the criteria for a valid transfer

2. No studies meet all criteria for an ideal transfer. Usingageralues may cancel out some biases 0
individual studies

Richardson et al. 2015

Greater similarity (i.e., correspondence) between the original studyasitethe policy site of interest
typically leads to smaller transfer errors. Site characteristiesonly one of many considerations thougth

so site similarity in and of itself is not enough to guaranteala benefit transfer.

Richardson et al. 2015; Johnston and
Rosenberger 2010; Plummer 2009
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It is the role of both practitioners and policymakers to understand the aold limitations of benefit
transfer and to communicate what they are. Both should be aware that carbksefit transfers can
result in highly biased estimates and may hinder the continued integratioatofal resources values
into decision making.

Richardson et al. 2015

Programs such as INVEST and ARIES should be used onlyt-asita dirder-of-magnitude value estimate

INVEST:
https://naturalcapitalproject.stanford.edu/soft
ware/invest-models/carbon

ARIES:
https://aries.integratedmodelling.org/carbon-
sequestration-storage/

Richardson et al. 2015

The most effective way to reduce transfer errors is to build a bedection of primary ecosystem
service valuation studies that lend themselves to benefit trangfgencies should strategically fund
original studies whose purpose is to fill priority gaps the literature for use in benefit transfer.

Richardson et al. 2015; Plummer 2009

Greater interaction between researchers and policy makers could reshroe limitations in benefit
transfer

Richardson et al. 2015

Appropriate transfers require an understanding of the underlying quantitielscaralities (i.e., definitions
of non-market goods) at both study and policy sites.

Richardson et al. 2015; Johnston and
Rosenberger 2010; Plummer 2009

Some bias is inevitable in benefit transfers as implicit assumptiensaeely satisfied. Two primary
implicit assumptions are:

1. The underlying body of valuation literature is a random, unbiaseglgaofi the population of empirica
estimates and

2. Empirical estimates provide an unbiased representation of true, widgrtesource values

Johnston and Rosenberger 2010

If biases can be identified, then practitioners should attempt to mirénttiem or explicitly account for
them

Johnston and Rosenberger 2010

In identifying the extent of the market for any given benefit transfer, the priactér must consider two
related questions:

1. What population is assumed to have a value for the environmental changestion?

2. What are the expected patterns of preference or value over the sgatiaht of the market (i.e., does
the willingness to pay change systematically over space?)

Johnston and Rosenberger 2010; Plum2@d9

Benefit transfers over long time horizons are less certain degpitasion of methods that attempt to
address them such as discount rates.

Johnston and Rosenberger 2010

There is a recognition that improved reporting, documentation andetfisnation of study methods and
data would provide a means to conduct more valid transfers, but acadeceatives are misaligned wit|

this need

Johnston and Rosenberger 2010
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4.3 Spatially Explicit Mapping of Ecosystem Services
Although availability of data is limiting, methodology ttmel for spatially explicit scenario analysis
related to LULC and carbon sequestration and storage (or other ecosystem senapp#)aris
available. For such analysis | recommend referencing Tvoy t ] o « }{2P®6) suggested methodology
for mapping ecosystem services (Fig. S8X0hs]vP /E]*3]vP «}(SA E +p Z + 8Z E SuE o
Integrated Valuation of Ecosystem Services tool (Sharp et al. 2ea2py P A]$8Z dE}C v t]Joe}v[e
suggested methodology for mapping carbon sequestration and storage analteivprovides could
provide a relatively quick and affordable means of performing policy relesa@artario analysis.

I do highlight again however, that the lack of standardized and teliddta at appropriate spatial
and temporal scales is a significant barrier. Using the methodologiesstedgghere without
appropriate estimates of carbon storage and/or sequestration related to the LypleS of interest in
the analysis should be avoided. Richardson et al. (2015) wfote,/v }3Z E A}E «U 3Z (0]% ] }
vuu & ] 88 CE S$Z v v} vpu EJ[ ] 82z § » vpu E-X[ C/ EIA SuiEoo
cautionst if we abuse the methods presented here, providing flawed estimates dR@iefrom climate-
related ecosystem services may permanently damage the confidence that the aolpolicy makers
have in our ability to meaningfully include natural resources and ecasyservices in policy decision.
Such a loss in confidence could undermine the inclusion of sudidewations and science-based
decisions in policy making. The proposed methodology here shoulegfunotivate the notion that
funding agencies should be directing funds to origirstudies aiming to fill priority knowledge gaps
related to benefit transfer which is the largest bottleneck to quickly, easily, and confidentiynasing
the ROI from various LULC scenarios.
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Fig. S3.10Suggested methodology for mapping of ecosystem service$o 8 (E}u dE}C v t]Joe}v[e ~Tii0"
Mapping Ecosystem Services Methodology

1. Define the area of interest.

a. The area of interest must be carefully defined because sometimes small adjustments to
the boundaries of the area can have large impacts on the estimated value @ddvyd
the ecosystem service of interest.

2. Investigate GIS data of the area of interest to begin developing atyptl6gy that is of
relevance to the analysis.

a. Thatis to say, identify LULC types that provide enough detail tonperfeeaningful
analysis.

b. As part of this stage, some preliminary literature review may be conduotetentify if
needed information is available. Needed information, for example, mdydadhe
potential carbon storage of a given LULC.

3. In-depth literature search and analysis.
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a. Empirical studies from similar contexts are collected and analyzed to exata@tion
coefficients (e.g., value of the potential carbon storage per area [$/ha]) @roth
relevant coefficients (e.g., potential carbon storage per area [tC/ha]) of the different
LULC classes.

b. Suggested data to be collected includes the ecosystem services of interestdebgn
sequestration and storage), the LULC type to be valued, the valuatidrothesed, the
year of the study, and the per area value estimates, among other attributes.

4. New LULC map creation.
a. Combine relevant data layers to create a final LULC map.
5. Total value calculation

a. Assuming the data was located in step 3, after assigning each mapping.gnitgster
cell) a LULC type, then the value per area can be multiplied by the ageatofmapping
unit generating an estimated value for each mapping unit.

b. Similarly, the total value provided by a given landcover type caraloeilated by
summing the values provided by each mapping unit classified as that kzrdype.

c. If the value being transferred is not a monetary value, then following theiguswwo
steps (5a and 5b) there will be a need to multiply the transferred value Imta u
monetary value (e.g., $/tC).

6. Geographic summaries

a. Summaries of the results can be aggregated to geographic extents of interest, such as

towns, counties, watersheds, or other areas of interest.
7. Scenario analysis

a. Different LULC scenarios can then be investigated by changing theyipdk@dsociated
with the mapping units. For example, if an agricultural area is undwideration for
development, then those mapping units representing the area can be chandeght
intensity development.

There may be a need to iterate between steps 2 and 3 in order to arrive at@tipihlogy that
is specific enough to allow for differentiation between carbon sequestration/storag¢eictto the
different LULC types, while not being too specific such that relevant slatat iavailable. This step also
provides an opportunity for semi-automating the process by usirgteling methodologies (e.g., k-
means clustering) to automatically generate uniqgue LULC types. There wiluidedtl to be input from
the user to ensure the suggested groups are appropriate for the policy analysis.

Of these seven suggested steps there are two that | found to be limiting faahe
implementation of such analysis. The first and most significant liroitatas my inability to locate
estimates of the carbon storage potential of different LULC types that were ppate for benefit
transfer. This is discussed in more depth in the previous section. The saotafule limitation was
finding good literature about how to value the social benefits of the sstpred and stored carbon. In
fact, as | performed the literature review, | found these limitations t@alm®mmon occurrence for other
researchers as wie[Bagstad et al. 2012; Paustian et al. 2016; Plummer 2009; Tdoywdson 2006).
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It is worth noting that the INVEST carbon model, which lersgdf to the methodology
suggested here, accepts inputs of four carbon pools for each LULC tyygestatting and end times of
the simulation. In the face of such extensive uncertainty this seemaiikeverparameterization of the
carbon model, and other than bookkeeping, the four carbon poolaa@tgplay an important role in the
overall carbon sequestration valuess demonstrated by the Conant et al. (2017) data, the uncerta
associated with overall carbon storage for a given LWy is more uncertain than the relative
improvement in net carbon sequestration as one land useconverted to anotherThis suggests better
options may be approaches such as the one taken IO ET-Planner totthat assumes a constant
sequestration rate over time as one land use is converted to another (e.gatéui agriculture
converted to grazing grasslands).

5. Conclusions

Growing populations in the SPRB are driving growing demands for land aed Wéth some
land being developed and other land converting uses due to the trankigai@r from irrigated
agriculture to municipal uses, important policy decisions are beiade that will help shape what land
is conserved, dried, developed, or managed in other ways. For good getiisjons to be made there is
a need for quick, easy, and reliable assessment of various LULC scenarios andtthg ezaiglystem
services (or disservices) that may occur. This report focused on the ecosystere séparbon
sequestration and storage with an emphasis on natural and working lands.

There is methodology available that allows for reasonably quick, easyekaide LULC
scenario analysis (e.dnVES)but there are significant limitations to said methodology being
implemented. This methodology depends heavily on benefit transfer - thigyatisilidentify existing data
that allows certain carbon storages or sequestration rates and their related valiettatsferred from
one scenario (e.g., climate, ecoregion, and LULC type) to anetkeario that is of interest to policy
(e.g., conversion of irrigated agriculture to a native grassland). Benefit traasfedely applied, but still
controversial. The methodology is very easy to implement which ha® liesl applications in
inappropriate situations. This widespread application to inappropriatalitions has led to calls to use
extreme caution as to not abuse the methodology and underminertbleision of ecosystem services in
policy making (Plummer 2009; Richardson et al. 2015; Troy andri/2i65).

Nearly all aspects of quantifying the ROI from climate-related ecosysterseseinclude
significant uncertainty. The amount of biogenic carbon stored bywafiand uses is highly variable with
many factors driving the potential of carbon to be stored. GHG emissioneanaps even more
difficult to generalize as they depend heavily on development form, indiligirocesses, and other
attributes that are difficult, if not impossible, to generalize. E¥arsiimates of carbon sequestration,
storage, and/or emissions are made there is still large uncertainty in estigntite value of a
sequestered ton of carbon, for example. The ROI or value of sequestered and storedaramitigated
GHG is typically taken to be the social cost of carbon avoided. White@pade, this definition leads to
uncertainty related to the potential effects of climate change and the manetalue associated with it
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as well as uncertainty related to economic discounting and the ovieratlulation of value (i.e., what
variables are included, and which equations are used).

Many efforts focusing on climate-related ecosystem services have focused asdatgs (e.g.,
state or national). When considering policy decisions at the scale@PRB or even smaller areas
within the basin however, many of the approaches and the data usedalysas at larger scales are
0]l 0C V}S %% E}% E] § X tZ v }ve] E]JVP G%eSE BXC %O%50t 16 «~ WXEXY
of acres or smaller), a higher resolution of temporal and spatial data is nega¢étthat data has been
collected, applying benefit transfer must be advised against. More appropriateadgtnclude those
used in theCOMET-Planner taoThe COMET-Planner tool is based on extensive literature review by
experts and provides county specific estimates of the relative improvemerarbon sequestration (or
reduction in GHG production) between two scenarios. By considering thgelwdrone land use type
(e.g., irrigated agriculture) to another (e.g., natural grassland), Masaduch as climate, which have
significant implications for total soil carbon storage, are removed. Euribre, the COMET-Planner tool
only considers well documented scenarios related to natural and working lanid$cas not attempt to
consider the tradeoffs of converting natural or working lands to developedsla@omparing the overall
carbon budgets of natural and working lands with the budgets of deeeldgnds is desirable and
necessary for robust tradeoff analysis of LULC scenarios, however, the limigeavddtibility and
inability to generalize the carbon budgets related to developed lands makétppropriate at this
time. As more data becomes available then tradeoff analysidl wecome increasingly easy, accurate,
and appropriate

5.1 Challenges and Cautions

There are many challenges and cautions related to understanding the tradeoffs belhhé€h
scenarios and the associated climate-related ecosystem services. Here | proletiediats
highlighting some of those challenges and cautions.

x Although technologies to quantify carbon concentrations in @ilst and have been used for
decades, there is a problematic lack of standardization across measurement efforiedappl
methods can be expensive and time consuming while results often suffer fromtindiboise,
and there is extreme heterogeneity in soil carbon stocks so it is difficgkneralize point
measurements to landscapes (Paustian et al. 2019)

X There is a critical need to standardize urban carbon monitoring andtiegavith perhaps the
most essential need being operational measurement and monitoring (Gurredy 2015).

X Many studies and/or tools looking to perform or enable carbon sequestratenario analysis
related to LULC, rely on benefits transfer which can be easily misapplied resultinglid and
erroneous estimates. Abusing benefit transfer by applying it in scenarios where adeatpiatis
not available (in quality and/or quantity) may undermine the in@dosif ecosystem services in
policy decisions (Plummer 2009; Richardson et al. 2015).
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x The condition of additionality seems to run the risk of payingléamers and/or managers that
have historically implemented practices that are unhealthy for the land wioitgpaying those
have implemented practices that are healthy for the land.

X Socioeconomic considerations should be included in scenario analysedred payments for
ecosystem services and/or conservation. There is a risk of exacerbating soocimgécon
]Jv <p 0]8] ¢ ¢} ]85 *Z}puo oA C- | U ~"AZvak HeckervandZz} v (] _
Bastiaensen 2010).

X Landowners must be included in policy decisions and scenario analgséesirel payment for
ecosystem services or conservation. It is not clear that the agrarian coities of Colorado
which may stand to benefit the most from such programs, are interested incjiaating in
them.

5.2 Relevant Questions, Suggestions, and Take-Home Messages

During literature review and exploration of tools related to LULC, ecaisyservices, and
scenario analysis several questions and suggestions were identified. Here | prudigetedints with
some of those questions and suggestions. This list is by no means méangxbaustive.

5.2.1 Questions
x If additional trees are planted in urban and peri-urban areas, what are the potegtigrgies
and tradeoffs between enhanced GHG sequestration and storage and water resources related
implications (i.e., water demand and potential changes in recharge)?

X Should water used by trees that were planted for carbon offsets or other e@msystrvices be
considered a consumptive use?

x If a landowner receives revenue for services provided by their land, but less revenughban
the land was under agricultural production, how is the local econaffected? For example,
when the land was under production then it likely created jobs and had ditbeefits to the
local economy, whereas payments for ecosystem services provided by land decestarily
create jobs.

x Are the landowners living in the SPRB interested in policy that may payftnaranservation
and/or directly for ecosystem services?

x What is the overall impression of such policies and programs in the agcamamunities where
they may be implemented?
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x With respect to payments for carbon sequestration/storage/mitigation, who paysadral
benefits? There is a misalignment between those who provide the service (i.eowaark),
those who pay for the service (i.e., taxpayers within the relevant area), and those wdioeerec
the benefits of the service (i.e., global population). This misakgmmay lead to increased
challenges for such programs being accepted by the local population. ddeigdencaveat is that
farmers who adopt carbon sequestering practices may find improved soil health edmcilso
lead to more consistent and resilient production in the face of drowagitt changing climates.

X If it can be more conclusively shown that the practices that may leadrtmon sequestration
and storage in working lands also lead to better soil health which in leaadls to better
agricultural production and lower risk, is there any opportunitydgriculture and farming
insurance companies to offer incentives for those practices?

5.2.2 Suggestions and Important Taketome Messages
X When looking to direct funds to promote climate-related ecgstem services, funding agencies

should place an emphasis on original research aigito close priority knowledge gapsviore
specifically, the largest bottleneck in the methodology proposedimrport is the lack of
adequate data for applying benefit transfer. Extensive efforts need to be (and aré) being
undertaken to produce more and better estimates of carbon sequestration and staratje
GHG production related to various LULC typesmore data becomes available then tradeoff
analysis will become increasingly easy, accurate, ap@rapriate.

X Uncertainty associated with overall carbon storage for iwen LULC type is more uncertain
than the relative improvement in net carbon sequestraticas one land use is converted to
another. For example, assuming the carbon storage in an irrigated corn field in i lalimate
with clayey soils is similar to that in an irrigated corn field in ath@nmate with sandy soils
entails much more uncertainty than assuming either of those fields isectet/to a natural
grassland (i.e., climate, soils, and other factors can have more influersglararbon than
management practice).

X Uncertainty in the ROI of climate-related (or other) ecosystesrvices increases as we project
farther into the future. Related policy should avoid making any assumptions far into the future
and should focus on relative improvements in the near-term (i.e., sgrdecades).

x Despite its limitations, the benefits of convenience, speedddow costs make a benefit
transfer approach the most appropriate methodology forecost and timely estimates of ROI
from ecosystem services such as carbon sequestrati®ut extreme caution should be taken as
to not abuse the ease with which such methodologies can be appliedl @Gada is required but
hard to come by!
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x Lands will eventually reach an equilibrium with regato carbon storage, where the net
amount of carbon being sequestered is essentially zeéthen applying methodologies that
assume constant sequestration rates over time, caution should be taken to prajetting
those sequestration rates too far into the future.

X One of the most obvious possible synergies between tloalg of the Colorado Water Plan and
Jo}JE Y[+ oJu d u ]8]}ve ] 3Z Ju% @FE w3]}§ IAG3Z E }v
sequestering practices on crop and rangelands.

6. Existing Tools to Assist in Prioritizing LULC
This report focused on the ecosystem services of carbon sequestration and/or otimgrsato
help mitigate climate change. While an important ecosystem servitefat from the only one.

JOJE }[+t 3 E Wo v o} ] v3](] * (ondatidEn, Rvater grificatiofoéosios 3
control, dilution and flushing of contaminants, and habitat piton as ecosystem services. While
these services were not the focus of this work, here | present seven onlirethatimay assist
evaluation and prioritization of land conservation programs based onwagoosystem services. To
illustrate the outputs and utility of each tool, when possible, plagad them to three areas of interest in
§Z "WzZ W GouhAEte[River Heritage Progrdin ' B doi@FRange Expected Growth Area

v dZ} E vNdrthpfn Propertiesn Weld and Larimer Counties (Fig. S3.11).
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Fig. S3.11Three AOIs in the South Platte River B&sighton, Greeley, and Thornton are marked by red points. Polygons
represent three areas of interest to which the tools of interest wepelied.

A general summary of the tools is presented below in Table S3.3
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Table S3.30verview of 8 tools that provide different data and as@lyhat are relevant to land use planning with respeat¢osystem services

Tool Website Suggested Use(s) Data/Analysis Scale of Notes
(Hosting Org) Available Data/Analysis
Resilient Land| http://map | { ¢35 ES]VP %}]| { Z *Jo] vS ]88 ¢« {1 { % v ¢ }v § X/ {Z ¢Jol]vS8 0oV U %%]VF
Mapping tool | s.tnc.org/re | conversations with local | landscape diversity, local| project shape files to be | a nice output of summary statistics
silientland/ | communities, indigenous | connectedness, geology | drawn or uploaded as a | including the number of acres in eact
(The Nature tribes, land trusts, and soils, elevation, zipped .shp file. Analysis | category (e.g., # acres in 'Resilient,
Conservancy)| https://ww | agencies, corporations, | landforms, migration performed on data falling | Diffuse Flow, Recognized
w.conserva | and funders on how to space for tidal habitat) within the polygon drawn | Biodiversity').
tiongatewa | coordinate conservation or uploaded.
y.org/Cons | efforts to increase our { Z +]Jo]lvs v I { &}E 5§ €E }v { & AlJo o (}JE& }Avo
ervationPra| collective impact and network (resilient to forested 30 m pixels of by state, or by region at:
ctices/Clim | sustain nature. biodiversity loss due to NLCD data. http://www.conservationgateway.org
ateChange/ climate change, flow of { "}]o }EP v] ( /ConservationPractices/ClimateChan
Pages/Clim| { , o %entify sites species along connected | 250 m resolution e/Pages/RCN-Downloads.aspx
ate- (ecosystems) that are corridors, biodiversity) resampled to align with
Resilience.g more likely to be resilient 30 m resolution NLCD { "}tu E }v § ] Alag
SpX against climate change, | { & data available ag data and includes 'forest ecosystem carbon' and soil
meaning as the climate | Forest Ecosystem Carbor| estimates for the top 30 | organic carbon, but this data does nd
changes more resilient (2010 or 2015), potential | cm of soil. seem to be available for download.
sites are likely to sustain | forest ecosystemcarbon| { @& }v § ]« v]
themselves better than sequestration (2010- available for download.
less resilient sites. 2050), and soil organic
carbon, but this data doeg
not seem to be available
for download
Farms Under | hitps:/icsp- | { & Eues hv @& d1 { D % }( % @E} p § { & %% &E+ 5| { }Avo} 0 *% S] o §
Threat: The | fut.appspot | provides actionable versatility, and resiliency | based on 30 m resolution| available by request, and it may take
State of the | .com/ information on the (PVR) values for 2016 data, but analysis is only | 30 days or more to get a reply. Data
States location and quality of (higher values indicate available at the state may be requested here:
agricultural land, the higher suitability for long-| scale. https://survey123.arcgis.com/share/3
(American threats posed by term, intensive crop 8d2e46cec64288b53d235fa7cf7d40
Farmland development, and state- | production, especiallyfor| { § u C E <yl { /S ot seem to be possible to
Trust) level policies that can helj food crops) however get a summary of a user-defined ared

protect farmland and
ranchland.

{ D % }(fedeval

farmland and rangelands

Summaries are only provided at a
state level.
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{ E} Jo]mdusg
report of specified areas
other than states and the
entire U.S.A.

that were converted to
other land uses between
2001 and 2016

{ E §]}v coC ~]P
agricultural land (2016)

{ KE]P]v oo 8§
https://csp-
fut.appspot.com/downloads/AFT_FU|
_SoS_Appendix%20ll.pdf
{ "}lo }EP v] -8Hchv (}(
depths is available at:
https://daac.ornl.gov/cgi-
bin/dsviewer.pl?ds_id=1737

*JUE -

Carbon https://car | { /v }JE& @& $} A| { /v op + P vepu| County, state, region, or | The CaRPE T®dIscales the emission
Reduction pe.shinyap | current and projected every five years between | national level reduction coefficients (ERC) extracte
Potential ps.io/Carpe| GHG mitigation potential | 1997 and 2017 including: from the COMET-Planner tool to the
Evaluation Tool/ we developed the { &}%o0 v E - county level by coupling the
(CaRPE) interactive Carbon cropland, commodity- coefficients with acreages from the
Toolj Reduction Potential specific, and fallow/idle USDA Census of Agriculture

Evaluation (CaRPE) acres and (AgCensus). See page 44 (appendix
(USDA-ARS ToolTM to quantify and {'E& 1]vP o v d in the COMET report for details on
and American visualize county-levelGH{ { dZ E & u v( emission reduction coefficients
Farmland emission reductions conservation practices (https://planner-prod-dot-comet-
Trust) resulting from the available to evaluate the 201514.appspot.com/static/media/C(

implementation of a suite| impact of those services MET-

of cropland and grazing | at different levels of Planner_Report_V1lLegacy.d4f77ec§

land management adoption df)

practices. {DvGg }3Z E 3§

the AgCensus

{dz ZWT™gk}}o

designed to provide high

level estimates (i.e.,

county/state) that can be

used to generate maps

and data to inform and

prioritize conservation

planning and practice

implementation.
Colorado https://csu | { /vS v §} ee]el { /v(}EuU S]}v Iv | { N ue §Z E ]\
Wetland rams.maps.| identifying wetland and location, extent and type | in analysis. Rather, the
Inventory arcgis.com/| riparian areas and of wetlands in Colorado | data is just presented

apps/weba | provides only potential allows land managers anq within the state of

(Colorado ppviewer/i | and approximate state agencies to make | Colorado.
Natural ndex.html? | locations of the features | informed decisions about
Heritage id=a8e4376| mapped. The data showr| wetland resources. { d}}lo ] P}} (}C&E
Program) 0cb934a50 | are not intended for exploring data within the

regulatory purposes and

state as along as a
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84e89e469
22580cc

do not serve as a
jurisdictional delineation
for any local, state or
federal purposes.

{dzZ }o}E& }t§
Inventory Mapping Tool
displays several datasets
depicting the location and
classification of wetlands
and riparian areas in
Colorado.

{ E.W[- Ho}E
Wetland Inventory
mapping tool shows
detailed wetland mapping
created by the CNHP, U.S
&l*Z v tlo o](
National Wetland
Inventory (NWI) program,
and several other
partners.

summary report is not
desired.

Colorado
Watershed
Planning
Toolbox

(Colorado
Natural
Heritage
Program)

https://csu

rams.maps.
arcgis.com/
apps/weba

ppviewer/i
ndex.html?

id=0e2d5ff

b9f1745fbb
e4f92806a

7048eb

{ Iv8 v assist
wetland managers,
landowners, and
enthusiasts with
incorporating wetlands
into watershed planning,
restoring wetlands, to
improve watershed
health, and identifying
opportunities for wetland
conservation. The data
displayed in the Toolbox
are not intended for
regulatory purposes and
do not serve as
jurisdictional delineation
for any local, state, or
Federal agency.

{ JU% E Z ve]A
resource for incorporating
wetlands and streams intg
watershed planning,
restoring wetlands to
improve watershed
health, and identifying
opportunities for wetland
conservation.

{dz d}}o }£& v
interactive mapping

platform that allows users

{ U%Z *]* }V HU%o
South Platte River Basin
and upper Arkansas Rive
Basin

{>vVv e %
index 2016, Land
Management (from
COMaP v 10), EPA Level
EcoRegions, River basin
boundaries, County
Boundaries

{ K3z E 3§ A ]
but only for limited area
outside of the South
Platte River Basin

]e8pd

{ Dny Toolbox data
layers have statewide
coverage, while some
more detailed layers for
wetland functions and
priority conservation and
restoration are building
out from the Arkansas
and South Platte
Headwaters Project Area.

{ Z %}ESs E& }
produced for the narrow
area southwest of Denver
and east of Fort Carson
and Colorado Springs.

{ v v§8 € o} §]
name, draw a polygon, or|
upload a zipped shape file
to get summary

{ & (Elu AlJo o oC(C
downloadable, and the tool does not
produce a summary report except for
a narrow area.

{ >} JvP <Z % (]o
any information from the layers as
expected.

} |

{'"v & ooCU / ] v}8§ (]
easy to use, and it rarely produced
results as anticipated.

X
NI

{ } vy *Z}po & %0
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to view wetlands,
streams, likely aquatic
ecosystem functions,
ecological stressors, and
high-priority sites for
conservation and
restoration at the
landscape scale.

{ o}vP A]$Z P }-
data, the Toolbox include
a gateway to a variety of
other restoration and
conservation resources
via the Working in
Wetlands web pages.

Colorado
Ownership,
Management,
and
Protection
database
(COMaP)

(Colorado
Natural
Heritage
Program)

https://cnh
p.colostate.
edu/projec
ts/comap/

https://co
map.cnhp.c
olostate.ed

u/comap/

{ WE]Ju EJoC %o(
of protected lands,
including both public and
private lands

{ }ve dipA

%0 VV]VPIl v oC-
tourism and promotion

{ov <ule]s]ivl
£ Z vP « { %o %o
and land values

{dz& 8 v Y

Endangered species
*HEA C+ { E 3pd
investments
{ o] S ee oo VS
priority habitat
identification
{ }ve EA E]}ent
e 0]v E %}ESH
optimization tool support
{ uEP VvV C « EA
cultural and historic
preservation planning
{ o }vdnge strategic
%0 vvlvP { Ao
management goals

{ State's premier map of
protected lands

{ &]v 0} 0 }% Vv
natural areas, parks, and
conservation easements
{1 v8](C Az] z
ecosystems or species
lack adequate protection
{ voCl % 33 G
identify wildlife corridors,
or find stakeholders and

partners

{ o po § §Z
open space

{tSo Vv U % %]V

{ WE}u}s CluE
areas or scope out new
areas to protect
{/7¢Cuv  Iv(}
to support these tasks an
more, COMaP is the
dataset for you

{d EE *SE] o
System Patches (2011)

{ "% ]+ }E v Sp
communities that are

currently, potentially, or

{  %ads on data.

{ A ES]s +» 87 &
project shape files to be
uploaded with
subscription, but | was no|
able to utilize that
function.

{~ EA] ]+ A ES3]- .
notes and your own shape files to be
added to the map, but on testing this
| found they are only allowing for
notes and shape files to be uploaded
to COMaP, and they do not show on
the active map.

{ KDW ]« }((E - -
requires a free annual subscription.
Check out our website at
https://comap.cnhp.colostate.edu/

Subscription benefits include:

Access to the online interactive mg
where you can load in your Google
map layers or zipped shapefiles,
download spreadsheets, and add
notes to the map

A download page to access the
latest GIS files, with options to host
your own map service for outward-
facing websites

Biannual data update

{ K y «Z}po E %0
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{] vS](C]VvP % (
{1 vSI(C]vP o]v
corridors

{ % E®u]ssS]vP {E
uv P uvs { ]e

support
{ Aloov (JE u
{ (LSPE A & E -
options

{ %0 vv]vP (}E 3
outdoor recreational
planning

{ usJo]sC A}EI {
AE]S]vP { *§ 1 Z
identification

historically located on 7.5
minute quadrangles
{*8 3 Al %}8 v
conservation areas
Statewide networks of
conservation areas

{d EE& *SE] o
System Patches

{ }v(o]l § A}] v
more ...
Colorado https://cnh | { /v op » <« 8§ }(| { oo }( KD W { v oCe]e «Z}po | Thistool is not yet available
Conservation | p.colostate.| support conservation functionality available at any scale (10/4/2021)
Data Explorer| edu/maps/ | planning, environmental
(CODEX) codex/ review, evaluation of { HE]JvP 8Z 3Ju| { Kv 8Z 3&}}o ]
conservation portfolios, | apprenticeship | never operational the intention
(Colorado education, and more. gained access to this tool| is to allow for a polygon
Natural so was unable to fully to be drawn or a shape
Heritage { /5 o00}Ae« pe+ E4 explore the data and file loaded, to define a
Program, develop project maps and analyses available project area and then the
Colorado run queries, save them tool will produce
Parks and securely in a personal { <+ }v 8Z A |\ estimates of different land
Wildlife, and portfolio, and submit provided by the kind use/land cover types in
NatureServe) them for review to people at CNHP, this will | the project area and the

multiple stakeholders.

{ K ype & Alo
to access an extraordinar]
range of pertinent data in
context with project
boundaries.

be the most useful tool in
terms of land-use
planning and estimating
return on investment
from various ecosystem
services which are tied to
a given land use or land
cover, although |
recommend proceeding
with extreme caution if
using their values until

associated return on
investment with respect
to ecosystem services
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they become further
refined

{dZ u §Z} }o}P(
used to estimate the
ecosystem services and
return on investment do
not seem adequate to
provide such specific
values and little
consideration of
uncertainty was included,
at least in the early stage
of the tool (as of
10/4/2021)

{dz S§}}o ] A%
develop over time with
added functionality and
improved estimates.

COMET
Planner

(USDA-NRCS
and Colorado
State
University)

http://com
et-

planner.co
m/

This evaluation tool is...
{ designed to provide
generalized estimates of
the greenhouse gas
impacts of conservation
practices

{lvsv (}E ]v]
planning purposes

{ ~}Specific conditions
(not evaluated in this tool
are required for more
detailed assessments of
greenhouse gas dynamic
on your farm.

{ Wo visit COMET-
Farm if you would like to
conduct a more detailed
analysis

{ Aop 3 %}3 v
carbon sequestration and
greenhouse gas
reductions from adopting
NRCS conservation
practices

{ WEIA] - & P]]
specific estimates based
on state and county

{ onservation practices
generally include
'‘Cropland Management',
'Grazing Lands', 'Wood
Plantings', 'Cropland to
Herbaceous Cover', and
'Restoration of Disturbed
Lands'

{t]1§Z]v Z P v d
category of conservation
practices there are severa
more specific options

{ uleel}v @ p 3]
coefficients were largely
derived using a sample-
based approach and
model runs in COMET-
Farm, which utilizes USD|
entity-scale greenhouse
gas inventory methods.

{ P ((T]vse AE
generalized by multi-
county regions defined by
USDA Major Land
Resource Areas.

{ ulee]}ve <8Ju ¢
represent field emissions
only, including those
associated with soils and
woody biomass as
appropriate, and do not
include off-site emissions|
such as those from

transportation,

The input is simply acreage of the
conservation practices of interest, so
this tool may require some
preprocessing to get those values.
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{ (8§ &® vs E]JvP
estimated acreage for
each conservation
practice of interest
estimates of carbon
sequestration and
greenhouse gas emission
reductions are provided.
These include CO2, N20
CH4, and the results of al
three in terms of CO2
equivalents (tonnes CO2
equivalent per year)

{ 0} % E}A]
emission reduction
coefficients (tonnes CO2
per acre per year)

manufacturing,
processing, etc. More
information on
quantification methods
can be found in the
COMET-Planner Report
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6.1 COMET-Planner

The COMEWo vv & 3}}o0 A U A «]Pv 3} % E}A] P v & o]l *SJu § ¢ }( 8Z
impacts of conservation pragt *U_ v U ~]e JvS v (}& ]v]S] 0 %0 VV]VP %o pE%o}e
carbon sequestration and GHG related scenario analysis in working land settiags tihe best tool out

of those listed here.

6.1.1 About the Tool
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6.1.2 Application to Three Areas of Interest

Out of the tools investigated, COMET-Planner is the most relevamtr@spect to comparing
the carbon sequestration between two scenarios of natural and working lands. iexednt results
from the COMET-Planner tool applied to three areas of interest. Spatigisisalas performed to
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identify privately owned irrigated land in the areas of interest (Fig. S3.12ubkeat is likely the land of
interest when conservation or payment for ecosystem programs are considered. Aftefydenthe

total acreage of privately owned irrigated land in each area of interest, the acretaje were used as
inputs into the COMET-Planner tool which takes county, area, &whalive land management
approach as inputs. The output from COMET-Planner is a total agemadstration rate [tC&,/year].
Using the values in Table S3.1 and equation 1 (Eg. 1.) | then use®OMET-Planner outputs as inputs
to derive a range of realistic values for the ROI from the sequestered carbon camgidéiine of 50
years into the future (Table S3.4). It is important to note that EDNPlanner tool does NOT include any
considerations of uncertainty, so the methodology applied here aogiclers uncertainty related to

the ROI (i.e., social cost of carbon; SCC).

Fig. S3.120wnership of irrigated lands within each of the threeaarof interest.

To investigate the ROI from the conservation practices listed in Taldlel $iBew 500 random
samples from a uniform distribution of SCC ranging from $12 to &008presenting estimates from
around the globe as based on the values presented in Table S3.1. Thenjalsagyof 1, 2.5, 3, 5, and 7
for discount rates and 1, 2, and 4.4 for time preference, | calcuthiedROl after 50 years for all
combinations of those variables along with the three sequestration rates retulby COMET-Planner
from the three conservation practices being investigated (Fig. S3.13)ré&hdted in 22,500 total
estimates or 7,500 for each conservation practice.
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Table S3.4Annual GHG (GCN:O, CH) sequestration and/or reduction inu]e«]}ve ]vif afl of the privately
}Av  JEE]P § E}%o0 v Jv §Z SZE
GHG reduction/sequestration values are in tonnes of €&fivalents per year. ROI values assume 50 years of
sequestration.

Greeley-LREGA Thornton-NP Brighton-SPRHCP
(Weld County) (Weld County) (Adams County)
Acres of privately 20,161 16,152* 1,440
owned irrigated land
Output [units] Seq. Rate ROI Seq. Rate ROI Seg. Rate ROI
[tCOedyear] | [millions$] | [tCQeqyear] | [millions$] | [tCOedyear] | [millions$]
Mean, SD Mean, SD Mean, SD
Conservation Cover 11,522 32.37, 9,231 26.18, 823 2.26, 1.52
(CPS 327) Convert 21.57 16.69
Irrigated Cropland to
Permanent
Unfertilized
Grass/Legume Cove
Conservation Cover 7,833 22.01, 6,275 17.79, 560 1.54,1.03
(CPS 327) Convert 14.66 11.35
Irrigated Cropland to
Permanent
Unfertilized Grass
Cover
Forage and Biomass 5,377 15.11, 4,308 12.22, 385 1.06, 0.71
Planting (CPS 512) 10.07 7.79
Conversion of Annual
Cropland to Non-
Irrigated
Grass/Legume
Forage/Biomass crop

Footnote: *About 22 of the 1682 @& « }( dZ}EVS}v|[e VIESZ EV % E}% ES] *ZE o0}
proportion of property in Larimer County was so small howethext the analysis was performed assuming all
property was in Weld County.

Fig. S3.13 presents the distributions of results for each of the thregerwation practices and
each of the three areas of interest. On the y-axes is the sequestration rate fooé#we three
conservation practices as noted in the second column of Table S&.4-&tis of Fig. S3.13 presents the
return on investment (ROI) in millions of dollars assuming the sequestraties from COMET-Planner
are appropriate to apply 50 years into the future. The area of privately ownigdtied land is the most
apparent driver of total ROl with Greeley producing the greatest ROl anddrigioducing the
smallest. The conservation practices themselves do make some difference wiB2 CPSonversion of
irrigated cropland to permanent unfertilized grass/legume cover producingtbatest ROI, followed
by conversion with only grass (legumes excluded) and then by the camvefsannual cropland to non-
irrigated grass/legume forage/biomass crops. The value of the SCC in eadtisimués the major
driver of the resulting ROI. It is important to note the extreme ureiety, and how it grows with the
area which is being considered (e.g., Greeley included the largest area, arsetfuestration). Average
values of ROI (Table S3.4) ranged from about $1 million to over #8hm
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Fig. S3.13Probabilities of the ROI based on outputs from COMEREHand valuation parameters from literature
review. The y-axis presents the sequestration rates from COMET-Planner. Se&3dblor the related

conservation practices. The x-axis presents the ROl in millions $.

6.1.3 Development of Pre- and Post-Processor App for EasilypRating Analysis

While the analysis presented in section 6.1.2 represents uncertainty as peddmnestimates
of the social cost of carbon (SCC) from around the globe, other estimatgse desired, as estimated
for local areas. To enable easy re-creation of the earlier analysis using diffesteiiiudions (i.e.,
normal, lognormal, and uniform) | created an R-Shiny application vdaictbe attained via emailing me
directly pen.choat@colostate.eduas well agnline. The online version cannot handle large areas
however, such as the Greeley Long Range Expected Growth Area.

The application consists of four pages (Figst 14). The first page (Fig. S3.14) is an introduction
page with some instruction about use. The second page (Fig. 83.15iX & }( /v3 & +3_U o00}A-
upload spatial files of your area of interest in the South Platte River Bagise the three areas of
interest presented in the previous analysis. The third page (Fig. 88.16TX -RlBvd GE_U % E}A] -
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link to the COMET-Planner website and summarized the acreage within the anéerest by

landowner type. The fourth page (Fig. S217 *iX s op §]}v_U o00}Ae §Z pe €& 8} Z}}e
lognormal, and uniform distributions to represent the uncertaintyted SCC and allows the user to

specific the parameters for the chosen probability distribution. After sinmgtihe SCC based on the

specified distribution and parameters, the user can provide the sequestration ratek ate outputs

from the COMET-Planner tool, how many years into the future the useldWite to estimate the ROI,

as well as maximum and minimum values for the discount and time prefenettes. Six values of the

discount and time preference rates ranging from the minimum to maximataes specified are

included in simulations.

Fig. S3.14Introduction page of the PrePostt COMET application
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Fig. S3.15Selection area of interest in the Pr@ostt COMET application
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Fig. S3.16Values from the Pré Postt COMET application to be used in the COMET-Planner tool
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Fig. S3.17Estimates of the Social Cost of Carbon and Retunmvestment from the Pra& Postt COMET
application
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6.2 Resilient Land Mapping Tool
dZ Z «]o] v8 >V D %% ]VvP d}}o[* % EJu EC (uesfontsiteE 35} % E}A]

local connectednesandrecognized biodiversityAresilient site]eU ~ v. & }( o v AZ & Z]PZ
microclimatic diversity and low levels of human modification pfewspecies with connected, diverse,
climatic conditions they will need to persist and adapttoetP]vP & P]}v oLocalu S <X _
connectednestl "@E& ( E-+ S} SZ PE }( (€ Puvs S]J}v v «SCE vPSZ }( EE&E]
movement within a landscape. A highly connected landscape promote€nesilby allowing species to
move through the landscape and find suitable microclimates where theyaasp In this study, we
calculate local connectedness by measuring the amount and configuadttmman-created barriers
like major roads, development, energy infrastructure, and industrial farehi v (}E SEC o v X_ d}
quantifyrecognized biodiversit) Z v SHE }ve EA v CU "~ ee u 0 ]JV(}EU §]}V }V %0
for their biodiversity value (rare species, intact habitat, or exemplary nateraimunities) in separate
studies. These include the results of 67 ecoregional assessments completee lgtlire Conservancy
between 1999 and 2009, which identified sites representing multiplelviekamples of rare species
and natural communities (Groves 2003). Additionally, we revieweddabelts of 48 state wildlife action
plans, and integrated information from 35 of them, to create maps of comsierv opportunity areas
for species of greatest conservation need. We also include recent informatiortifieiatural Heritage
Network (and other sources) on high quality species and community ocag@seand protected land
managed for biodiversity and natural processes (GAP 1). This assessment ensuresnbat/tnk
encompasses the footprint of current biodiversity areas while integrating themnepresentative
abiotic features which underpin that biodiversity, ensuring that networks ofieesisites are

]1*SE] ps E}ee 00 ]}S] ZeS P e[V 8§} YV "EAIEISpuE]0]} |8} AB¢]S

Opposed to recreating the valuable information presented on the ResilientMapging Tool
website, below are screenshots from the website which provide insight aswdhmtool presents
results and what factors are considered by the tool and shown in the results.
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6.2.2 Thornton North Properties (Larimer and Weld counties) as aaxample
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6.2.3 South Platte River Corridor through Brighton as an example
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6.3 Farms Under Threat: The State of the States

Farms Under Threat provides actionable information on the locationgasradity of agricultural land,

the threats posed by development, and state-level policies that cangrebect farmland and

ranchland. &}E 53 & }(]vd & 35U P v & 0 }A EA|UNFIIE Hlovwel@ ]PV](]
relevant policies, and the alignment between the two are reported.

&d[s "8 § }( ™Dn¥ prodiuges summary reports at the state level inhibiting its apphicad
JME & « }(]JvS € 3 ~]X XU "WZ 1EE] }E SEWIuRYIE & REZ¥ }%UE 1 @& 3C
Reports on land conversion and policy summary can be generated for a selected stateabbe
requested from the AFT if finer resolution analysis is desired.

A state can be selected via a dropdown list or by clicking on the stahe map.

Once a state is chosen the dashboard automatically updates all the ismtstreflect the statistics for
that state. See the left side of the above image or the image below.
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A policy scorecard for the state is also available:
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A scoresheet is produced for a selected policy or program type where the states panfmroan be
compared to other states.

6.4 Carbon Reduction Potential Evaluation (CaRPE) Téol

The CaRPE Tool was created to help quantify and visualize countéatt@aetmissions
reductions resulting from the implementation of a suite of cropland and ggaaind management
practices. Results produced by the CaRPE Tool are based on methodolotry deseslop the COMET-
Planner tool, and the COMET-Planner tool seems to be more approfmiaeenario analysis.

The CaRPE Tool executes at the county, state, or regional scale nteahenggalysis of our
selected areas of interest (i.e., South PlaldA E }EE] }E Jv E]PZS}vU '"E o CU v dz
properties) is not possible.
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Area of analysis may include county, state, region (i.e., mulipkes), or national scales.

For the selected area, different metrics are presented. These include total croptégated cropland,
non-irrigated cropland, and area in which the selected conservation praufticeerest is being
implemented.
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The GHG emissions/carbon sequestration effects of various conservation praatides iovestigated.

The percentage of the area of interest incorporating the selected conservatamtiqes can be selected.
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For the specified scenario, output includes acres of the practice, totab@@valents sequestered or
mitigated, and the estimated payout based on the EQIP payment schedule

Estimates of payments per acre as provided by the Environmental Quality IreseRtiogram (EQIP) for
different conservation practices are provided. TB®IP Conservation Incentives Contract (EQIPisCAC)
new enrollment option created by section 2304 of the 2018 FarnaBdIlwill be implemented in fiscal

year 2021. Payment schedules for EQIP are avaitetnée

225



6.5 Colorado Wetland Inventory

dZ }o}E& }t3ov /VA VE}EC JeU ~]vs v etlihd andsgaran dreassdndC JvP A

% E}A] * }voC %}3 v3] 0 V %% E}LE]Ju § 0} 3]IVOPJESZ t(SBNE * U %o %
Inventory Mapping Tool displays several datasets depicting the locatioolassification of wetlands

and riparian areas in Color} X _

This is less of an analysis tool, and more of a data visualizationttdoés not allow for any analysis to
be executed within an area of interest, but rather shows wetland data for the sfaf®lorado.
Therefore, this tool was not applied to the three areas of interest to thigepto

6.6 Colorado Watershed Planning Toolbox

dZ }o}E }t & E+«Z Wo vVv]VP 3}}0 ]*U * Ju% [EEZSYwPAA GoyuE v (}E
streams into watershed planning, restoring wetlands to improve watershed healthidentifying

1% % }ESUV]SE] » (JE A S0 v }ve EA S]}vX_ DV E23][3B}o}® 353 ]Jvou §
that is included in the analysis tool only covers a relatively samedl southwest of Denver and West of

For§ @&e<}v v }Oo}E } "% E]vPe ~&]PUE 0}AeX d@ B P]}13Z ElDOB A]
website, but the analysis tool does not utilize it.
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6.7 Colorado Ownership, Management, and Protection Database (CoMaP)

The primary function of the CoMaP tool seems to provide maps of gemtdands, including both public
and private lands, as well as the entity that owns and/or manages that Tarate is other data
available for download by request via the CoMaP website, but the CoM&Bdes not use that data.

There does not seem to be a functioning ability to analyze an aredeoést, but by downloading the
available data, analyses can be performed independently. It seems that onceX@Odaperational it will
make CoMaP obsolete.

6.8 Colorado Conservation Data Explorer (CODEX)
The Colorado Conservation Data Explorer (CODEX) tool was not availabkedarinog my
apprenticeship. It seems as though it will be the best option, dthe tools listed here, with respect to
p E(JEU]JVP v 0Ce]e }( A E]}pue }*Ce3 u e EA] + v]voou pe €E30}E
tools to support conservation planning, environmental review, evaluadforonservation portfolios,
M S]}vU v ul®E& X_
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APPENDIX Chapter 4

CHAPTER 4 SUPPLEMENTARY MATERIAL

Table S4.1All variables considered in the modeling process. Alias is what the eaigatalled in this text, features is what the variable is called
in the data source and/or in the analysis code, variable classes weredatsyin this analysis, and variable description, units, and source are
also given.

Alias Features Variable Clasg Variable Description Units Data Source

Day Length dayl Climate Day length s/day DAYMET

Precip prcp Climate Precipitation mm/day DAYMET

Solar Radiation srad Climate Shortwave radiation W/m2 DAYMET
Snow water

Snow Water Eq swe Climate equivalent kg/m2 DAYMET
Maximum air

Max Temp tmax Climate temperature degrees C DAYMET
Minimum air

Min Temp tmin Climate temperature degrees C DAYMET
Water vapor

Vapor Pressure vp Climate pressure Pa DAYMET

total precipitation
over previous 12
Precip-LB12 d12_prcp Climate months mm DAYMET

total precipitation
over previous month
Precip-LB1 dl_prcp Climate or year mm DAYMET

mean daily
maximum air
temperature over
Max Temp-LB12 d12_tmax Climate past 12 months degrees C DAYMET
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Max Temp-LB1

dl tmax

Climate

mean daily
maximum air
temperature over
past month or year

degrees C

DAYMET

Min Temp-LB12

d12_tmin

Climate

mean minimum daily
air temperature over
previous 12 months

degrees C

DAYMET

Min Temp-LB1

dl_tmin

Climate

mean minimum daily
air temperature over
previous month or
year

degrees C

DAYMET

Drainage Area

DRAIN_SQKM

Physiography

drainage area

sgkm

GAGESII

Basin Compactness

BAS_COMPACTNESS

Physiography

basin compactness
areal/perimeter"2 *
100

GAGESII

Avg Precip

PPTAVG_BASIN

Climate

Average annual
precipitation

cm

GAGESII

Avg Temp

T_AVG_BASIN

Climate

Average annual
temperature

degrees C

GAGESII

Avg Max Monthly Temp

T_MAX_BASIN

Climate

Average maximum
monthly air
temperature

degrees C

GAGESII

SD Max Monthly Temp

T_MAXSTD_BASIN

Climate

Standard devaiation
of maximum monthly
air temperature

degrees C

GAGESII

Avg Min Monthly Temp

T_MIN_BASIN

Climate

Average minimum
monthly air
temperature

degrees C

GAGESII
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SD Min Monthly Temp

T_MINSTD_BASIN

Climate

Standard deviation
of minimum monthly
air temperature

degrees C

GAGESII

Avg RH

RH_BASIN

Climate

Watershed average
relative humidity

%

GAGESII

Avg DOY First Freeze

FST32F _BASIN

Climate

Average day of year
of first freeze

day of year

GAGESII

Avg DOY Last Freeze

LST32F_BASIN

Climate

Average day of year
of last freeze

day of year

GAGESII

Avg Annual Wet Days

WD_BASIN

Climate

Average annual
number of days of
measurable
precipitation

days

GAGESII

Mo Max Wet Days

WDMAX_BASIN

Climate

Average of monthly
maximum number of
days with
measurable
precipitation

days

GAGESII

Mo Min Wet Days

WDMIN_BASIN

Climate

Average of monthly
minimum number of
days with
measurable
precipitation

days

GAGESII

Potential ET

PET

Climate

Mean annual
potential
evapotranspiration

mm/yr

GAGESII

Snow %

SNOW_PCT_PRECIP

Climate

snow percent of
total annual
precipitation

%

GAGESII

Precip Seasonality

PRECIP_SEAS_IND

Climate

precipitation
seasonality index

GAGESII
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Gneiss

GEOL_REEDBUSH_DOM _gneis

Physiography

If relevant geology
type was dominant
(Lor0

GAGESII

Grantic

GEOL_REEDBUSH_DOM _granit

Physiography

If relevant geology
type was dominant
(Lor0

GAGESII

Quarternary

GEOL_REEDBUSH_DOM_quarter

Physiography

If relevant geology
type was dominant
(Lor0

GAGESII

Sedimentary

GEOL_REEDBUSH_DOM_sedimel

Physiography

If relevant geology
type was dominant
(Lor0)

GAGESII

Ultramafic

GEOL_REEDBUSH_DOM _ultrami

Physiography

If relevant geology
type was dominant
(Lor0)

GAGESII

Volcanic

GEOL_REEDBUSH DOM volcalt

Physiography

If relevant geology
type was dominant
(Lor0)

GAGESII

Stream Density

STREAMS_KM_SQ KM

Physiography

stream density

km of
streams per
watershed

area

GAGESII

Max Strahler Order

STRAHLER_MAX

Physiography

maximum Strahler
stream order in
watershed

GAGESII

Topo Wetness Index

TOPWET

Physiography

topographic wetness
index

In(m)

GAGESII

% Lengths as Canal

PCT_NO_ORDER

Physiography

Percent of stream
lengths without a
streamorder in
NHDPIus (typically
canals, pipelines,
ditches)

%

GAGESII

Number Dams

NDAMS_2009

Anthro_Hydro

number of dams in
watershed

GAGESII
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Dam Density

DDENS_2009

Anthro_Hydro

dam density

#/sgmi

GAGESII

Dam Storage

STOR_NID_2009

Anthro_Hydro

dam storage

mealiter/sgkm

GAGESII

Canals % Length

CANALS_PCT

Anthro_Hydro

Percent stream km
as "Canal", "Ditch",
or "Pipeline"

%

GAGESII

Mines %

MINING92_PCT

Anthro_Hydro

Percent 1992
quarries-strip mines-
gravel pits land
cover in watershed

GAGESII

Power Generated

POWER_SUM_MW

Anthro_Hydro

Sum of MW
operating capability
of electric
generation power
plants in watershed
of type "coal", "gas",
"nuclear", "petro", or

"water"

MW

GAGESII

Basin Fragmentation

FRAGUN_BASIN

Anthro_Land

Fragmentation index
of "undeveloped"
land

GAGESII

Lentic Density

HIRES_LENTIC_DENS

Physiography

Density of
lakes/onds +
Reservoir water
bodies

#/sgkm

GAGESII

Soil Group A

HGA

Physiography

Percentage of soils
in hydrologic group
A

%

GAGESII

Soil Group B

HGB

Physiography

Percentage of soils
in hydrologic group
B

%

GAGESII
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Percentage of soils in

Soil Group A/D HGAD Physiography| hydrologic group A/D % GAGESII
Percentage of soils in

Soil Group C HGC Physiography| hydrologic group C % GAGESII
Percentage of soils in

Soil Group D HGD Physiography| hydrologic group D % GAGESII
Percentage of soils in

Soil Group A/C HGAC Physiography| hydrologic group A/C % GAGESII
Percentage of soils in

Soil Group B/D HGBD Physiography| hydrologic group B/D % GAGESII
Percentage of soils in

Soil Group C/D HGCD Physiography| hydrologic group C/D % GAGESII
Percentage of soils in

Soil Group B/C HGBC Physiography| hydrologic group B/C % GAGESII
Percentage of soils in

Soil Group VAR HGVAR Physiography| hydrologic group VAR % GAGESII
Average value for the

range of available

water capacity for the

AWC AWCAVE Physiography| soil layer or horizon in/in GAGESII

Avg Permeability PERMAVE Physiography| Average permeability in/hr GAGESII

Avg Bulk Density BDAVE Physiography| Average bulk density g/cm3 GAGESII
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Average depth to
seasonally high water

Avg High Water Table WTDEPAVE Physiography table ft GAGESII
Average value of total
Avg Soil Thickness ROCKDEPAVE Physiography soil thickness in GAGESII
Average value of clay
Avg Clay Content CLAYAVE Physiography content % GAGESII
Average value of silt
Avg Silt Content SILTAVE Physiography content % GAGESII
Average value of san(
Avg Sand Content SANDAVE Physiography content % GAGESII
Mean watershed
Avg Elevation ELEV_MEAN_M_BASIN Physiography elevation m GAGESII
Dimensionless relief
Relief Ratio RRMEDIAN Physiography ratio (median) - GAGESII
mean watershed
Avg Slope SLOPE_PCT Physiography slope % GAGESII
Mean watershed
Avg Aspect ASPECT DEGREES Physiography aspect degrees GAGESII
Housing Density TS Housing_ HDEN Anthro_Land Housing density units/sgkm GAGESITS
Open Water TS NLCD 11 Physiography open water % GAGESITS
Perennial Ice/Snow TS NLCD 12 Physiography| Perennial Ice/Snow % GAGESITS
Developed, Open
Dev-Open Space TS NLCD 21 Anthro_Land Space % GAGESITS
Developed, Low
Dev-Low Intensity TS NLCD 22 Anthro_Land Intensity % GAGESITS
Developed, Medium
Dev-Medium Intensity TS NLCD 23 Anthro_Land Intensity % GAGESITS
Developed, High
Dev-High Intensity TS _NLCD 24 Anthro_Land Intensity % GAGESIIS
Barren Land
Barren Land TS NLCD 31 Physiography| (Rock/Sand/Clay) % GAGESIIS
Deciduous Forest TS NLCD 41 Physiography| Deciduous Forest % GAGESIIS

234



Evergreen Forest TS NLCD 42 Physiography Evergreen Forest % GAGESITS
Mixed Forest TS NLCD 43 Physiography Mixed Forest % GAGESITS
Shrub/Scrub TS NLCD 52 Physiography Shrub/Scrub % GAGESITS

Grassland/Herbaceous TS NLCD 71 Physiography| Grassland/Herbaceou % GAGESITS
Pasture/Hay TS NLCD 81 Anthro_Land Pasture/Hay % GAGESITS
Cultivated Crops TS NLCD 82 Anthro_Land Cultivated Crops % GAGESITS
Wood Wetlands TS NLCD 90 Physiography| Woody Wetlands % GAGESITS
Emergent Herbaceous Emergent Herbaceou:
Wetlands TS NLCD 95 Physiography Wetlands % GAGESITS
Ag Sum TS _NLCD_AG_SUM Anthro_Land Sum NLCD 81/82 % GAGESIS
Dev Sum TS_NLCD_DEV_SUM Anthro_Land Sum NLCD 224 % GAGESITS
Imperviousness TS NLCD_imperv Anthro_Land Imperviousness % GAGESITS
Population Density TS Population_ PDEN Anthro_Land| population density person/sgkm GAGESITS
Freshwater 1le6 gal/day-
Freshwater Withdrawals TS WaterUse wu Anthro_Hydro withdrawals sgkm GAGESITS
proportion land as

% Land as Crops TS ag_hcrop Anthro_Hydro harvest crops % GAGESITS

proportion land in

% Irrigated Land TS ag_irrig Anthro_Hydro irrigated land % GAGESITS
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