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Water scarcity afflicts societies worldwide. Anticipating water shortages is vital because of water’s indispensable role in social-ecological
systems. But the challenge is daunting due to heterogeneity, feedbacks, and water’s spatial-temporal sequencing throughout such systems. Regional system models with sufficient detail can help address
this challenge. In our study, a detailed coupled human–natural system model of one such region identifies how climate change and
socioeconomic growth will alter the availability and use of water
in coming decades. Results demonstrate how water scarcity varies
greatly across small distances and brief time periods, even in basins
where water may be relatively abundant overall. Some of these
results were unexpected and may appear counterintuitive to some
observers. Key determinants of water scarcity are found to be the
cost of transporting and storing water, society’s institutions that
circumscribe human choices, and the opportunity cost of water when
alternative uses compete.
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eclining access to water is a significant problem for up to
2 billion people, impairing food production, human health,
economic development, and ecosystem services (1). Water scarcity
can result in crop failures, wildfire, fish die-offs, urban water
shutoffs, and groundwater depletion leading to irreversible land
subsidence (2). Contributing factors include growing populations,
incomes, and a changing climate. Recent droughts in the western
United States have resulted in substantial losses to agriculture and
other sectors, and damages to forests, fish, and wildlife (3, 4).
Water is an integral part of social-ecological systems. Predicting water scarcity and designing mitigation and adaption
policies can be extremely challenging because these systems are
complex and are characterized by nonlinear feedbacks, strategic
interactions, and social, spatial, and temporal heterogeneity (5).
Previous studies have investigated water scarcity at regional or
national scales using aggregate measures of water abundance relative to overall demand (6, 7). Supply has typically been measured as
annual basin discharge, and demand projections have reflected average per capita water use (7, 8). Given the complex role water plays
in human–natural systems, such aggregate approaches may not be
able to anticipate when and where water scarcity may emerge, making
it difficult for policymakers to address rising water scarcity.
This study examines how climate change, population growth,
and economic growth will alter the availability and use of water
in coming decades, using the example of the Willamette River
Basin (WRB), Oregon. The model developed for this purpose
has high spatial and temporal resolution, and detailed representations of economic and biophysical subsystems (see SI Appendix for details). Models of coupled human–natural systems
take many forms (5, 9). Where markets and incentives partly
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drive allocation and use of land, water and other resources
have been integrated in human process and biophysical models
in a simulation or optimization framework (e.g., refs. 10 and 11)
including climate-economy models (12). The main components
and linkages of this model are characterized in Fig. 1, indicating
how human uses of land and water interact with flows of surface
and groundwater, mediated by water rights, markets, and regulations. The goals of the study are twofold: first, to understand
where and when water scarcity may arise and to recognize the
factors contributing to, and potentially mitigating, future water
scarcity; and second, to assess the importance of a high level of
system detail to gain insights into emerging water scarcity.
The results are illuminating in two main ways. First, the model
reveals unexpected changes in water availability and use arising
from interactions between human and natural subsystems. In some
cases, feedbacks or indirect effects in one component of the model
offset expected direct scarcity impacts. Second, the model demonstrates that water scarcity, defined as the marginal value of a
unit of water (13), varies significantly across small distances (meters) and brief time periods (days), even in our study basin, where
water is relatively abundant overall. There are three key contributors to water scarcity: (i) the costs of transporting water across
locations, storing water over time, and transforming the quality
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Fig. 1. Diagram of WRB model components and linkages.

of the basin’s population is concentrated in the Portland Metro
area (Fig. 2A).
The basin’s hydrology is notable for the mismatch between
winter inflows and summer demand. The valley is prone to
flooding from November to March due to precipitation on saturated soils, atmospheric rivers, and snowmelt (15), whereas
streamflows are lowest during the dry summer farming season.
The Willamette Valley is one of the most fertile agricultural
regions in North America, with about 1.5 million acres of farmland,
30% of which has irrigation water rights. Human uses of water are
governed under western US water law by a seniority system, environmental regulations, and public infrastructure, including 13
federal dams constructed for flood mitigation but also providing
hydropower, storage, and recreation. In addition, large instream
flows are protected for navigation, pollution abatement, recreation,
and aquatic habitat.

Modeling the WRB, Oregon
The WRB faces water scarcity due to declining snowpack, population growth, rising demands from agriculture, and the effects of
warmer air temperatures on forest health, wildfires, river temperatures, and endangered fish. The WRB covers 29,728 km2,
∼12% of Oregon’s land area. The Willamette River—a major
tributary of the Columbia River—is the 19th largest river in the
United States. Its mainstem is 301 km long, flowing north between
the Oregon Coast and Cascade Ranges. The WRB is home to
over 70% of the state’s population of nearly 4 million. Two-thirds

basin’s major human and natural systems with high spatial resolution (160,000 polygons averaging 18.6 ha in size) and daily to
annual timescales from 2010 to 2100 (Fig. 1). Exogenous elements
include daily meteorology (temperature, precipitation, humidity,
wind, radiation) for three representative climate change scenarios
derived from regional climate data downscaled to 4-km resolution
(16–18), and annual population and income projections.
Annually modeled processes include spatially explicit forest
growth, harvest and wildfires (19), endogenous land values and
land-use changes (predicted using empirically based functions
adapted from refs. 20 and 21, respectively), endogenous regulatory
adjustments to urban growth boundaries (similar to ref. 20), water
rights, crop choices, and irrigation decisions (22). Daily modeled
processes include spatially referenced routing of surface hydrology
based on algorithms developed by Bergström and others (23, 24).
Snow accumulation and ablation uses a modified version of the
Hydrologiska Byråns Vattenbalansavdelning (HBV) degree-day
model of Seibert (25). Evapotranspiration of forests (described in

Fig. 2. Projected changes in the WRB 2010–2100: developed land use and April 1 average snowpack (snow–water equivalent, SWE) (A); projected seasonal
average snow accumulation and melt in future decades (B); and projected changes in levels and timing of irrigation diversions (C).
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The Model. We developed a hydroeconomic process model of the

of water (e.g., temperature, salinity); (ii) the effectiveness of institutions in allocating water, including property rights, regulations,
and other governance mechanisms that impact water use (14); and
(iii) the opportunity cost of water, when one use for water competes with other, possibly more valuable, uses. These economic and
institutional factors are key to explaining how scarcity can coexist
with overall abundance.

ref. 26) adapted the Penman–Monteith approach. Spatially explicit
irrigation and municipal water rights were fully represented. Crop
planting, growth, and daily evapotranspiration were modeled following FAO-56 (27, 28) and similar to Seibert (29). Additionally,
soil moisture, groundwater flows, economic models of farm irrigation decisions and urban water use, as well as the releases from
13 federal dams, were developed for this study. See SI Appendix for
detailed descriptions.
These submodels are linked using Willamette Envision, an integrated modeling framework that simulates spatially and temporally explicit human and natural system processes, as described
in SI Appendix. The reference case and alternative scenarios were
developed working closely with a broad stakeholder community.
Reference Case Scenario. The central simulation is a “reference
case” scenario that reflects midrange projections for climate
change and population and income growth, as well as status quo
assumptions for most institutions (water rights, land use regulations, reservoir and forest management), for technology, and
for most prices. Over 20 alternative scenarios were simulated for
sensitivity analysis (e.g., high climate change, high population
growth), counterfactual comparisons to isolate specific changes
(no population growth, stable climate), to evaluate policies to
mitigate future water scarcity (irrigation expansion, high water
prices), or as combinations. See SI Appendix for details.
The reference case scenario finds that annual outflow from the
Willamette River averages 29.6 × 109 m3 [24 × 106 acre-feet (af)],
whereas human withdrawals plus instream regulatory flows average 5.5 × 109 m3 (4.5 × 106 af). This apparent surplus would appear to preclude water scarcity. Nevertheless, notable scarcity
emerges when we examine finer spatial and temporal scales.
Based on over 40 climate scenarios, the downscaled general
circulation model (GCM)-derived outputs indicate that by the
year 2100, the WRB will be between 1.1 °C (2 °F) and 7 °C (12.6 °F)
warmer than today (19, 20). Winter temperatures are projected
to rise between 0.5 °C (33 °F) and 5.5 °C (42 °F). The months
of July to September are projected to warm about 2 °C (3.6 °F)
more than in winter. Climate models differ about whether the
WRB will be drier or wetter, but the majority of climate
model runs examined show slightly wetter winters and drier
summers.
Population is projected to increase from 2.6 million to 5.4 million
over the period (SI Appendix, Table S1), expanding developed land
area by 53% (716 km2) and displacing 469 km2 previously in agriculture and 235 km2 previously in forest use (Fig. 2A). Urban water

use is projected to rise by 110%, due mainly to population growth.
Real household income is expected to increase by 175% by 2100.
Snowpack, in the midrange climate scenarios, declines between
87% and 94% by 2100 (Fig. 2 A and B), hastening runoff and
reducing spring and summer flows. In subbasins without reservoirs
or with low groundwater contributions, these changes reduce the
water available at lower elevations. In particular, the federal reservoirs fill to lower levels during the summer when reservoir recreation competes with “minimum conservation flows” established
under the US Endangered Species Act (ESA) (30) and other
obligations, including irrigation water rights tied to stored water.
Variations Across Subbasins. Snow provides winter storage and
spring-summer flows for higher elevation eastern subbasins, but
very little for lower elevation western subbasins (Fig. 2A). Even
among eastern subbasins, the impact of snow on streamflow varies
substantially due to differences in elevation and geologic mediation
of low flows by groundwater contributions (15, 31). These differences are reflected in Table 1 (columns A and B), where the April–
September flux varies by a factor of eight. The adequacy of existing
flows to meet regulatory minimums also varies by subbasin (Table
1, columns C and D). Moreover, April–August flows in some
subbasins decline relative to instream requirements (column E).
Some of the differences affecting water scarcity across subbasins are due to changes in urban and agriculture land uses
(columns F–H), differences in forest growth due to harvest and
wildfires, and differences in how land cover changes affect snow
and runoff due to evapotranspiration and snow sublimation. For
example, forest harvest and wildfires can cause large changes in
forest water use (discussed below).

Finding Scarcity Amid Abundance
The Role of Costs. If it were costless to store and transport water,
or to improve its quality, water scarcity could in principle be
eliminated given the overall abundance of water in the WRB
(barring institutional impediments). Our analysis, however, indicates that water scarcity in the WRB varies seasonally and
across locations and uses. Relatively fine-scale processes such as
market adjustments, barriers due to costs and profitability, or
government regulations can have large consequences for scarcity.
Water storage and transportation costs are not uniform across
the WRB. In some cases, these costs are very low, as with gravitybased conveyance in summer along watercourses below federal
reservoirs. Although built primarily for flood regulation, in
summer the reservoirs normally store 2 × 109 m3 (1.6 × 106 af) of
water, much of which could be released to flow downstream at

Table 1. Differences in hydrology and economics across subbasins

River Basin
Clackamas
Long Tom*
Marys*
McKenzie
Molalla
North Santiam
South Santiam
Tualatin River*
Yamhill River*
Willamette,
Coast & Middle Forks
Average

Avg. flow
April-Sept, Flow AprilSept, mm/d
m3/s
(A)
(B)
64
8
9
107
42
128
66
21
18
88
55

Regulatory
min. AprilSept, m3/s
(C)

Avg. flow/reg.
min., July-Aug.
(D)

Change in April-Aug.
Surface
Developed
flow 2010–20s to
Farmland , irrigation, % land, % of
2080–90s, %
% of area
of basin
land area
(E)
(F)
(G)
(H)

2.3
0.7
1.0
2.7
1.6
5.6
2.1
1.0
1.2
1.5

14.7
0.8
1.8
29.0
9.2
36.8
30.2
4.4
0.9
61.4

2.8
2.1
1.5
2.4
2.7
2.3
1.3
1.6
1.7
0.7

−4.1
8.0
13.5
−7.3
−0.5
−3.9
−1.4
17.0
11.3
−3.4

7.9
29.9
22.9
2.0
39.0
9.9
14.8
28.4
54.6
3.4

0.5
4.3
2.7
0.4
4.8
1.6
2.5
6.3
12.1
0.4

1.7
6.5
2.9
0.5
3.2
0.5
0.6
18.2
3.8
0.5

2

19

1.9

2.9

23.3

3.9

4.2

*Indicates subbasins on the western side of the WRB (Fig. 3).
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The Role of Water Rights and Other Institutions. Water rights and
other federal, state, and local regulations play a critical role in
determining where, when, and for what uses water may be scarce
(14). Surface water “live flow” rights were fully appropriated in the
WRB by the 1990s, meaning that farms without these rights have
no access to surface water for irrigation. Under western US water
law, the amounts, timing, and uses of water rights are limited, and
yearly fluctuations in supply lead to allocations based on a seniority system that can “shutoff” deliveries for relatively junior
water rights (33). Indeed, the scarcity created by irrigation water
rights is one key factor that produces a 10-fold variation in agricultural land values in the basin (Fig. 3 and SI Appendix, Fig. S3).
Instream flows, however, represent by far the largest societal
allocation of water in the WRB. State and federal laws protect
instream flows for navigation, pollution abatement, recreation,
and aquatic habitat. Perennial minimum streamflows were established in the 1960s, although a fraction of these have yet to be
implemented as instream water rights (33). Indeed, when the
remaining (“unconverted”) perennial minimum streamflows are
implemented, they will add 1.35 × 109 m3 to minimum outflows
from the 11 major tributaries that join the mainstem Willamette
River (based on model results).
Federal laws also have a substantial influence on water allocation in the WRB. Minimum flows are mandated under the
ESA, in turn prompting targeted releases from federal reservoirs. These federal laws interact in complex ways with state
law (33). Indeed, current ESA-related requirements for April–
October minimum flows have led regulators to cap stored water
irrigation contracts at 6% of the total stored volume (30) (a
nonbinding limit in our model).
Differentiation Across Space, Time, and Use. Analyses at the basin or

national scale, such as global assessments of the impacts of climate change and population growth on future water shortages
(8, 34–37), will be unable to detect these kinds of causal relationships that produce localized scarcity. For example, the 2 × 109 m3 of
water stored each summer would appear to be an ample source for
the 405,000 ha of currently nonirrigable farmland (indeed this water
is currently “reserved” for agriculture under federal law), but the
cost of conveyance makes this economically prohibitive. Within the
Jaeger et al.

Fig. 3.

Variation in agricultural land values; subbasin locations.

basin, the scarcity contrasts are stark. In some areas, farmers have
abandoned water rights or use them intermittently, suggesting low
marginal value of water. In the Pudding River basin, by contrast,
conflict has emerged over a proposed $60 million reservoir that
would permanently flood some farmland to ensure irrigation water
for other farmers. The conflict is emblematic of the complex ways
that economics and institutions interact: Increased instream flows
for three endangered fish, combined with declining groundwater,
have led one group of irrigators on high-value land with low-priority
irrigation water rights to enlist an extraordinary legal tool (eminent
domain) to gain approval for a storage reservoir that will inundate
other, relatively low-value farmland (38).
That scarcity can exist amid aggregate abundance is not unique
to water. Indeed, in the case of food, for example, Sen (39) showed
that major famines were not generally the result of an aggregate
shortage of food. Sen found large differences among households in
their ability to acquire food, due to differences in economic and
institutional factors including costs, market conditions, rights of
ownership, and exchange. These factors are analogous to the cost,
profitability, water rights, and other institutions identified here in
the case of water in the WRB.
The Challenge of Predicting Future Water Scarcity
The dynamics of water demand and supply in regional systems
have the potential to generate unexpected outcomes, often arising
from the linkages and feedbacks between system components. In
the WRB, expanded urban development will displace agriculture
and forests, but also increase the magnitude of potential flood
damages, which could alter the optimal timing of reservoir refill
(40). A warmer climate melts snowpack earlier, increases wildfires,
affects vegetation and ET; encourages earlier planting and irrigation; and possibly changes crop choice. Additionally, instream
PNAS | November 7, 2017 | vol. 114 | no. 45 | 11887
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negligible cost. Most farmland, however, is not adjacent to watercourses downstream of federal dams. Farmers invest in new irrigation if it is profitable—if the additional cost of transporting
reservoir-released surface flows to currently unirrigated farmland is less than the added revenue from irrigating. For each of
the 405,000 ha (1 × 106 ac) currently without irrigation water
rights, both the added conveyance costs and increased revenue
were estimated (SI Appendix, section 5.4.5). When farmers were
allowed to adopt new irrigation from stored water in an alternative scenario, it was found to be profitable on only about
3,240 ha (8,000 ac) due to the high water conveyance costs. Even
when the costs are assumed to be optimistically low, less than
11,130 ha (28,000 ac) adopt irrigation.
One example of rising water scarcity in the WRB pertains to
forests, where climate change is increasing moisture stress and
threatening forest health (32). As the climate warms, rising air
temperatures increase atmospheric evaporative demand and
forest evapotranspiration (ET). In mid- to late summer, however, soil water limits ET so that warmer temperatures, when
combined with less snow, lead to a longer summer dry period.
Given the prohibitive cost of transporting water from reservoirs
to forests, the anticipated result is increased water scarcity
resulting in a 200–900% increase in forest wildfires across the
three climate scenarios (26). The likely outcome will be increased
costs for fire suppression, the transition to new forest types, and
reduced availability of forestland for timber harvest (26) (SI
Appendix, section 4.2).

minimum flow requirements aimed at protecting ecosystem services will increase competition with out-of-stream demands (33).
System linkages and feedbacks can be highly idiosyncratic across
subbasins and vary at fine spatial and temporal scales. Without a
model, it would have been extremely difficult to identify and
predict these relationships for the WRB. Three examples illustrate
the challenges that such dynamics represent for predicting water
scarcity and designing policy responses.
Offsetting Seasonal Shifts in Supply and Demand. In the first example, climate warming generates two responses, one in water
supply and one in demand. The first response to warmer temperatures is a reduction in snow accumulation and melt, along
with a shift in melt timing to earlier in spring. This response reduces summer surface flows. The second response is a human
response. Because of warmer spring temperatures, farmers are
able to plant earlier, which shifts both the start and the completion
of irrigation (Fig. 2C). Thus, a larger proportion of irrigation occurs earlier in the year, when snowmelt runoff and precipitation
are higher. This decreases the projected number of irrigation
shutoffs due to water scarcity by 10–30% in both the reference
case and high climate change scenarios. This is because, although
in future decades surface water supplies become relatively scarce
in late July and August, irrigators have increasingly completed
irrigating by that time, resulting in fewer regulatory shutoffs.
The shift to earlier planting dates has an additional positive
effect on water scarcity: Although warmer midsummer temperatures would generally raise crop ET and increase irrigation
requirements, the earlier planting has an offsetting effect. More
of the plant’s growth takes place when temperatures are lower
and precipitation is higher, resulting in no rise in average crop
ET during the 90-y simulation.
Urban Demand Growth and Reduced Irrigation. The second example
involves the potential mitigating effect of urban growth on water
scarcity. Projected growth in urban water demand is the single
largest change in direct human water use through 2100. Many
city governments in the basin face uncertainty about how best to
secure adequate future water supplies. Surface flows are already
fully appropriated, and rights to federally stored water are reserved for agriculture. Moreover, instream flow requirements
account for a majority of summer water allocations. However, a
city’s growing demand for water will coincide with urban land
expansion, and the likely patterns of this expansion overlap with
some of the spatially referenced irrigation water rights in our
model. For the six main metropolitan areas, the model predicts
urban consumptive use of water (from outdoor use only since
indoor water use is returned to streams with minor losses) to
increase 45 × 106 m3 (Table 2). However, due to the land use
changes accompanying this growth, the displacement of surface
irrigation offsets one-third of the increase. These effects vary
significantly across cities depending on the extent and direction
of urban expansion and on the proximity to surface irrigated
farmlands. When groundwater irrigation is included, more than

80% of the urban water use increases are offset by reduced irrigation in our model (Table 2).
Forest Water Use and Wildfire. The third example involves climate
change and forest water use. With warmer temperatures, water
requirements for a given stand of forest will increase, but drier
forests are also more prone to wildfires. Increases in wildfire
frequency will result in a more open and patchy landscape with
fewer mature trees and, thus, a lower average foliage density (leaf
area) (19). Because forest water use (ET and canopy snow sublimation) varies positively with leaf area, more wildfires mean a
reduction in water use. This, in turn, allows more precipitation
falling in forest zones to be routed downstream. This means that
climate change could actually lead to increases in the runoff ratio
despite increasing evaporative demand (26). In our reference case
scenario, there is a projected decrease in forest water use of
315 million m3 for April–July between the 2010s and 2090s due
mainly to the effects of projected wildfires (SI Appendix, section
4.2). Efforts to suppress wildfires can be expected to increase
forest water use. Indeed, a counterfactual scenario that represents
the high climate scenario but with no wildfires finds increased
forest water use by 1.4 billion m3·y−1. While subbasin-specific impacts from wildfire are impossible to predict since the location of
future wildfires is unknown, this example illustrates the possibility
of unexpected results that may appear counterintuitive.
Fine Scale and Large Magnitudes. In addition to these examples of
how feedbacks and linkages can produce unexpected results, we
find a strikingly high variability in water scarcity at fine spatial
and temporal scales. For example, upland forested areas will
exhibit high water stress and increased wildfire risk (SI Appendix,
section 4.2), despite in some cases being close to large federal
reservoirs. Similarly, distances as small as 100 m separate irrigators whose legal right to water exceeds what can be put to
beneficial use from farmers who have no economically feasible
options to acquire irrigation water rights, due to protected
instream flows or high conveyance costs that make more distant
options uneconomical.
Another powerful way in which this type of model is valuable is
that it compels us to recognize what is large versus what is small.
Many components related to water supply or demand turn out to be
much larger (or smaller) than initially believed. For example, initially Willamette Water 2100 researchers and stakeholders focused
on future urban industrial water and did not pay attention to forest
water use, but the former has turned out to be nearly negligible
relative to the latter. Similarly, the anticipated expansion in crop
irrigation in the basin has been a central rationale for reserving the
water stored in federal reservoirs for agriculture. However, we find
that only 1–3% of unirrigated land would be able to bring stored
surface water into use profitably, due to the high transport costs.

Using Regional System Models for Water Policy
Water shortages frequently come with high social costs. The
annual costs of California’s recent experience have been estimated

Table 2. Urban water demand growth net of displaced irrigation, 2010–2100 (1,000 m3)
Net of displaced irrigation:
Urban area

Change in urban water use

Surface only

Surface and groundwater

Portland
McMinnville
Salem
Albany
Corvallis
Eugene
Total

30,872
1,457
7,391
1,510
1,004
3,158
45,392

21,626
−819
4,616
1,208
486
2,513
29,629

7,195
−1,528
989
393
−155
618
7,512
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also be expected to exhibit high spatial and temporal specificity,
even while the particular causes and potential solutions may differ.
In California, for example, rather than wildfires reducing water use
by forests, climate change may cause changes in vegetation that
increase forest consumptive use (42). Models of this kind may be
particularly valuable in basins such as the Indus or Nile, where
climate change, population growth, poverty and institutional
failures place large vulnerable populations at high risk.

at $2–3 billion (41). Whether shortages are the result of short-term
drought conditions, the cumulative impacts of decades of misguided water policies, or long-term shifts in water supply and demand, the costs are high, and hence so too are the potential
benefits from intervening to mitigate future water crises. A system
model can be a critical tool for designing effective policy interventions. The value of a given model will depend on whether it
sheds new light on critical factors or key processes, and whether
this new information is heeded by policymakers. In the case of the
WRB, the model has allayed some fears (urban water shortages),
while shifting focus toward other, less easily remedied sources of
scarcity (forest health, instream flows, and stream temperatures).
Many of the insights from this model have clear relevance,
applicability, and implications for other basins. For example,
elsewhere in the western United States, emerging water scarcity can
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1. System modeling overview
1.1. Model platform
The Willamette Water 2100 (WW2100) model was developed to generate spatial-temporal
simulation pathways in the Willamette River Basin. It uses a platform called Envision developed
at Oregon State University by John Bolte (1). Envision consists of several hundred thousand
lines of C++ code and runs as a 64-bit Windows application. The model of the landscape is made
up of attributed map polygons called Integrated Decision Units (IDUs) that cover the spatial
extent of the Willamette River Basin in Western Oregon, USA. The WW2100 Envision model
incorporates a suite of sub-models to simulate processes that affect the distribution, movement,
supply and demand for water in the Willamette Basin. As these component models run, they
retrieve and store information from attributes within the IDU layer. The dataset archived here
consists of 164,892 polygons attributed with starting values representing January 1, 2010, the
first day simulated in model runs. Each IDU has 189 attributes representing landscape
conditions including aspects of economics, land use, law, hydrology, climate, and vegetation
(e.g., land use type, land value, annual maximum evapotranspiration (ET), and forest use
predictive value). The program enables a range of different system components to interact and
communicate via a representation of a landscape, a shared data repository that represents
instantaneous conditions at specific locations. From a system perspective, each time the Envision
model runs, it draws as its input, the outputs from other component models (e.g., hydrology,
climate, farmer crop decisions, urban water use, reservoir management decisions) running within
the framework. Envision synchronizes models as they step through time on their own time
scales. For example, it runs a hydrological model with a daily time step 365 times before
running, for example, an economic model with a yearly time step.
1.2.

Spatial representation
Data are stored in ESRI shapefiles representing the stream network and landscape polygons
called Integrated Decision Units (IDUs). The stream network and associated catchments were
taken from the National Hydrography Dataset version 2 (NHD+V2) (2). The IDU layer was
developed by intersecting the catchment shapefile with a composite dataset representing land use
and land cover in the Willamette Basin. This catchment shapefile provides information needed
by the hydrology model to connect the landscape to individual stream reaches. The land use/land
cover dataset was developed by combining information from two sources: i) a US Forest Service
dataset (GNN) representation of the forested portions of the basin and ii) as US Department of
Agriculture datasets (NASS CDL) representing all other portions of the basin.
The spatial configuration of these management-scale polygons (mean size = 19.2 ha) for
forestland was based on Landsat remote sensing data and forest inventory data (3, 4). The
Integrated Landscape Assessment Project (ILAP) also provided a species-level vegetation
classification. We assigned a stand age to each forested IDU based on overlay of the IDU
coverage and a reference stand age coverage. For stand age ≤ 25, that coverage used Landsatbased LandTrender results (5, 6), which evaluate the pixel-level trajectories of a vegetationrelevant spectral vegetation index. Stand age in 2010 was determined from the year of
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disturbance. For stand age > 25, we used a stand age coverage derived from Landsat-based
Gradient Nearest Neighbor Analysis (7). Boundaries for land ownership and protection status
were from the U.S. Geological Survey, National Gap Analysis Program (8).
For nonforested land, the National Agricultural Statistics Service (NASS) data is derived
from LANDSAT imagery and is designed to closely capture the crops grown as part of the
agricultural system. There are 164,892 polygons in the IDU layer, covering the nearly 30,000
km2 (11500 mi2) extent of the Willamette River Basin. Most IDUs cover an area of between 2
and 700 hectares (5 and 1730 acres).
Daily time step processes include many processes such as stream flow, snowmelt, snow and
canopy sublimation, infiltration and percolation, evapotranspiration, irrigation decisions, urban
water use, and the exercise and enforcement of water rights. Annual time step processes include
spatial distribution of population and income changes, expansion of urban growth boundaries,
urban water price, crop choices, agricultural land value, forest wildfire, upland forest type, forest
harvest, land use transition (for example from agricultural or forest uses to developed uses). Most
WW2100 modeling scenarios simulate the period from January 1, 2010 through December 31,
2099. However, two scenarios were also run with a simulation period from January 1, 1950 December 31, 2009 to allow comparisons of modeled future conditions to a modeled past. These
scenarios used simulated historical climate data as a model forcing, but population, economics
and land cover characteristics remained at 2010 levels.
Across the WW2100 study area, the initial land use on each IDU is determined by overlaying
a set of spatial data layers, which include data from the US Geological Survey National Land
Cover Data (NLCD)(http://landcover.usgs.gov/) and the USDA Cropland Data Layer
(CDL)(https://nassgeodata.gmu.edu/).
1.3. Stream network
The stream network and associated catchments were taken from the National
Hydrography Dataset version 2 (NHD+V2) (2). Only the main flowpath, as defined by the
NHD+V2 dataset, was used. The main flowpath does not diverge in the downstream direction,
an assumption that is built into the routing model. It is a subset of the full NHD+V2 stream
network derived from the stream network following directions provided by NHD+V2. The
topological relationships between stream segments were defined using the ToNode and
FromNode attributes of the NHD+V2 Value Added Attributes (VAA) table.
1.4. Feedbacks and linkages
Figure 1 in the article identifies some of the main linkages within and between the
economic models and the biophysical models. Changes in the human system models over time
are mainly driven by increases in population and income. These changes alter land prices and
lead to development of agricultural and forest land. Population and income growth also result in
changes in urban water use and water prices, and there are some changes in water use resulting
from land use changes. Water use in agriculture is influenced by these land use changes as well
as by the direct effects of climate on crop choice, crop water demand, irrigation decisions, and
timing of farming practices, including planting.
Surface water diversions for irrigation and urban uses reduce streamflows, including
those required for instream regulatory minimum environmental flows. As a result, low
streamflows can trigger water shutoffs for relatively junior water right holders. These shutoffs
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can affect farm income and farmland prices, which in turn influence the probability of land use
change to alternative uses.
Water releases from federal reservoirs reflect detailed multiple-objective management
rules that include protecting instream flows at various downstream control points. As a result,
changes in downstream water use for cities and farms will feedback to influence reservoir
releases, which in turn alter reservoir fill levels and benefits from reservoir recreation. Changes
in forest land use including land development, tree planting and harvests, and wildfires will
affect snow accumulation, sublimation, and melt; and forest evapotranspiration, all of which may
have significant effects on streamflows.
2. Models of exogenous change
2.1. Selection and processing of climate scenarios
The World Climate Research Programme’s Coupled Model Intercomparison Project
(CMIP) is a worldwide effort to establish a set of standard experimental protocols for the use of
general circulation models (GCMs), in the development of climate scenarios. Results from the
CMIP project’s latest phase, Phase 5, or CMIP5, began to be available around the time of the
launch of WW2100. The WW2100 climate team saw an opportunity not just to use CMIP5
outputs but also to advance the evaluation and selection of GCMs. Since the elaborate set of
models used in the WW2100 study could only accept a small number of climate scenarios, our
goal was to use both quality and spread to select those scenarios.
2.1.1. Climate model evaluation
We assessed 41 GCMs from CMIP5 for their ability to simulate various aspects of
climate (9). The goal was “to evaluate model performance in order to make informed
recommendations to those who may use these model outputs” (9). We evaluated the models in
their ability to replicate observed climate of the Pacific Northwest using a variety of metrics.
These metrics included mean seasonal values, interannual variability, amplitude of the seasonal
cycle, consistency in spatial patterns, and sensitivity to the El Niño Southern Oscillation, among
others. To find the best fit, the team evaluated the CMIP5 GCMs according to their ability to
recreate the observed climate of the 20th century and used two methods for combining the
metrics; see (9) for details.
The result was a ranking of the models according to metrics that led to a subset of GCMs
that the team’s methods determined were the best statistical fit for the climate of the Pacific
Northwest.
2.1.2. Selecting a small subset of climate scenarios
We selected a subset of three representative scenarios, from among the constellation of
GCMs and future scenarios of greenhouse gases (representative concentration pathways, or
RCPs), for use in the WW2100 constituent models. We used the approach developed for this
project and described by (10), in which a linearized impacts model is used to map the climate
sensitivity space and select a small number of final scenarios that span that space while paying
attention to the evaluation results described above. Specifically, we examined the response of
June through September streamflow on the Willamette River (the season when scarcity is likely
to emerge) to stepwise changes in temperature and precipitation, through the range of projected
changes in temperature and precipitation from the subset of 33 CMIP5 climate models that were
available at the time, with the RCP4.5 and RCP8.5 scenarios of future greenhouse gas
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concentrations.
The sensitivity analysis uses simple perturbation experiments to estimate how much
changes in temperature and precipitation affect summertime streamflow for the Willamette basin,
using the Variable Infiltration Capacity (VIC) Macroscale Hydrologic Model. Then, a
perturbation was introduced using the same set up, the hydrologic model was run again several
times, but with incremental increases in temperature. The percent in which summertime
streamflow changes in these perturbation experiments provides an estimate for how sensitive it
will be in a warmer climate. The same type of perturbation experiments were then repeated but
this time for both incremental precipitation increases and decreases.
From this calculation, we used the derived sensitivities to draw contours of constant
summertime streamflow change on a scatter plot of temperature and precipitation changes as
seen in GCM output. With the contours as guides, we selected GCMs and accompanying RCPs
with the objective of spanning a wide range of hydrological impacts while preferring highly
ranked models from the evaluation. We ended up selecting MIROC5-RCP8.5 as the reference
case, because its projected change was near the all-model, all-RCP average. HadGEM2-ESRCP8.5 represented the HighClim scenario, with one of the largest projected decreases in
summer flow in the Willamette and a projected increase in annual mean temperature of 5.3°C for
late 21st century.
The output of the climate models consists of daily data, and the coarse spatial resolution
climate model results were then downscaled to the 4 km resolution of our other models using the
Multivariate Adaptive Constructed Analogs (MACA) approach (11). The key daily climate
variables were solar radiation, precipitation, maximum temperature, minimum temperature,
vapor pressure, and wind speed.
2.2. Population and income growth
Future population and income growth are assumed to be determined exogenously and, as
such, they are external to the dynamics within the model, similar to the climate forcings.
County-level population projections to 2050 and real (2005 dollars) mean household total
personal income projections to 2040 are taken from the Oregon Office of Economic Analysis
(http://www.oregon.gov/das/oea/Pages/Index.aspx) and Woods & Poole Economics, Inc.
(http://www.woodsandpoole.com/), respectively. Linear extrapolation is used to obtain
projections to 2100. Actual, forecasted, and extrapolated population and income by county and
the period 1970-2100 are reported in Tables S1 and S2, respectively. For the 10 Willamette
Basin counties, population increased at an average annual rate of 2.1% over the 1970-2100
period. The rate of increase is 1.2% over the period 2000-2050 and 0.8% over the period 20502100. For the 10 counties, mean household total person income increased at an annual rate of
1.9% over the period 1970-2010, and is projected to increase at a rate of 1.7% over the period
2010-2040 and 1.4% over the period 2040-2100.
3. Hydrology modeling
3.1. Overview
The Willamette Hydrology Model (WHM) was developed to capture potential effects of
long term changes in climate, and also to incorporate the changes in the human system (land use
change, water use) that interacted with the basin’s hydrology. The model translates daily values
of meteorological input (including precipitation, air temperature, wind speed, and radiation) into
a spatially distributed estimate of water storage and release. It is run over the 90-year WW2100
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scenario timeframe, and produces a dynamic estimate of the response of the hydrology to the
evolving landscape and human system models. The model incorporates four overall elements
describing key features of the basin’s complex system:
(1) Mountain snowpack. Each winter, snow accumulates in the higher elevations of the
Willamette valley. This natural reservoir serves to store a portion of the winter precipitation,
releasing into streams (and reservoirs) during the spring. The model simulates the seasonal
evolution of the mountain snowpack with a hybrid approach that includes the influence of both
air temperature and radiation. The radiation-driven melt depends directly on vegetation, so that
snow accumulation changes as forest disturbance and growth occurs over the scenario
timeframe.
(2) Watershed hydrology. Incoming precipitation and snowmelt are stored within a set of
conceptual reservoirs representing soil and groundwater. WHM defines the spatial distribution of
those reservoirs based primarily on a set of approximately 9,000 sub-watersheds, defined by the
National Hydrography Dataset (2). Water is released from the subsurface conceptual reservoirs
based on algorithms developed by Bergström and others (12, 13) as part of the HBV
(Hydrologiska Byråns Vattenbalansavdelning) model. The released water then becomes stream
discharge.
(3) Instream routing and reservoir storage. WHM uses a kinematic wave approach to
simulate the flow of water within the stream network. The spatial pattern of the network was
taken from NHD, and allows the model to estimate stream discharge throughout the watershed.
Reservoir storage is a key feature of the Willamette River, and WHM incorporates the 13 largest
reservoirs in the system – those managed by the US Army Corps of Engineers (USACE). Storage
and release of water from the reservoirs is dictated by federal management rules and these are
simulated using a version of the ResSim (14) model developed by USACE (see section S5.2).
(4) Water use. WHM integrates both biophysical and socioeconomic processes of water
demand. The biological water demand for forests, crops and other vegetation is described in
sections S3.3 and 3.6 below. The human use of water is determined in several economic models
as the outcome of household and farm demand relationships and institutional constraints (e.g.,
profitability and law), as described in section S5. The economic models of human water demand
interact in direct and indirect ways with the models of biological water demand, as in the case of
crop water requirements and irrigation decisions.
3.2.

Watershed hydrology model
The watershed hydrology model translates snowmelt and precipitation into soil moisture
and stream runoff, using algorithms based on the well-established HBV model (15). There are 3
primary rates that are defined by this component of the modeling: the partitioning of infiltrating
water into a soil compartment and a fast runoff compartment, the recharge rate into a slow runoff
compartment, and lastly, the rate of runoff of water into the stream network from the fast and
slow runoff compartments.
Partitioning of infiltration: Water from precipitation as rain and snowmelt fills both the soil
water and shallow runoff compartments. The proportion filling the soil compartment is defined
as:
X = (soil/FC)β
(1)
Where soil is the amount of water in the soil compartment (mm), FC a parameter representing
the maximum amount of storage in soil compartment (mm), and Beta (β) a dimensionless
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shaping parameter. Both FC and β are effective parameters found through calibration. The
remaining proportion (1-X) recharges the fast response compartment.
Percolation: Percolation transfers water from the fast runoff compartment to the slow runoff
compartment. It is defined as:
P=SUZ*PERC
(2)
Where SUZ is the amount of water in the fast response compartment (mm) and PERC is a
calibrated parameter (day-1).
Runoff: Runoff is generated from the fast and slow response reservoirs. This runoff is defined as
Q = K2*SLZ+K1*SUZ+K0*max(SUZ-UZL,0)
(3)
Where K0, K1, and K2 are calibrated recession coefficients (day-1), SLZ and SUZ represent the
amount of water in the slow response compartment and fast response compartment, respectively,
and UZL a threshold parameter.
3.3.

Snow
Representation of snow accumulation and melt processes in WHM uses a modified
version of the HBV degree-day model of Seibert (16). Snow accumulation is governed by daily
air temperature to determine the proportion of rainfall and snowfall from a precipitation event.
Temperature is broken down into Tmin and Tmax, where Tmin is the threshold below which all
precipitation falls as snow, Tmax is the threshold above which all precipitation falls as rain and at
intermediate temperatures, precipitation is linearly partitioned into rain and snow. Based on
calibration with observations and a validated model, Tmin and Tmax are prescribed to be -2 °C and
6 °C, respectively.
Snow accumulation is also governed by forest structure, as expressed by Leaf Area Index
(LAI), which affects canopy interception and snow sublimation from the forest canopy.
Precipitation that is partitioned into snow is then reduced by a snowfall correction factor (SFCF),
which accounts for the effects of snow sublimation from the forest canopy:
SFCF = fraction of max_LAI * maximum SFCFI
(4)
where, max_LAI is set to 8 and the fraction of max_LAI is the LAI for the IDU divided by the
max_ LAI. The max_SFCF is defined as 0.20 (20% of total snowfall during a single time step).
This dimensionless factor adjusts for snow lost via evaporation and sublimation from the forest
canopy and the snowpack, which is not simulated explicitly (17). The amount of snow
sublimated, snow_evap, is the total snowfall multiplied by SFCF:
snow_evap_mm = snow_total_mm * SFCF
(5)
and the snowfall that becomes part of the snowpack is:
snow_thrufall_mm = snow_total_mm - snow_evap_mm
(6)
The degree-day factor, also termed melt factor, is represented in WHM by a variable called
CFMAX. The degree-day factor represents the rate at which a unit mass of snow is melted by
convective energy for a given energy input (mm oC-1 d-1); it uses air temperature (𝑇𝑇𝑎𝑎 ) as a proxy
for total energy input to the snowpack. Snowmelt (mm d-1) is computed as:
convective_melt_mm = CFMAX * (Ta – TT)
(7)
where, TT is the threshold temperature above which snowmelt is considered to occur. TT is set to
0°C. The value of CFMAX is determined through calibration. Calibrated values of CFMAX are,
however, constrained to the range 2.5 < CFMAX< 6.0 determined through offline testing. Two
other variables, the water holding capacity (CWH) and the refreezing coefficient (CFR) are both
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considered insensitive parameters in snow modeling (16). CWH was held constant at 0.1. CFR
was included in the set of calibrated parameters, but constrained to values in the range [0, 0.1].
We use the same approach as in the Biome-BGC ecosystem process model (18) to
compute the snowmelt due to radiant energy transmitted through the forest canopy. Shortwave
transmittance (sw_trans, kJ/m2/d) through the canopy is computed as a function of LAI (using
Beer’s Law) and then radiative melt is computed when air temperature exceeds TT, as below:
radiative_melt_mm = swtrans / lh_fus [mmH2O/d]
(8)
where, lh_fus is the latent heat of fusion (335.0 kJ/kg).
Snowmelt is constrained by the amount of actual snow available in each IDU and when
snowmelt exceeds the water holding capacity of the snowpack, melt is routed into the soil.
3.4. Upland forest evapotranspiration
As noted, we used a polygon-based landscape simulation model, Envision (1) to annually
update the land cover and leaf area index, as impacted by forest growth (aging) as well as land
use change and disturbances (forest harvest and wildfire). As with the agricultural lands
hydrology modeling (described below), an existing watershed hydrology model (HBV)(15) was
adapted for use in the upland forest hydrology modeling (19). The WRB version (Willamette
Hydrology Model, WHM) generates daily-time-step estimates for evapotranspiration
(transpiration + soil evaporation).
An initial LAI-specific potential daily ET rate was determined based on the Penman-Monteith
approach (20), with inputs of solar radiation (for estimation of net short wave radiation), air
temperature (for estimation of saturation vapor pressure and net long wave radiation), vapor
pressure (for estimation of vapor pressure deficit), and LAI (for estimation of bulk stomatal
resistance), as well as wind speed and stand height (for estimation of canopy aerodynamic
resistance). Surface albedo was assumed to be 0.15 (21). Reference stomatal resistance was
based on Kelliher et al. (22). The potential ET was then modified by scalars (0-1) based on soil
water status and vapor pressure deficit (VPD) to determine the actual ETPM, with only the lower
of the 2 scalars applied on any given day. The soil water scalar is a linear ramp from 1 to 0
based on the ratio of current SW to available soil water (field capacity - wilting point capacity).
The ramp begins at 1.0 for a ratio of 0.5 and decreased to 0 for a ratio of 0. The VPD scalar is
described as:
VPDscalar = (1 - ((VPD – VPDmin)/(VPDmax – VPDmin)))
(9)
where VPDmin (0.610MPa) and VPDmax (3.100MPa) are based on observations in coniferous
forests at the leaf level (23) and at eddy covariance towers (24). VPDscalar was set to 1.0 below
VPDmin and set to a minimum of 0.02 as VPD approaches VPDmax. The VPD scalar accounts for
the observations that conifer transpiration in the Pacific Northwest is generally sensitive to VPD
(24, 25). Under low LAI conditions, aerodynamic resistance would be high, so the VPD scalar
has little effect. In the Pacific Northwest summer (generally warm and dry), the litter/upper soil
would be dry under high VPD conditions and soil surface resistance would be high in any case.
3.5.

Agricultural evapotranspiration
Evapotranspiration (ET) is simulated daily for each IDU and is then spatially aggregated
to the HRU (Hydrologic Response Unit) level (described in S3.4.1). The rate of daily ET is
modeled as a dynamic function of the climate, land cover, soil water, and crop phenology. The
reference evapotranspiration is determined using the FAO-56 method (26), and further developed
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for Idaho (27). The potential (maximum) evapotranspiration (MAX_ET) or water demand of the
crop is then calculated based upon the reference evapotranspiration. In the model, potential
evapotranspiration represents the rate of maximum evapotranspiration of a healthy crop under no
water stress. The idea is the crop is growing in large fields under optimum agronomic and
irrigation management conditions, so if it were irrigated, evapotranspiration would not exceed
potential evapotranspiration. This MAX_ET value is then reduced to an actual ET (AET) based
on the available water in the soil water reservoir.
The reference evapotranspiration – crop cover approach consists of two steps. First, the
evapotranspiration for a theoretical, uniform, well-watered crop is calculated; this is considered
the reference evapotranspiration (ETr). This reference ETr value is then multiplied by a land
cover coefficient (Kc) to approximate the maximum evapotranspiration (MAX_ET) for the
specific land cover at that location. The governing equation for this maximum is thus:
𝑀𝑀𝑀𝑀𝑀𝑀_𝐸𝐸𝐸𝐸𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝐸𝐸𝐸𝐸𝑟𝑟 ∗ 𝐾𝐾𝑐𝑐
(10)
In the model, ETr is estimated using the FAO-56 method, which is based on a 2005
ASCE Standardized Reference Evapotranspiration equation, known as Penman-Monteith FAO56 method equation (20), using the tall alfalfa reference crop:

𝐸𝐸𝑇𝑇𝑟𝑟 =

0.408∆ (𝑅𝑅𝑛𝑛 −𝐺𝐺)+

𝛾𝛾𝐶𝐶𝑛𝑛
𝑢𝑢 (𝑒𝑒 𝑜𝑜 −𝑒𝑒𝑎𝑎 )
𝑇𝑇+273 2 𝑠𝑠

∆+ 𝛾𝛾(1+𝐶𝐶𝑑𝑑 𝑢𝑢2 )

(11)

where 𝑇𝑇 is the mean air temperature (⁰C), 𝑢𝑢2 is the wind speed (m s-1) at 2m above the ground,
𝑅𝑅𝑛𝑛 is the net solar radiation (MJ m-2 d-1), ∆ is the slope of the saturation vapor pressure and
mean air temperature curve, 𝛾𝛾 is the psychrometric constant (kPa ⁰C-1 ), the term (𝑒𝑒𝑠𝑠𝑜𝑜 − 𝑒𝑒𝑎𝑎 ) is
the daily vapor pressure deficit, 𝐺𝐺 is the daily soil heat flux density, taken to be 0 in this model,
𝐶𝐶𝑛𝑛 = 1600 and 𝐶𝐶𝑑𝑑 = 0.38 are constants for a tall Alfalfa reference.
The ETr calculation requires daily input values of air temperature, solar radiation,
humidity, and wind speed. These climate data were supplied using 4-km downscaled
meteorological data from the University of Idaho (11).
The land cover coefficient, Kc, represents the ratio of the MAX_ET of a specific land
cover to the evapotranspiration calculated for a tall reference grass (Alfalfa)(27). Land cover
coefficient curves have been developed for many agricultural crops in the Pacific Northwest by
the US Bureau of Reclamation (http://www.usbr.gov/pn/agrimet/index.html) and others as
documented in (27). The curves represent the crop coefficient at various times throughout the
growing season. Based on the current stage of growth of the crop, the appropriate coefficient can
be interpolated from the curve and multiplied by the ETr to find the daily MAX_ET. By this
method, the value of Kc is dependent on the phenology of the crop.
The growth stage of each crop was determined using a modified approach to that
described by Allen and Robison (27) and then crop curves were dynamically applied on an
annual basis. Allen and Robison define four methods of applying crop curves; however, the
scope of our project required a somewhat simplified approach. We estimated a planting or greenup date to start the application of the crop curve, a harvest or dormancy date to end the
application of the curve, and defined an interpolation method for applying the curve between
these dates. These methods varied by land cover. Outside of the growing season, we applied a
constant coefficient equal to the first value of the crop curve for that land cover.
One of two methods was used to estimate the planting or greenup date:
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i.

The average of the daily temperature for the thirty days prior to the current day. Once
this value reaches a crop-specific threshold, signal planting.
ii.
Cumulative growing degree days from January 1 to the current day are calculated.
Once this value reaches a crop-specific threshold, signal planting. Cumulative
growing degree days are a measure of accumulated heat units available to the plant
for growth and are calculated using one of the following equations:
𝐺𝐺𝐺𝐺𝐺𝐺 = max(𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑇𝑇𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 , 0)
(12)
𝐺𝐺𝐺𝐺𝐺𝐺𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 =

max(𝑚𝑚𝑚𝑚𝑚𝑚(𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 ,30),10)+max(min(𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 ,30),10)
2

− 10

(13)

where 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 , 𝑇𝑇𝑚𝑚𝑚𝑚𝑛𝑛 , and 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 refer to the maximum, minimum, and mean daily air temperature
(°𝐶𝐶), respectively. 𝑇𝑇𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 is a threshold temperature for each crop at which growth is assumed to
occur. Note that all crops except corn used the first equation.
To determine the harvest date, or dormancy date for perennials, we used one of three
methods:
i.
The accumulated growing degree days from planting date is calculated. Once this
value reaches a crop-specific threshold, signal harvest.
ii.
The occurrence of a killing frost signals harvest.
iii.
The earlier of conditions described above in i. or ii. signals harvest.
The planting and harvest dates mark the temporal endpoints for which the crop curve is applied.
One of two interpolation methods was then used to apply the individual crop coefficients:
i.
Accumulated growing degree days between planting and termination dates.
ii.
Accumulated growing days between planting and termination dates.
For both interpolation methods, land cover-specific threshold values are defined that allow the
model to identify what percentage of growth the land cover is in relative to the total growing
season.
The process described above produces a maximum (potential) evapotranspiration value
for each IDU for each day. This is assumed to be the MAX_ET from that IDU if there were no
soil limitations. Given that the soil water reservoir is not infinite, an additional step was used to
convert the MAX_ET to an AET. Seibert (28) outlines this function as part of the soil moisture
routine used in the HBV-Light model. The ratio of AET to MAX_ET is a function of the soil
moisture as illustrated in Fig S1 modified from Seibert (28),
(14)
The parameters Θ𝐹𝐹𝐹𝐹 and Θ𝑡𝑡 represent the maximum soil moisture storage and the amount
of soil moisture storage above which the AET equals the MAX_ET, respectively. The parameter
Θ𝑊𝑊𝑊𝑊 represents the minimum value of soil moisture for ET to occur. If the soil moisture amount
is less than Θ𝑊𝑊𝑊𝑊 , no ET occurs. If the soil moisture amount is greater than Θ𝑡𝑡 , AET is equal to
MAX_ET. At soil moisture values between Θ𝑊𝑊𝑊𝑊 and the threshold, Θ𝑡𝑡 = 0.5(Θ𝐹𝐹𝐹𝐹 − Θ𝑊𝑊𝑊𝑊 ) ,
AET is reduced linearly. Θ𝐹𝐹𝐹𝐹 is a calibrated parameter found during calibration; Θ𝑊𝑊𝑊𝑊 is a
constant 10 mm, and Θ𝑡𝑡 is a constant 0.5. The equations governing the rate of ET given the
amount of soil moisture are as follows:
𝐸𝐸𝐸𝐸𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚<Θ𝑊𝑊𝑊𝑊 = 0
(15)
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𝐸𝐸𝐸𝐸Θ𝑊𝑊𝑊𝑊 <𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚<𝜃𝜃𝑡𝑡 = 𝑀𝑀𝑀𝑀𝑀𝑀_𝐸𝐸𝐸𝐸 ∗ Θ
𝐸𝐸𝐸𝐸𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚>Θ𝑡𝑡 = 𝑀𝑀𝑀𝑀𝑀𝑀_𝐸𝐸𝐸𝐸

1

𝑡𝑡 − Θ𝑊𝑊𝑊𝑊

∗ (𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 − Θ𝑊𝑊𝑊𝑊 )

(16)
(17)

The AET calculation represents the amount of water the crop used. Once the AET is
calculated, this value is removed from the soil moisture reservoir, reducing the amount of water
available in the HRU. In our case, two soil moisture reservoirs were created in each HRU, one
for irrigated and one for non-irrigated IDUs.
3.6.

Water routing
The method for routing instream flows is a kinematic approach that follows directly from
a solution developed by Chow et al. (29). The method is a simplification of the St. Venant
equations describing free surface flows. The full St. Venant approach represents the conservation
of mass and momentum and can be represented by two relationships, one for continuity:
∂Q ∂A
+
=
q
(18)
∂x ∂t
and one for conservation of momentum:

∂y
1 ∂Q 1 ∂  Q 2 
  + g − g (S 0 − S f ) = 0
+
A ∂t A ∂x  A 
∂x
Local
acceleration

Convective
acceleration

Acceleration

Acceleration

Pressure
Force

Gravity
Force

(19)

Friction
Force

These two equations fully describe discharge as a function of both time and space, and a
direct solution to these equations is typically referred to as a dynamic solution. Simplifications
are commonly employed however, and rely upon a variety of assumptions about the movement
of water and the importance of different terms. The kinematic wave is one such simplification. If
the kinematic wave dominates the hydrograph, the acceleration and pressure force are negligible
and the model simplifies to the statement that gravity forces equal friction forces. In other
words, within each element of time and space the discharge does not change, a situation
commonly referred to as uniform flow. In the event that the flow can be considered uniform, the
momentum equation can be replaced with a standard uniform resistance equation such as
Manning’s or the Chezy equation. A commonly cited version of the kinematic flow equation,
using Manning’s equation, is:
∂Q
 ∂Q 
(20)
+ αβQ * β −1 
=q
∂x
 ∂t 
In this equation, alpha and beta are parameter combinations from Manning’s equation.
A finite difference solution for the kinematic wave equation can be developed by assuming
in
∂Q Qtime − Qtime
−1
=
(21)
∂x
∆x
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∂Q Qtime − Qtime −1
=
(22)
∂t
∆t
Q
+ Q in
Q* = time −1
(23)
2
which when substituted into equation (20) above can solved for the unknown value Qtime.
Assuming that z = αβ Q*β −1 the finite difference solution becomes
Q
Q in
+ z time −1
∆x
∆t
 1
z
 ∆x + ∆t 



qtime +
Qtime =

(24)

This equation represents the unknown value of Q as a function of known values related to
upstream discharges, previous time discharge, and normal flow parameters and was developed
by Chow et al. (29).
3.7. Hydrology model calibration
3.7.1 Overview
The watershed hydrology model (WHM) uses the HBV runoff model (12, 16). It was calibrated
using streamflow records from the US Geological Survey and, for snowy headwater sub-basins,
snow water equivalent records from the Natural Resources Conservation Service
(http://www.wcc.nrcs.usda.gov/snotel/SNOTEL_brochure.pdf). The rainfall-runoff model within
WHM has nine calibration parameters related to snowfall, runoff, and percolation. Calibration of
these parameters affects the flux between the conceptual reservoirs shown in Figure S2.
The calibration was undertaken in three stages. First the headwater reservoir drainages were
calibrated, then the tributary basins, followed by selecting parameter values for the remaining
areas where it was not possible to calibrate directly based on observed flow data. We note that
some portions of the basin did not have adequate data on discharge or estimates of natural flows
due to poor data or for which significant human interventions in natural flows that could not be
corrected. Calibration was performed using the PEST parameter estimation program
(www.pesthomepage.org). Sets of nine HBV parameters were estimated for nine reservoir
drainages in the WRB: Cottage Grove reservoir, Dorena reservoir, Fern Ridge reservoir, Blue
River reservoir, Cougar reservoir, Fall Creek reservoir, Hills Creek reservoir, Detroit reservoir,
and Green Peter reservoir.
The WW2100 HBV model includes the following compartments for water in each HRU:
snowpack, snow water, unirrigated topsoil, irrigated topsoil, subsoil, groundwater. Snowpack
and snow water are the frozen and unfrozen water in the snowpack. Irrigated and unirrigated
topsoil represent the same soil layer for IDUs that are irrigated versus unirrigated in each HRU
(an HRU may include IDUs that are irrigated and others that are unirrigated, depending on water
rights and farmer decisions in the economic models).
The calibration period was 1980-1994, for which measured data sets used in the
calibration process included USGS stream gage records, NRNI synthetic flow data, Oregon
NRCS Snowpack Telemetry (SNOTEL) snow water equivalent data, and measured inflow data
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for federal reservoirs. The model was run for the calibration period using meteorological forcings
from MACA (Multivariate Adaptive Constructed Analogs) training data derived from observed
weather station data. The nine parameters produced good correlations between modeled
estimates and observed datasets. Comparisons of observations and simulations after calibration
showed generally good correspondence (e.g. streamflow, Table S3).
3.7.2 Calibration details
The WW2100 HBV model calculates daily HRU fluxes from surface (rain and snowmelt)
to topsoil (infiltration), surface to subsoil (subsoil recharge), subsoil to groundwater
(percolation), subsoil to stream (q0), and groundwater to stream (q2).
The nine estimated parameters in the calibration are the following:
1. CFMAX: the amount of snow that will melt per day per deg C above 0 °C; measured as mm of
SWE.
2. CFR: the refreezing coefficient; when the snow temperature is below the 0 °C snow
temperature threshold, some water in the snowpack will refreeze. The amount of water that
refreezes, in mm, is CFR*CFMAX per day per deg C below the snow temperature threshold.
3. FC: field capacity of the topsoil; used in calculating the subsoil recharge fraction, which is the
fraction of the incoming rain and snowmelt that bypasses the topsoil and goes directly to the
subsoil. The subsoil recharge fraction is calculated as the amount of water currently in the
topsoil (to be exact, the amount above 10 mm, taken as the wilting point), expressed as a fraction
of FC, raised to the power BETA. When the topsoil is already at field capacity, all the incoming
water bypasses the topsoil and recharges the subsoil.
4. BETA: for subsoil recharge; used to calculate the subsoil recharge fraction. See the
description under FC above.
5. PERC: fraction of water in subsoil pool that percolates down to groundwater pool each day.
6. UZL: the soil water threshold value in mm which is used in the decision about which of two
forms of the q0 calculation to use. q0 is the amount of water that flows from the subsoil to the
stream each day. When the water content of the subsoil is above UZL, q0 is calculated as:
K0*(subsoil water content - UZL) + K1*subsoil water content
When the water in the subsoil is at or below UZL, q0 is:
K1*subsoil water content
7. K0: a dimensionless constant used in the calculation of q0, the water that flows from the
subsoil to the stream. See the description under UZL.
8. K1: a dimensionless constant used in the calculation of q0, the water that flows from the
subsoil to the stream. See the description under UZL.
9. K2: a dimensionless constant, the fraction of the groundwater pool that flows to the stream
each day.
For each daily run of HBV, an evapotranspiration function calculates evapotranspiration
from each IDU based on HBV soil moisture and other inputs.
The spatial and temporal flows in the hydrology model are captured in an autonomous process
within the Willamette Envision framework that simulates daily and annual flows of water in the
stream network, taking account of runoff from HBV, irrigation withdrawals, municipal
withdrawals, returns from municipal treatment plants, and reservoir operations (as described in
more detail elsewhere). The Willamette Hydrology Model (WHM) integrates natural system
hydrology along with both private behavior in the human system (cities and farms) and public
management (reservoir operations)
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In the first stage of the calibration, reservoir inflow records were used to represent
observed gage data. The PEST parameter estimation program was used with a “Flow-only”
version of the WW2100 model (human system and other components turned off), using MACA
daily weather training data to obtain sets of parameter values applicable to the areas which drain
into the 9 reservoirs indicated above. Dexter reservoir and Big Cliff reservoir were omitted
because they are reregulating reservoirs. Lookout Point reservoir was omitted because it is in the
same drainage as Hills Creek reservoir. Foster reservoir was omitted because it is downstream of
Green Peter.
For drainage areas below the reservoirs for which no-reservoir-no-irrigation (NRNI) synthetic
gauge data is available, PEST was used with a Flow-only, no-reservoir version of WW2100 on
MACA daily weather training data to obtain an individual set of parameter values applicable to
each such area. This stage was possible for an additional five sub-areas.
The parameter values resulting from the calibration procedures are included, along with
constraints on parameters, in the Table S4 below. In addition to constraints imposed by the HBV
model, additional constraints were introduced to limit the range of parameter values based on
those reported in other HBV studies (30-33).
4. Landscape modeling
Landscape characteristics are determined in part by human land use decisions. This
includes public or policy choices (public lands, urban growth boundaries, regulations), and
private decisions in land markets. Population and income are key drivers of land markets and the
prices or values for developed land uses. As population and household incomes increase, demand
for developed urban land typically increases as well, leading to an increase in land value and a
transition from agricultural and forest uses into urban uses. Understanding future population and
income growth is paramount to anticipating shifts in land use and the resulting impacts on water.
Within the model, relative values of land in different uses determine changes in land use over
time. Urban growth boundaries (UGBs), an integral part of Oregon’s land-use planning system,
constrain where development can occur and are adjusted periodically as a city’s population
grows.
4.1.1 Land use, land values and land-use change
Across the WW2100 study area, the initial land use/land cover on each IDU is
determined by overlaying a set of spatial data layers, which include data from the National Land
Cover Database (NLCD) and Cropland Data Layer (CDL), as described in S1.2. The land-use
change component of the WW2100 model simulates decisions to change land between
agricultural, forest, and urban uses as a function of the economic returns to those uses. The
economic returns are estimated on the basis of site characteristics such as farm rents (annual net
returns to farming), distances to cities, and population and income of nearby cities. Returns to
land and land-use transitions also are influenced by urban growth boundaries (UGBs). The landuse component includes a mechanism by which UGBs expand over time (described below).
Changes between forest, agriculture, and urban land uses are the focus of the WW2100
land-use change model, since these are the major uses, and sources of land-use change, that
occur within the Willamette River Basin study area (34). In addition, the property value data
used to parameterize the economic returns to different land uses are not readily available for
more disaggregated land use categories (e.g., specific crops or forest types). Differences within
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each of these broad land-use categories are controlled for by including separate sets of
explanatory land characteristics in each land value equation.
The scope of the land-use transitions model is limited to privately-owned lands, as the
bulk of land-use change in our study area is due to decisions made by private actors. Wetland
areas are not allowed to change uses, in accordance with local and federal planning rules and
regulations that discourage wetland conversion. In addition, it is difficult to determine the market
value of wetlands, since they do not easily fit into any one of the three categories we consider,
and much of their value stems from recreation and nonmarket ecosystem service provision (e.g.,
water filtration). Bidirectional transitions are allowed between privately-owned forest and
agricultural land anywhere in the study area. Land development, on the other hand, or the
conversion of forest or agricultural land to an urban use, is restricted to occur within urban
growth boundaries (UGBs), which, as mentioned above, are allowed to expand over the course
of the model simulations. Development is also considered to be irreversible for the purposes of
the WW2100 model (i.e., transitions from urban to agriculture or forest are not allowed).
4.1.2

Estimating economic returns to different land uses
Parcel-level data on real (inflated adjusted) market values of developed, agricultural, and
forest lands were collected for four counties (Benton, Lane, Marion, and Washington) in the
Willamette Basin. The four sample counties were selected to represent the major urban areas
within the Willamette River Basin (Corvallis, Eugene-Springfield, Salem, and Portland Metro),
and to cover the geographic extent of the WRB (see Bigelow (35) for more details). The parcels
included from each county were stratified according to three broad land use categories:
agriculture, forest, and residential development. Random samples for each land use were then
drawn, with final sample sizes as follows: Benton (430), Lane (1,134), Marion (1,576) and
Washington (1,599). The relative size of the county samples are proportional to the sizes of the
urban areas they represent. Observations were obtained for the years 1973, 1980, 1986, 1992,
and 2000, making it possible to use panel data methods to estimate a hedonic land value model
for each of the three major land uses considered. The set of variables, definitions, and data
sources are described in Table S5.
Equation 25 illustrates the general form of the hedonic models that were estimated:
𝑗𝑗

𝑗𝑗

𝐾𝐾

𝑗𝑗

𝑗𝑗

𝑗𝑗

𝑗𝑗

𝑗𝑗
𝑙𝑙𝑙𝑙�𝑉𝑉𝑖𝑖𝑖𝑖 � = 𝛽𝛽0𝑖𝑖𝑖𝑖 + ∑𝑘𝑘=1
𝛽𝛽𝑘𝑘𝑘𝑘𝑘𝑘 𝑋𝑋𝑘𝑘𝑘𝑘𝑘𝑘 + 𝜇𝜇𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖 ,

(25)

𝑗𝑗

where the dependent variable, 𝑙𝑙𝑙𝑙�𝑉𝑉𝑖𝑖𝑖𝑖 �, denotes the natural log of the per-acre, inflation-adjusted
land value for parcel 𝑖𝑖 in use 𝑗𝑗 at time 𝑡𝑡. Additional terms in equation 25 denote the use-specific
𝑗𝑗
𝑗𝑗
𝑗𝑗
constant term (𝛽𝛽0𝑖𝑖𝑖𝑖 ), use-specific covariates (𝑋𝑋𝑘𝑘𝑘𝑘𝑘𝑘 ) and their associated parameters (𝛽𝛽𝑘𝑘𝑘𝑘𝑘𝑘 ), where
𝑗𝑗
the number of covariates (𝐾𝐾𝑗𝑗 ) varies by land use, a parcel-specific error component (𝜇𝜇𝑖𝑖 ), and a
𝑗𝑗
standard idiosyncratic error term (𝜀𝜀𝑖𝑖𝑖𝑖 ).
The model estimation results are summarized in Table S6. The developed land value
equation was estimated using a Hausman-Taylor (36) model, which allows for certain covariates
in the model to be treated as endogenous and does not require the use of external instruments
(e.g., 37). In our case, the time-invariant effect of a parcel being located within an urban growth
boundary (UGB) was treated as endogenous. The area covered by a given municipality’s UGB is
determined by city planners who, when setting the UGB boundaries, were likely to target land
parcels with characteristics that make them suitable for urban land uses. If there are unobserved
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factors that influenced both the decision to place a parcel within a UGB and the subsequent value
of that land, the UGB effect will not be properly identified.
In modeling the land values for forest and agricultural uses, a more general method was
used to control for unobserved parcel heterogeneity that could influence land values.
Specifically, the results were derived using a correlated random effects (CRE)(38) estimator.
This approach entails including the parcel means of the time-varying explanatory factors in the
model as additional regressors, and provides a way to generate parameter estimates for timeinvariant land characteristics, such as soil quality and topography, which are important
determinants of the value of land in undeveloped use.
4.1.3. Predicting economic returns to different uses
Initial estimates of agricultural and forest land values included several factors that convey
a parcel’s potential for development (e.g., population density, household income). For the
purposes of predicting land use transitions as a function of the relative economic returns to
developed, agricultural, and forest uses, the values of land being converted to or kept in a forest
or agricultural use should not be confounded by the capitalization of expected future
development rents. To accomplish this, prior to using the forest and agricultural land value
estimates the coefficients on population density and household income in (25) were set to zero.
The UGB distance variable was also set to zero for predictions in the agricultural land value
equation for similar reasons.
Additional adjustments were made prior to using the hedonic model estimates for
prediction in the WW2100 simulations. First, the Year and UGB*Year terms were all assumed to
take on the coefficients pertaining to the year 2000. Each model in Table S6 contains an inverse
Mill’s ratio (IMR; and its mean, in the forest and agriculture equations) variable. This variable is
derived from a set of panel sample selection models, estimated with the approach given in
Wooldridge (39), to account for the unbalanced structure of the land value panel datasets (see
(35) for more detail). For the purposes of using the models for prediction in the WW2100
simulations, each of the use-specific IMR variables is set to one. Additionally, there is a large
discrepancy between the size of the developed land parcels used in the developed land hedonic
equation and the WW2100 simulation model IDUs. In order to assure that development decisions
are made at the average lot size observed in the underlying hedonic model data, the average
observed developed parcel size (0.39 acres) was used to compute developed land returns. Not
doing so would substantially reduce the developed land values that drive urbanization. Last, the
estimated hedonic models also contain variables representing the value of improvements on each
parcel. Since land improvements (e.g., houses and barns) are not accounted for in the WW2100
simulations, the average improvement value for each land use is set to its average value observed
in the underlying hedonic model input data.
The dependent variable in each land value equation is the logged per-acre value of land.
To obtain the unlogged predictions, the exponent of each predicted value is computed and
multiplied by a correction factor listed at the bottom of Table S6. For example, the developed
𝐷𝐷
land value prediction is given by 𝑒𝑒 𝑙𝑙𝑙𝑙�𝑉𝑉𝑖𝑖𝑖𝑖 � ∗ 1.035. This adjustment is required to remove any bias
stemming from the standard assumption in linear regression models that the disturbances are
normally distributed, which does not necessarily apply in our case due to the log-transformation
of the hedonic dependent variables (40).
The estimated hedonic model for each land use contains a set of county dummy variables
to control for unobserved county-level heterogeneity. In using these models for prediction in the
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WW2100 simulation, the county dummy coefficients are applied to the four counties that
comprised the samples used to estimate the hedonic models, and to the other counties in the
basin based on their proximity to the four original study counties. Predictions with the county
dummy variables in non-sample counties are made as follows: the Washington County
coefficient is applied to IDUs in Clackamas, Columbia, Multnomah, and Yamhill counties; the
Lane County coefficient is applied to IDUs in Douglas county; Marion County was the omitted,
baseline county, and is assumed to represent IDUs in Linn and Polk counties.
4.1.4 Land-use change model
In the WW2100 model, each IDU is described by a set of attributes, including land cover.
Starting from an initial land cover map for 2011, we model changes in land use as a function of
the land values described in Section S4.1.2. With three uses (agriculture, forest, developed),
there are a total of nine possible transitions (counting transitions in which land does not change
use; e.g., forest-to-forest). This number is reduced to six because land that is in developed use is
assumed to remain in that use indefinitely. Thus, we are concerned with the six transitions in
Table S7. In particular, we model the probability that each transition takes place, where 𝑃𝑃𝑗𝑗𝑗𝑗
indicates the probability that land moves from use 𝑗𝑗 to use 𝑘𝑘 (e.g., 𝑃𝑃𝑎𝑎𝑎𝑎 is the probability that land
moves from 𝑗𝑗=agriculture to 𝑘𝑘=forest). Because land must end in one of the three categories, it
follows that 𝑃𝑃𝑎𝑎𝑎𝑎 + 𝑃𝑃𝑎𝑎𝑎𝑎 + 𝑃𝑃𝑎𝑎𝑎𝑎 = 1 and 𝑃𝑃𝑓𝑓𝑓𝑓 + 𝑃𝑃𝑓𝑓𝑓𝑓 + 𝑃𝑃𝑓𝑓𝑓𝑓 = 1.
For those IDUs that begin 2011 in agriculture or forest and are categorized as privatelyowned, we define the six probabilities indicated above as logistic functions of economic returns
to agriculture, forest, and development. Formulas given below are used to compute transition
probabilities for each 5-year time period for each IDU. Calculation of these transition
probabilities requires three steps. First, we use the equations described in S4.1.2, together with
data on with IDU characteristics, to calculate 𝑑𝑑𝑑𝑑𝑑𝑑_𝑣𝑣𝑣𝑣𝑣𝑣, 𝑎𝑎𝑎𝑎_𝑣𝑣𝑣𝑣𝑣𝑣, and 𝑓𝑓𝑓𝑓𝑓𝑓_𝑣𝑣𝑣𝑣𝑣𝑣 for each IDU.
Note that some of the IDU attributes are fixed over time (e.g., slope) but others, such as
population and income of the nearest city, change according to the procedure described in
Section 2.2.
Second, the computed economic returns (𝑑𝑑𝑑𝑑𝑑𝑑_𝑣𝑣𝑣𝑣𝑣𝑣, 𝑎𝑎𝑎𝑎_𝑣𝑣𝑣𝑣𝑣𝑣, and 𝑓𝑓𝑓𝑓𝑓𝑓_𝑣𝑣𝑣𝑣𝑣𝑣) are scaled
using formulae given in Table S8. The scaling is necessary because the parameters in the
transition probability formulae were obtained from Lewis et al. (41), in which a model of landuse transitions for western Oregon and Washington was estimated using land-use data from the
National Resources Inventory and measures of economic returns from (42). Thus, if an IDU
begins in forest, the economic return to agriculture on that IDU is found by first computing
𝑎𝑎𝑎𝑎_𝑣𝑣𝑣𝑣𝑣𝑣 , multiplying 𝑎𝑎𝑎𝑎_𝑣𝑣𝑣𝑣𝑣𝑣 by 0.01, and then (if necessary) constraining the result to lie
between 0 and 2000. The scaled/constrained values of the economic returns are denoted 𝐴𝐴𝐴𝐴𝑎𝑎 ,
𝐹𝐹𝐹𝐹𝑎𝑎 , and 𝐷𝐷𝐷𝐷𝑎𝑎 when the starting use is agriculture and 𝐴𝐴𝐴𝐴𝑓𝑓 , 𝐹𝐹𝐹𝐹𝑓𝑓 , and 𝐷𝐷𝐷𝐷𝑓𝑓 when the starting use
is forest. Because 𝐷𝐷𝐷𝐷𝑓𝑓 = 𝐷𝐷𝐷𝐷𝑎𝑎 , we will simply refer to this value as 𝐷𝐷𝐷𝐷.
Once the values of 𝐴𝐴𝐴𝐴𝑎𝑎 , 𝐹𝐹𝐹𝐹𝑎𝑎 , and 𝐷𝐷𝐷𝐷 or 𝐴𝐴𝐴𝐴𝑓𝑓 , 𝐹𝐹𝐹𝐹𝑓𝑓 , and 𝐷𝐷𝐷𝐷 are determined for each
IDU, the third step is to plug them into formulas that determine the five-year transition
probabilities, as given in (42). Specifically, for IDUs starting in agriculture, the five-year
transition probabilities are given by:

𝑃𝑃𝑎𝑎𝑎𝑎 =

𝑒𝑒 0.00489𝐴𝐴𝐴𝐴𝑎𝑎

𝑒𝑒 0.00489𝐴𝐴𝐴𝐴𝑎𝑎 +𝑒𝑒 −7.799+0.00242𝐹𝐹𝐹𝐹𝑎𝑎 +𝑒𝑒 −4.788+0.00013𝐷𝐷𝐷𝐷
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𝑒𝑒 −7.799+0.00242𝐹𝐹𝐹𝐹𝑎𝑎

𝑃𝑃𝑎𝑎𝑎𝑎 = 0.00489𝐴𝐴𝐴𝐴𝑎𝑎 −7.799+0.00242𝐹𝐹𝐹𝐹𝑎𝑎 −4.788+0.00013𝐷𝐷𝐷𝐷
𝑒𝑒
+𝑒𝑒
+𝑒𝑒
𝑃𝑃𝑎𝑎𝑎𝑎 = 1 − 𝑃𝑃𝑎𝑎𝑎𝑎 − 𝑃𝑃𝑎𝑎𝑎𝑎

(27)
(28)

For parcels starting in forest, the five-year transition probabilities are given by:

𝑃𝑃𝑓𝑓𝑓𝑓 =

𝑃𝑃𝑓𝑓𝑓𝑓 =

𝑒𝑒

𝑒𝑒

0.00489𝐹𝐹𝐹𝐹𝑓𝑓

+𝑒𝑒

𝑒𝑒

0.00489𝐹𝐹𝐹𝐹𝑓𝑓

−7.799+0.00242𝐴𝐴𝐴𝐴𝑓𝑓

𝑒𝑒

+𝑒𝑒 −4.788+0.00013𝐷𝐷𝐷𝐷

−7.799+0.00242𝐴𝐴𝐴𝐴𝑓𝑓

0.00489𝐹𝐹𝐹𝐹𝑓𝑓
−7.799+0.00242𝐴𝐴𝐴𝐴𝑓𝑓
+𝑒𝑒
+𝑒𝑒 −4.788+0.00013𝐷𝐷𝐷𝐷

𝑃𝑃𝑓𝑓𝑓𝑓 = 1 − 𝑃𝑃𝑓𝑓𝑓𝑓 − 𝑃𝑃𝑓𝑓𝑓𝑓

(29)
(30)
(31)

With the WW2100 model, we wish to represent land-use change on an annual basis. To this end,
the five-year probabilities are converted to equivalent annual probabilities. Specifically, if 𝑃𝑃𝑗𝑗𝑗𝑗 is
the five-year transition probability, then the corresponding annual transition probability (𝐴𝐴𝐴𝐴𝑗𝑗𝑗𝑗 ) is
given by:
𝐴𝐴𝐴𝐴𝑗𝑗𝑗𝑗 =1-(1-𝑃𝑃𝑗𝑗𝑗𝑗 )0.2
(32)
When the model is run, the annual probabilities are used for a five-year period and then updated.
Given sets of values of 𝐴𝐴𝐴𝐴𝑗𝑗𝑗𝑗 for each IDU, the final step is to determine whether or not land-use
changes actually occur on an IDU. For this, we use a random number generator. Suppose that a
given IDU is currently in agriculture and has a 0.8 probability of remaining in agriculture (i.e.,
𝐴𝐴𝐴𝐴𝑎𝑎𝑎𝑎 =0.80), a 0.1probability of switching to forest (𝐴𝐴𝐴𝐴𝑎𝑎𝑎𝑎 =0.10) and a 0.1probability of
switching to developed use (𝐴𝐴𝐴𝐴𝑎𝑎𝑎𝑎 =0.10). We draw a random variable 𝑟𝑟 from a uniform
distribution defined on the unit interval. The IDU remains in agriculture if 0.8>𝑟𝑟≥0, changes to
forest if 0.9>𝑟𝑟≥0.8, and changes to developed use if 1.0≥𝑟𝑟≥0.9. This procedure is repeated for
each IDU using newly-drawn values of 𝑟𝑟. At the end of this process, a new land-use map is
produced.
Zoning and UGB expansions
To account for zoning rules under Oregon’s land-use planning system, we treat land
inside and outside of UGBs differently. Land outside of UGBs can move between undeveloped
uses (i.e., ag-to-forest and forest-to-ag transitions are allowed) but transitions to developed use
are not allowed. To account for this restriction on development, the transition probabilities need
to be adjusted. For IDUs outside of UGBs, the probability associated with the transition to
developed use is added to the probability associated with the land remaining in the same use.
Thus, if the initial use is agriculture, 𝑃𝑃𝑎𝑎𝑎𝑎 (𝑛𝑛𝑛𝑛𝑛𝑛) = 𝑃𝑃𝑎𝑎𝑎𝑎 (𝑜𝑜𝑜𝑜𝑜𝑜) + 𝑃𝑃𝑎𝑎𝑎𝑎 . If the initial use is forest,
𝑃𝑃𝑓𝑓𝑓𝑓 (𝑛𝑛𝑛𝑛𝑛𝑛) = 𝑃𝑃𝑓𝑓𝑓𝑓 (𝑜𝑜𝑜𝑜𝑜𝑜) + 𝑃𝑃𝑓𝑓𝑓𝑓 . These restrictions on development are also applied to areas zoned
as rural residential (which are outside of UGBs) since only a small portion of the lot is allowed to
be developed.
For IDUs inside of UGBs, all of the transitions are allowed. Given the irreversibility of
development, it follows that, over time, the share of developed land within each UGB will
increase. To mimic the land-use planning process, we allow for UGBs to expand once the
developed share becomes sufficiently large. The developed share is defined as the ratio of the
area of private land within a UGB that is developed to the area of private land within a UGB that
is developable. Developable land includes all private land that is in developed, agriculture, other
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vegetation, and forest categories. It excludes land in the barren, wetlands, and water/snow/ice
categories. As long as the developed percentage of the UGB is below a specified threshold, the
existing UGB remains as it is. The threshold is 80% in the reference case, except for EugeneSpringfield where 70% was used in recognition of the on-going UGB expansion process during
our model’s development (2010-2015). However, once the threshold is exceeded, a UGB
expansion is triggered. We assume that the need for a UGB expansion is evaluated every five
years, coinciding with the updating of the five-year transition probabilities.
A UGB expansion involves adding new IDUs to the existing UGB area until the specified
threshold is no longer exceeded. Which IDUs to add is determined by the following criteria:
1) Only select IDUs that are adjacent to the existing (or expanded) UGB area.
2) Only select IDUs that are privately-owned and developable (i.e., in developed,
agriculture, other vegetation, or forest categories).
3) Do not select IDUs that are already inside another UGB.
4) Select IDUs in order of least equally-weighted distance from: (a) the centroid of the IDU
to the center of the UGB area, and (b) the centroid of the IDU to the nearest major road.
5) Do not select IDUs that are zoned for exclusive farm use (EFU) or forest conservation
(FC) unless there are no other IDUs that satisfy criteria 1-3 and the developed percentage
is still higher than the prescribed threshold. Once the non-EFU and non-FC IDUs that
satisfy criteria 1-3 are exhausted, continue selecting IDUs that are zoned as EFU or FC
using criteria 4 until the developed land percentage is again below the prescribed
threshold.
These criteria do not apply to expansions in the Portland Metro UGB. In this case, the
regional planning authority (Metro) has designated areas called urban reserves that indicate
where future expansions will take place until 2060. For expansions in the Portland metro UGB
prior to the year 2060, the criteria are:
1) Only select IDUs that are adjacent to the existing (or expanded) UGB area.
2) Only select areas within designated urban reserves
3) Select IDUs in order of least equally-weighted distance from: (a) the centroid of the IDU
to the center of the UGB area, and (b) the centroid of the IDU to the nearest major road.
After 2060, the Portland Metro UGB is treated like all other UGBs in the WW2100 study
area, and expansions take place in accordance with the five criteria listed above.
Allocation of population growth
The developed land value equation includes variables for the population density and
household income of the nearest city. As the WW2100 model progresses through time,
population and income per capita increase as described above. As the WW2100 model runs,
population is allocated on a 5-year basis to UGBs and areas zoned for rural residential (RR) use.
No population is allocated to areas outside UGBs and RR areas. For a given increase in a
county’s population, we use the following procedure to determine the allocation of population to
the UGB and RR areas within the county. We begin with the Census block data for 2010 from
the U.S. Census Bureau. These data provide a population count for each block, allowing us to
determine the initial spatial distribution of population within each county. The block-level
estimates are aggregated into a single population count for each UGB and RR area within each
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county1. Weights are then determined for each UGB and RR area within a county according to
their respective share of the 2010 population, disregarding the residual population outside of
UGB and RR areas. As the model runs, the increase in a county’s population is allocated to the
UGB and RR areas according to these weights.
In allocating population to RR areas, we impose a maximum density of one household for
every two acres of land to remain consistent with the existing rules governing rural land
development. When an RR area as a whole meets this prescribed density threshold, it is shut off
from future population growth and its population weight is reallocated proportionally to UGBs
and the other RR areas that are still eligible to receive population. We allow household size to
vary through time using county-level forecasts in the Woods and Poole data for 2010-2040 and
linear extrapolation to 2100.
4.1.5. Land use change validation
The land-use change model is validated in two ways. First, economic theory yields
predictions about how net economics returns to alternative uses and other variables should affect
land-use decisions. For example, at a given location, a higher return to urban development
should increase the likelihood that land in agriculture and forest uses converts to urban use, all
else equal. We estimate the parameters of the model using historical data on land-use decisions
and hypothesized determinants of these decisions. We confirm that the hypothesized
relationships hold in the manner predicted by economic theory. Second, we compared land-use
projections from the WW2100 model to historical data. An alternative validation exercise would
be to compare land-use predictions from the model to actual data for the same historical period.
However, because we estimated the parameters of the model using historical land-use data, such
an exercise is not instructive. The model parameters are estimated using maximum likelihood,
which guarantees that within-sample land-use predictions will closely match what was actually
observed. Ideally, we would compare out-of-sample predictions to observations for the same
out-of-sample time period, but, unfortunately, such data are unavailable. Instead, we compare
out-of-sample predictions to historical data to ensure that the model is performing as expected.
As described below, we compare rates of land-use change for the entire WW2100 model over the
period 2010-2100 to rates of change for the historical period 1973-2000.
Table S9 displays a comparison of the land-use model results from the WW2100
reference case scenario with those from the U.S. Geological Survey’s Land Cover Trends (LCT)
project. The LCT project uses a modified Anderson Level II land-cover classification system,
which, combined with the extensive ground-truthing conducted in the LCT project, produces
longitudinal land-cover data that more closely aligns with how land is used (in contrast to, e.g.,
the U.S. Geological Survey’s National Land Cover Database, which is based purely on
computer-based satellite imagery interpretation) (43). Distinguishing land use from land cover is
important for this exercise since the WW2100 land-use model mimics human decisions
concerning land use, as opposed to changes in land cover that would occur naturally without
human intervention. We focus on land development because it is the most common form of landuse change that takes place in the Willamette Basin, both historically and in our model
projections. The historical period covered by the LCT data covers 1973-2000, allowing us to
1

Note that a UGB may span several counties. For example, the Salem-Keizer UGB includes land in both Marion
and Polk counties. In such cases, we treat a county’s portion of a UGB as a separate area for the purpose of
allocating population.
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compare the rate of land development projected in the WW2100 model with that of a recent
historical period. We provide the comparisons using both the entire WW2100 study area and a
refined study area meant to more closely align with the LCT’s Willamette Valley (WV)
ecoregion. Roughly 98% of the WW2100 land-development decisions, in terms of land area, take
place within the WV ecoregion. The vast majority of remaining development takes place on
forest land in the foothills of the Cascade Mountain Range.
The results in Table S9 suggest the WW2100 land-use model is relatively conservative in
projecting future land development. Over the 90-year period covering 2010-2100, our model
predicts that 3.88% (122,378 acres) of the refined study area will be converted from agriculture
to development, which compares with 2.40% (85,745 acres) of the WV in the historical 27-year
period covered by the LCT data. Similarly, our projected forest-to-development trends appear to
be conservative as well, as we predict a conversion share of 1.71% (53,940 acres) compared to
the 0.80% (25,452 acres) of the LCT. Given the different lengths of time covered by the
WW2100 simulations and the LCT data, one would expect our development shares to be
approximately three times larger than the LCT shares. Several factors explain the observed
discrepancies. First, the WW2100 land-use model restricts development to occur within urban
growth boundaries (UGBs). While the spirit of Oregon’s land-use planning system is aimed at
confining development to occur within UGBs, empirical evidence suggests development does
occur in outlying rural areas (44). Second, the WW2100 model assumes growth rates in
population and income – key drivers of urban development – than occurred during the historical
period. Third, the LCT data is based on a fine-scale grid of 30m land pixels, while the WW2100
data is based on IDUs that range from 5 to over 1,000 acres. The discrete, lumpy nature of the
WW2100 units of analysis induces a more restrained pattern of development, as, in reality, there
is likely to be fine-scale within-IDU variation in attributes that make some, but not all, of the
IDU attractive for development. In the WW2100 model, if the net development returns of the
entire IDU do not provide enough of an incentive for the land to be developed, the IDU remains
in its baseline agricultural or forest use. Finally, the LCT study area also contains the Vancouver,
WA metro area, which experienced some growth in developed area over 1973-2000 that would
not be captured in the WW2100 model, which is confined to Oregon.

4.2 Upland forest state transitions
The Willamette Envision modeling framework (1) was used to simulate annual changes in
land cover, vegetation type, and leaf area index (45). Willamette Envision relies on a set of State
and Transition Models (STMs) for each possible vegetation type. Initial conditions for land cover
class, vegetation type, and stand age (if forest) were from Landsat observations (45). These
mapping efforts established a network of management-level polygons (Integrated Decisions
Units, IDUs). Polygons were an average size of approximately 20 hectares.
The typical sequence of states for a forest STM is from young to mature states differing
in age class and leaf area index (LAI). A disturbance, such as harvesting, can reset the
successional stage, and vegetation type can shift at that point to an alternative cover type if
climate has changed (based on off-line runs of the MC2 biogeography model (46)).
The initial rates of forest harvest and wildfire were prescribed based on Landsat
observations in recent decades (47). Future rates of harvest in the Willamette Envision landscape
simulator were the same unless availability of harvest age stands decreased. Future rates of fire
were based on the offline runs (using the same climate scenarios) of the MC2 biogeography
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model, which has a fire module (46, 48). In the fire module, fire ignition is based on fuel loads
(tracked in a biogeochemistry module) and fuel moisture (based on weather). Annual area
burned from an MC2 simulation is passed to Willamette Envision, and fires are placed randomly
on the landscape. Fire size is 22,500 ha except when only a fraction of that is needed to reach the
prescribed total area burned.
We assigned a representative LAI to each forest state (i.e. combination of forest type and
stand age class) based on off-line runs of the Biome-BGC productivity model (49) at WRB sites
representative of the different forest types. Biome-BGC is prognostic with respect to LAI and
has been run extensively in the Pacific Northwest to simulate forest growth (50). A 25-year
daily climate data set from (51) was used to initialize the model and run from stand replacing
disturbance through the complete range of stand ages. In the Biome-BGC simulations, LAI
ranged between 0 and 8 depending on stand age and location, consistent with observations in the
region (52). Maximum values were associated with older stands at low to mid- elevations. LAI
typically recovered to a value of 2 or more within 10 years of a disturbance and to its equilibrium
value around age 20-30.
Each forest state was also assigned a stand height for use in estimating aerodynamic
resistance. Again, that was based on stand age. A reference stand age to height relationship is:
ℎ = 46.6 (1 − 𝑒𝑒 −0.0144𝐴𝐴𝐴𝐴𝐴𝐴 )
(33)
where
h = mean height in meters, and AGE = stand age in years.
This equation was constructed from observations of mean stand age and mean height for stands
(n= 207) in the West Cascades ecoregion from the USDA Forest Service forest Inventory and
Analysis dataset (51).
5. Human water use modeling
5.1 Water rights
Water is allocated in the WRB according to Oregon water law which operates according
to the “prior appropriations doctrine” used in most western states (54). The water rights system
allocates water according to water right priority date (first date of use historically). Under
Oregon law, all water is publicly owned. Irrigators, municipalities or other users must obtain a
permit from the Oregon Water Resources Department (OWRD) for a usufructuary right. Under
Oregon law, surface or groundwater must be put to a “beneficial purpose without waste.” Final
certificates of water rights define the timing of use, the maximum rate of diversion, and the
annual volume allowed under the water right. When conflicts arise due to shortage, the more
senior water right is given priority and more junior water rights are required to curtail their water
use if it conflicts with the appropriation of water by the senior water right holder. Water rights
may be transferred between points of use under Oregon law when transactions are arranged by
parties and approved by the OWRD (55).
Instream flows in the WRB are maintained at prescribed levels in two main ways. State
laws that recognize instream water rights as described here are one of these
(https://www.oregonlaws.org/ors/537.346). The other mechanism comes from Biological
Opinions produced under the U.S. Endangered Species Act for threatened or endangered species.
In the WRB there are four threatened or endangered fish species, and minimum flow to support
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their habitat are the basis for flow requirements at various control points in the main stem and
major tributaries. In general, these are maintained by way of dam operations above these control
points: reservoir management rules require the release of water to satisfy the flows prescribed by
the Biological Opinion (see section S3.7).
In addition to existing water rights for irrigation, the U.S. Bureau of Reclamation
(USBOR) has authority to enter into contracts with irrigators in the basin to supply water from
the U.S. Army Corps of Engineers (USACE) reservoirs. Any contract for stored water must also
be accompanied by an Oregon water right that specifies the conditions for diverting the stored
water released from the reservoir under a given contract (i.e., point of diversion, place of use,
use, maximum rate and duty, start date, end date). Currently USBOR is only authorized to offer
water contracts to agricultural users (55).
5.1.1 Water rights model
The water allocation model, AltWaterMaster, mimics the process that occurs in reality,
namely that when there is insufficient water available to serve the needs of multiple water right
holders, the relatively junior water right holders are required to curtail their diversion of water in
order to meet the needs of more senior water rights.
The AltWaterMaster algorithm follows these steps on a daily basis: 1) for each POD
associated with a water right (surface and groundwater), the algorithm begins with the most
senior water right and evaluates whether there is a request for water at that location; 2) if there is
a request, the algorithm evaluates whether there is sufficient water available to meet the request,
and if there are no other conflicts, the requested amount is diverted and delivered to the
corresponding use; 3) if there is insufficient water to meet the requested amount, the request is
partially filled with available water, and the remainder is denied. The algorithm identifies the set
of water rights upstream from its POD that are requesting water. If there are other upstream
water rights PODs that are relatively junior in priority, and if this conflict has been in effect for
seven days, then the upstream junior water right is shutoff (for the remainder of the current year)
so that the downstream senior water right holder can resume diverting water. For instream water
rights, the flow amount required by the water right is maintained in the stream so long as no
competing irrigation or municipal water rights are senior to the instream water right (55).
In the case of an instream water right, the amount of water “requested” is the amount
provided for as minimum flow for the instream water right. In the case of urban water rights,
there is an estimated daily urban water demand (see the Urban Water Demand section). In the
case of an irrigation water right, there are three steps for determining the water request for an
irrigation water right: i) crop choice, ii) irrigation decision, iii) biophysical water requirements.
Depending on the irrigation decision and crop choice outcomes, there will be a soil moisture and
crop ET estimated for each day from planting date to harvest date (see section on crop ET). If
soil moisture falls below a level adequate to meet the needs of the crop at that particular stage of
growth, there will be an “irrigation request” for the amount of water needed to satisfy the crop
growth requirements. The computation of the amount of water requested, therefore, depends on
human decisions, crop development, temperature and precipitation, and soil moisture and
groundwater models.
5.1.2 Water rights model input data
The water rights model requires a detailed input data set to represent the irrigation,
municipal, and instream water rights in the basin, with specific details about the locations (point
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of use and point of diversion), allowed use, priority date, start date, end date, maximum rates and
duties (maximum total annual diverted amount). The input data for the model are based on the
Oregon Department of Water Resources (WRD) Water Rights Information System
http://www.oregon.gov/owrd/pages/wr/wris.aspx). This data center includes GIS and tabular data
for each water right in the state. These data were intersected with the model’s IDU parcels and
stream layer. Overlaps between POUs and PODs were not exact, but were approximated to
achieve a high correspondence between the modeled and the actual existing water rights in terms
of size, location and other characteristics. The input data set includes 15,413 irrigation water
rights, 1,024 municipal water rights, and 93 instream water rights. Of the irrigation water rights,
8,678 are surface water (232,720 acres) and 6,735 are groundwater (228,800 acres). A parcel of
farmland cannot have more than one “primary” irrigation water right (that can be used if there is
sufficient water available). The locations of the irrigation water rights are indicated in Figure S3.
Because the vast majority of irrigation water rights in the WRB have identical start dates
(March 1), end dates (Oct. 31), maximum rates (1/80th cfs per acre) and duties (2.5 acre-feet per
acre), these values were applied uniformly in the model. For municipal and instream water
rights, specific rates (max or min) were applied to each water right.
In the case of municipal water rights, most large cities have multiple water rights
including surface and groundwater rights, utilizing more than one point of diversion. Use of
these water rights is prioritized on the basis of multiple criteria including costs, water quality,
and seasonal availability. It is therefore impossible to predict which water right will be used, or
used first, based solely on the water right priority date. To replicate the priorities and sequencing
observed in the major cities in the basin, water use reports for recent years were used to
apportion the urban water demand to the water rights that have been used the most by each city.
The water right sources, types of storage, and forms of conveyance for municipal water
supply represent a complex capital-intensive supply system that would be very difficult to
accurately model, and to predict in terms of specific decades into the future. Municipalities, for
example, buy and sell water among neighboring cities. Portland’s main water supply is an out-ofbasin source at Bull Run, and the city currently sells about one-third of Bull Run diverted water
to other municipalities within the Metro area. The AltWaterMaster model operates on the basis
of the expectation that cities within the Portland Metro region will buy and sell water among
themselves as needed, and will continue to rely on the major surface water sources used
currently. As demand grows, the model allows for additional water to be made available by
utilizing sources of water from the mainstem of the Willamette River, which is in fact what is
currently being developed by the Tualatin Valley Water District.
5.2

Reservoir operation model
Discharge in the Willamette River Basin is regulated by 13 federally-owned projects that
modify the hydrograph to produce the benefits of flood regulation, power production, recreation,
fish and wildlife, irrigation, and water quality regulation. The projects were originally
constructed with the primary purpose of regulating flood flows, and this operational objective
remains the highest priority for determining reservoir releases. The priority of other operating
objectives varies by project and circumstance, as described in further detail below.
These 13 projects are jointly operated as a system, not as individual reservoirs. The
interdependency of the projects means that changes at any project have impacts on other
projects. Reservoir operations modeling is used by the US Army Corps of Engineers (USACE)
to analyze the effects of changes on the system. The USACE’s Hydraulic Engineering Center
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(HEC) developed one of the most commonly applied reservoir operations model (ResSim),
which has been implemented in the Willamette River Basin by USACE. ResSim performs rulebased calculations that are constrained by operational goals, regulatory targets, and priorities.
The structure of the reservoir operations model (ResSim Lite) implemented within the WW2100
model is based very closely on the 2012 version of the USACE’s ResSim model. Specific
operating rules and priorities within ResSim Lite duplicate those implemented in the USACE’s
ResSim model, including the 2009 Biological Opinion flow targets and releases (56).
5.2.1 Operational rules and their implementation
Each reservoir has operational zones (Table S10), which are based on pool elevation on a
particular date (Figure S4) and rules sets (Table S11) associated with it. The rule set is prioritized
within each zone and across reservoirs, such that the model calculates release quantities and
locations (i.e., powerhouse, regulating outlet, and spillway) at each time step to meet the highest
priority rule. These rules are organized into a rule priority table for each reservoir, which
contains a list of constraints, from lowest priority on top to highest priority on the bottom, for
each operation zone within the reservoir. The model attempts to meet all of the priority rules that
are physically possible for all reservoirs.
Flows at important downstream locations, henceforth control points, are used to establish
releases at reservoirs upstream. Many reservoirs can be influenced by a single control point (e.g
Minimum Flow at Salem) and many control points can be influenced by a single reservoir. At
any given time step, the system may be in one of three cases:
Case 1: Flow above the maximum. If the flow at a control point is above the maximum
allowed (bankfull), then negative amounts are allocated from each reservoir influenced, and
outflow is reduced at each of these reservoirs by the specified amount to help bring the
control point back within its limits.
Case 2: Flow below the minimum. If the flow at a control point is below the minimum
allowed, then positive amounts are allocated to each reservoir influenced, and outflow is
increased at each of these reservoirs by the specified amount to help bring the control point
back within its limits.
Case 3: Flow is above the minimum and below the maximum. Zero flow is allocated from
the influenced reservoirs.
In addition to flood regulation at control points, a number of other constraints are implemented
within the modeled and actual system. For example, environmental flow targets were established
under the 2008 Willamette Project Biological Opinion (56), as indicated in Tables S12 and S13.
The April-October flow targets vary based on the type of water year (Table S14). The water-year
type is established in the WW2100 model on 20 May, when the volume of water stored in all of
the reservoirs is summed.
Within the WW2100 model, each reservoir has one data object that stores eight variables:
time, pool elevation, rule curve elevation, inflow, outflow, powerhouse flow, regulating outlet
flow and spillway flow. The combined set of rules, constraints, priorities, and current conditions
are queried at each time step to establish releases, as summarized in the following series of
functions:
1. Update elevation and rule curve information and set desired release. The current pool
elevation is obtained and maximum gate outflows are updated based on the current pool
elevation. If the reservoir is a re-regulating reservoir (used to smooth releases from an
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upstream reservoir), inflow is set equal to outflow and the rule process is skipped. The
desired release is the amount of water needed to be released to take the pool elevation
back to the target pool elevation in one timestep. If a reservoir is below the target pool
elevation, then the desired release is set to 0.
2. Define the operations zone. The operations zone defines which rules are to be used to
determine outflow. The operation zone is defined by the current pool elevation with
respect to the rule curve (conservation curve in Figure S4). Once the operating zone is
determined, constraints are applied in order, determined by their place in the rule priority
table.
3. Apply constraints, prioritized within each zone. Constraint values are obtained from
lookup tables for each individual rule. If the constraint value applies (e.g. the outflow is
greater than a maximum, less than a minimum, etc.), then the actual release is adjusted to
conform to the constraint. The constraints are applied in order of priority, from lowest to
highest. The logic describing release decisions is explained in detail in (57), Section
11.4.1 of the HEC-ResSim User’s Manual. A number of constraints may be implemented
in any given time step. Max and Min constraints set upper and lower boundaries on
outflow. Increasing rate and decreasing rate rules govern the allowed rate of change of
flow releases (ramping rates). The control point constraints adjust outflow based on
current conditions at the control point. After application of all the rules, outflow is
checked to see if it is below the allowed minimum flow. Each time a constraint changes
the outflow value, the name of the constraint is stored as the “active rule.” The final
constraint applied, and thus the constraint controlling the outflow value, is stored for
output.
4. Assign Reservoir Outlet Flows. Once the outflow for a particular reservoir has been
determined, the outflow is split between the outlets, which can be power plant outlets,
regulating outlets, or spillway gates. Outlet are subject to physical and operational
constraints, and all the reservoirs in the model are prioritized in the same way, with
outflows being routed first to the penstocks for those that have a powerhouse, followed
by regulating outlets, and finally to the spillways.
The following values are collected at each time step (daily) for each reservoir modeled for
display in Willamette Envision: Pool Elevation, Rule Curve Elevation, Inflow, Outflow,
Powerhouse Flow, Regulating Outlet Flow, Spillway Flow, and the active rule, described in step
4 above.
5.3 Urban Water Use Models
5.3.1 Overview
The urban water use models consist of demand relationships for residential and
nonresidential urban water use for four major urban areas in the Willamette basin: the Portland
metropolitan area, Salem, Corvallis, and Eugene – Springfield. Additionally, there is a separate
model that combines residential and non-residential demand for smaller urban areas. These
demand relationships are used to generate estimates of the quantity of water used in each urban
area in future decades. The variables included in these models were selected based on a review
of the economics literature on urban water demand. An additional consideration was the need to
use variables that could be forecasted over the entire study period, either as exogenous drivers
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(such as income and population growth) or as variables generated by other models within the
Willamette Envision framework (such as population density).
5.3.2 Methods
The economics literature on urban water use indicates that water demand is a function of
the marginal price of water, pricing structure, income, and weather and seasonal effects (58-62).
Additionally, given the specific forecasting needs of the urban water component, we included
population and population density in the model. The model of residential water demand therefore
predicts total daily water used by residential customers (in hundreds of cubic feet – ccf) as a
function of price ($/ccf), pricing structure (increasing block rate or flat rate), city population,
median household income, and population density (persons/mile2). The model of nonresidential
water demand predicts total daily water used by nonresidential costumers (in ccf) as a function of
price, total city industrial (manufacturing) income, total city commercial income, and population.
The values of the response parameters for these variables were obtained from the
economics literature:
 Long-term price elasticity of demand: -0.6 (60);
 Income elasticity: 0.13 for flat rate pricing, 0.18 for increasing block rate pricing
(58);
 Population: 1.0 (63);
 Population density: -0.048 (64);
 Industrial (manufacturing) income: 0.11 (61);
 Commercial income: 0.04 (61).
We collected the most current information available at the beginning of the project for
each of these variables for Portland, Salem, Corvallis, Eugene, and Springfield. Information on
water rates, price structure, and water use was obtained from Water Management and
Conservation Plans for Portland (2010), Salem (2009), Corvallis (2005), and Eugene (2012), and
from the Springfield Utility Board Springfield (2012). Information on personal, manufacturing,
and commercial income comes from the Bureau of Economic Analysis. Population and
population density information is from the US Census. The coefficients listed above were
combined with the averages of water quantity, price, income, population, and density for the five
cities to calibrate a log-linear model and calculate the intercept term corresponding to the
baseline averages. Because the intercept varies with the pricing structure, we calculated two
intercepts using the corresponding averages for cities with flat rate and increasing block rate
(IBR). Then we calculated the necessary coefficient for the IBR indicator variable to give the
correct intercept when IBR is set to 0 or 1. Finally, the demand models were adjusted to reflect
seasonal variations in demand.
The resulting models for the four main cities (Portland Metro, Salem, Corvallis, EugeneSpringfield) are as follows.
Residential demand:
ln(QRAvg) = -(3.0159618 + 0.47698 IBR) – (0.6 ln(p)) + ln(Pop) +
(0.13 + 0.05 IBR) (ln(I)) – (0.048 ln(D))
(34)
R
R
Q t = exp(ln(Q Avg)) [units are in ccf/day]
(35)
Non-residential demand:
ln(QNRAvg) = - 2.727616 – (0.6 ln(p)) + (0.11 ln(Ind.I)) + (0.04 ln(Comm.I)) +
(0.85 ln(Pop))
(36)
QNRt = exp(ln(QNRAvg))
(37)
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where QR and QNR are the sum of the total daily water use for the entire city in hundreds of cubic
feet (ccf), p is price in $/ccf, Pop is city population, D is density (persons per square mile), I is
median household income, IBR = 1 if the city has an Increasing Block Rate pricing structure and
IBR = 0 otherwise, Ind. I is total city industrial (manufacturing) income (thousands of $), and
Comm. I is total city commercial income (thousands of $).
For other cities, demand is also a function of population, income, and price ($/ccf). They
do not have separate non-residential demand functions, nor do they use IBR pricing. Prices are
based on the water delivery average cost function, which declines with rising population.
We adjust residential demand above for seasonality by decomposing daily water use into
outdoor and indoor use components, based on twenty-four years of daily data from Portland
Water Bureau. Total predicted yearly water demand from above is divided by 365 to obtain daily
use, and then multiplied by indoor and outdoor fractions to reflect seasonality. Outdoor water use
rises from a negligible share of daily use between November and April to a maximum of 43% of
daily use in late July.
The baseline prices used for calibration for the four main cities are:
Residential: Portland (all of metro area): $2.44/ccf, Salem: $2.04/ccf, Corvallis: $1.93/ccf;
Eugene-Springfield: $2.00/ccf.
Non-residential: Portland (all of metro area): $2.44/ccf, Salem: $1.50/ccf, Corvallis: $2.11/ccf;
Eugene-Springfield: $2.00/ccf.
We set IBR = 1 for Corvallis and Eugene-Springfield, and IBR = 0 for Portland, Salem.
We use IBR = 0 for other urban areas.
Baseline manufacturing income (x 1000 $) is 9,851,720 for Portland, 651,857 for Salem,
461,476 for Corvallis, and 723,165 for Eugene-Springfield. Baseline commercial income (x 1000
$) is 58,292,148 for Portland, 7,350,692 for Salem, 1,598,343 for Corvallis, and 6,565,399 for
Eugene-Springfield.
Rural residential demand is given by
(38)
ln(QRR)= -3.55 – (0.6 ln(PC)) + ln(Pop) + (0.13 ln(I)) - (0.048 ln(D))
where PC is the “price” for water ($/ccf) (the cost of pumping, $0.3/ccf), Pop is the population
of the rural residential IDU, I is average income per household for the relevant county, D is
density (people per sq. mi.) (assumed to be 768 per square mile in rural areas, or two acres per
household).
Future water price trends are highly uncertain. We set up a base case path for water prices
that allows for increases of 6% each year from 2011 to 2015 to reflect price increases observed
in several urban areas in the study region since 2010. Additionally, we implement an average
increase in water prices of 1.5% per year from 2016 to 2025 based on evidence of rising financial
needs for many water utilities in the basin due to a backlog of infrastructure maintenance needs
as well new capital requirements for expanded capacity and seismic risk reduction upgrades.
Beyond 2025 prices are assumed to change in proportion to average current cost (ACt), which is
a function of population. Sensitivity analysis on this base case price path was performed for
25%, 50% and 75% higher priced trajectories, indicating demand growth up to 30% below the
baseline levels.
Specifically, the following relationship was estimated using national data (63):
ACt = 0.748 exp{9.93 – 0.355 ln Popt + 0.030(ln Popt)2 – 0.001(ln Popt)3}
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Prices change according to

Pt − Pt =0 ACt − ACt =0
ACt
; Pt
=
=
× Pt =0 .
Pt 0=
ACt 0 =
ACt 0
=

(40)

5.3.3 Validation
We conducted two validation exercises for the urban water demand model. First, we
compare the predicted per capita water consumption calculated from the model with values
reported by the corresponding city utilities. Table S15 suggests that the model predicts per capita
water use for 2010 reasonably well, both on average and for individual urban areas. The model
estimate for per capita consumption for 2010 is somewhat lower than the observed levels. This
reflects in part the rising prices and declining trend observed during this period.
Second, we used the urban water demand model and data on water prices and water
consumption for Portland from 1995 to 2011 (from Portland Water Bureau) to generate a
hindcast of water consumption in Portland during that period. The objective is to compare water
consumption predicted by the model with observed data, given the relatively large price
increases over the period, as shown in Table S16. The average yearly increase in water use was
5.3%. The table shows the water use predicted for Portland by the model, along with observed
consumption amounts. The trends are show in Figure S5.
Per capita water use decreased by 39.83 gallons per day (26%) between 1994 and 2012.
For that period our model predicts a total decrease of 39.84 gallons per day (31%). Hence, this
“precasting” exercise suggests the urban water model replicates trends in per capita water
consumption in response to changes in water price well 2.
5.4 Agricultural water use
In each year that an IDU is assigned to the agricultural land use, farmer decisions are
modeled to simulate crop choices and irrigation decisions. Irrigation is only possible on IDUs
with existing irrigation water rights. These initial decisions are then followed by daily decisions
related to planting and harvesting, and (possibly) applying irrigation water. The availability of
irrigation water is also subject to regulatory shutoffs in accordance with the prior appropriations
seniority system under state law (as described in S5.1). These combinations of decisions,
choices, actions and responses to exogenous factors produce a unique pattern of crop water use,
irrigation diversions, soil moisture and groundwater contributions, and net farm income (annual
land rent) at the IDU level. To the extent that irrigation water is shutoff by regulators, short-run
annual land rent is reduced, as is long-run (expected) land rent.
Crop water use in agriculture is estimated on a daily basis reflecting the crop or
vegetative cover of each IDU and evapotranspiration as a function of meteorological factors,
crop type and growth stage (as described in S3.6). If a field is irrigated, the amount of water
diverted and applied to a field will exceed this biological crop water demand to reflect the
average irrigation efficiency of the application and conveyance technologies used in the basin
(primarily sprinkler irrigation). An irrigation efficiency of 0.8 is assumed, so that the applied
water will exceed crop requirements by 25%. The extra water not accounted for by crop ET is
returned to the soil and subsurface reservoirs, and ultimately back to the stream network.
2

Note that the model is not intended to predict water consumption in Portland individually, as it is calibrated using
data for the five major urban areas in the basin.
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5.4.1 Crop choice
The crop choice model estimates the probability of growing each of seven crop types or
groups for the modeled year. The empirical model is estimated at the parcel level based on
observed cropping patterns in recent years. The model estimates the crop observed as a function
of IDU characteristics including soil quality (land capability class), elevation, and the presence
of an irrigation water right, as well as varying attributes including crop prices and expected water
availability (for those IDUs with irrigation water rights). Given the estimated probabilities for
each IDU, the simulation models determines the crop for each IDU in each year with a random
draw reflecting these estimated probabilities. No evidence of crop choices being correlated
across years (i.e., a crop rotation schedule) were found in the data or in interviews with farmers
or agricultural extension personnel. Crop prices are assumed to remain constant (in real terms) in
modeled scenarios given their high uncertainty.
The crop choice model is estimated as a hedonic relationship based on parcel-level GIS
data on 100,555 parcels over a six year period. Crops were identified using USDA Crop Scape
agricultural land cover data. Parcel data included land characteristics (land capability class
(LCC), elevation, slope, field size, and water rights), climatic characteristics (average
precipitation, minimum temperature), and crop prices.
The model was estimated using ordinary least-squares as follows:

P=j β 0 + ∑ i =1 βi
14

(41)

for crops j = 1 to 8 where 8 is “other crops,” where Pj is the probability of planting crop j in the
current year, and independent variables 1-14 are:
LCC1 to LCC7 = the dominant soil type (land capability class) in the IDU
EL
= elevation (in meters, demeaned where ����
𝐸𝐸𝐸𝐸= 97.2)
���
SL
= slope (percent) (demeaned, where 𝑆𝑆𝑆𝑆= 3.704)
PR
= precipitation April-October (inches, demeaned where ����
𝑃𝑃𝑃𝑃 = 13.63)
MT
= minimum temperature April-October (degrees C, demeaned where �����
𝑀𝑀𝑀𝑀 = 8.556)
PG
= price of grass seed (average over period = $64/ton)
PW
= price of wheat (average over period = $5/bushel)
IR
= existence of irrigation water right (1 if a water right exists, otherwise 0)
The estimated coefficients are indicated in Table S17.
The resulting modeled values are interpreted as the probabilities for each crop to be
grown. The model is implemented as a “random draw” to determine which crop is grown each
year at a given IDU location. The effect of the existence of an irrigation water right on crop
choice will be moderated to the extent that a water right shutoff is anticipated in a given year. To
represent this circumstance, the implemented crop choice model included an additional term,
IR*SE, the interaction of IR as defined above with SE (expected snow), where SE = 1 if the April
1 snowpack measure is greater than or equal to the average snowpack in the previous 10 years, or
SE = (1- SH) if the April 1 snowpack measure is less than the average snowpack in the previous
10 years (and where SH = the frequency in the previous 10 years that the water right has
experienced a regulatory shutoff (0<SH<1, with an initial value of 0 for all IDUs).
For perennial crops (orchards, vineyards, tree crops), a fixed set of IDUs is permanently
assigned. These areas represent a relatively small proportion of farmland in the basin; they are
relatively stable in area and location.
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5.4.2 Irrigation decisions
Farmers in the WRB typically own and cultivate multiple fields and each year make
decisions about which crops to grow on each field, whether to irrigate those field with irrigation
water rights, what equipment to use on which fields, etc. We model these decisions at the parcel
(or IDU) level as representative of farm-level decisions. A survey was conducted in the fall of
2012 to collect data from farmers’ about their irrigation and crop choice decisions for a sample
of parcels, and over the previous six years for those individual fields. The survey had a unique
design in that farmers were asked to identify their irrigated fields on a map, so that their
responses could be matched to land quality and climate data. Integration of survey responses
with spatial data allowed for development of an irrigation decision model that could explain why
a large percentage of existing water rights were not being used in a given year.
A sample of 530 farmers were surveyed and data was collected on up to three fields for
each farmer over a six year period. A discrete choice irrigation decision model was estimated
based on these data (71). The logit model estimated takes a form such that the probability PIR of
irrigating a given field is estimated. Using a panel of 4,409 observations the following
relationship was estimated:
17
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where the variables and their estimated coefficients are indicated in Table S18.
The spatial data sources include PRISM data for monthly precipitation April to August
(2007-2012) as well as for 30-year monthly averages (1980-2010); the soils gridded data (10
meters) and elevation data came from USDA GeoSpatial Gateway. Water rights were from the
Oregon Water Resources Department. Distances to major cities and to the Willamette River were
computed using Oregon GIS clearinghouse data on streams and city boundaries. Soil water
holding capacity comes from the Arc GIS SSURGO layer.
Crop choice and irrigation decisions are interdependent. Farmers may make crop choices and
irrigation decisions simultaneously or, if sequentially, in either order. In the WRB most major
crops are sometimes grown non-irrigated or irrigated. The correlations in these decisions are
reflected in the crop cover data, irrigation survey data, and are reflected in the crop choice
probabilities. In addition, farmland rent reflect profits from farming and irrigation decisions. In
general farmers will not plant or irrigate land that is expected to generate no profit or rent.
Reflecting this, the following rules were introduced in the simulations:
i.
If farmland rent < $1, crop choice is fallow and probability of irrigating = 0.
ii.
If the irrigation decision is ‘yes’, the probability of fallow is zero.
iii.
If the irrigation decision is ‘yes’, the probability of wheat is zero.
iv.
If the irrigation decision is ‘no’, the probability of corn is zero.
As a result of these adjustments for fallow, wheat, and corn, the probability of “other crops”

(j=8) is adjusted for consistency so that P8 = 1 − ∑ j =1 Pj .
7

Although irrigation can increase profits through higher yields and by expanding the range of
crops that can be grown, it is also costly in time, energy costs and capital costs. Since farmers are
heterogeneous in their production skills and in the attributes of their land, the additional benefits
will justify irrigation for some farmers but not for others, and in some years but not in other
years.
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5.4.3 Farmland rent
The economic rent or annual profit from farming a given piece of land can play an
important role of farm decisions to plant a crop, irrigate, or transition out of farming. Our
estimation of farmland rent takes a Ricardian approach that is common in models of the
economic returns to agriculture (72). Land value is assumed to equal the net present value of
future rents from putting the land to its highest value use; as a result we expect to see variation in
land values and annual rents due to characteristics of the land that would influence agricultural
productivity such as soil quality and precipitation or irrigation water rights.
Similar to the hedonic model of crop choice, farmland rents are decomposed as a function
of the factors affecting agricultural productivity (71). The source data on farmland values and
rents originate from data collected by county assessors, a process required in Oregon to monitor
levels and trends in both real market land values and assessed values. Drawing on land sales,
land rentals, surveys, and expert analysis, county assessors produce estimates of average
farmland rents within a county by soil type, or Land Capability Class (LCC) and by zone within
a county, for parcels with and without irrigation water rights. In the absence of an adequate
sample of data on individual farmland sales, these semi-aggregated data reflected sufficient
variation across zones and soils that hedonic analysis could be used to infer the contribution of
other covariates such as elevation, precipitation, minimum temperature, etc. The first step was to
assign a rent to each parcel across zones, soils and water right assignments according to the
county estimated real market value for those locations and characteristics. These became the
dependent variables for a hedonic model estimation that included two variables that determined
the assigned rent level (LCC and existence of irrigation water rights), as well as other
characteristics of the parcels (elevation, temperature, precipitation, etc.). By regressing these
variables on the farmland rent estimate, we are able to recover, for example, the marginal value
of higher summer temperature or lower elevation independent of the soil class.
To compile a data set of agricultural tax lots spanning the extent of the Willamette
Valley, cadastral and zoning tax lot data were collected from all counties, identifying the tax lots
zoned for agricultural use. Small tax lots less than 10 acres were excluded. See (71) for
additional detail. The hedonic estimation included soil classes LCC 1-4, 6, and 7 independently,
and in the case of LCC 1-4 interacted with a dummy variable for existence of an irrigation water
right (IRR). 3 Independent variables include the IDU elevation, historical average growing season
precipitation (demeaned using the basinwide mean), historical average growing season minimum
temperature (demeaned using the basinwide mean). Parcel size in acres was interacted with each
of elevation, precipitation, and temperature. For the IDU values of farmland rent, mean parcel
size was assumed.
Using these data the rent for each parcel was estimated with the following form:
R = β0 + ∑16
(43)
1 𝛽𝛽𝑗𝑗 𝑋𝑋𝑗𝑗 + ε
where R is the parcel rent (per acre per year), β0 is the intercept, 𝑋𝑋𝑗𝑗 represents the variables in the
Table S19 where the estimated coefficients are shown for each of the 16 variables, 𝑋𝑋𝑗𝑗 .
The long-term farmland rent denotes the expected rents E(R) in future years based on
recent observed rents, including the potential risk associated with shutoffs of irrigation water
rights. With the short-term economic rent estimations above, and the updated modeled values for
3

There were insufficient observations of LCC5 land in the data to estimate a coefficient. As a result, we
have assumed LCC5 lands will be treated as if they have the same value as LCC6 lands.
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shutoffs, the value of E(R) is estimated annually by interacting the four irrigable LCC variables
with a measure of the risk of an irrigation shutoff (SH), where SH in year t equals the frequency
in the previous 10 years that the IDU’s water right had been shut off (0<SH<1; initial value
SH=0).
The farmland rent data as well as farmland sales data indicates a relatively low value of
irrigation water rights (averaging $17/acre-foot of applied water) compared to other irrigated
areas in the western U.S. These lower values for irrigation water reflect the relatively high
precipitation in the Willamette Valley during spring and early summer in most years. There is
sufficient rainfall leading up to and over the course of the growing season that irrigation is not
essential for many crops. As a result, a proportion of irrigation water rights go unused in any
given year. Indeed, the area of land irrigated in a given year in the Willamette Basin (based on
the USDA Census of Agriculture) is about one-third less than the area possessing irrigation water
rights (68).
The distribution of irrigation water rights in the basin, and the realized or potential
economic rent (incremental profits) from irrigation were estimated for each IDU in the valley
(see Figure S3). The location of the farmland without water rights, and their distance to a river
below one of the federal storage dams, is critical for determining whether water could be
conveyed to these farmlands at a cost that would be economic. See section S5.4.5.
S5.4.4 Validation
The combination of model results for crop choice, irrigation decisions, and farm rents are
compared here with data from the USDA Census of Agriculture, 2012 (Table S20). The main
crop categories among harvested cropland acreage in the USDA data are grass seed (53%), hay
(15%), orchards (5.6%), vegetables (included as “other”) (5.4%), field crops (4.5%), and nursery
crops (4%), also included in Table S20 as “other”). This pattern has been relatively stable for
many years for the major crops; grass seed has been the dominant crop by acreage for more than
50 years.
Harvested cropland has averaged about 900,000 acres over the past decade, declining
from a high of about 1 million acres in the 1980s. About 267,000 of these acres, or about 30%,
are irrigated in any given year (USDA Census of Agriculture data, 1997-2012). Of these, just
over half (about 140,000 acres, or 52%) are irrigated with surface water rights. The breakdown
between surface and groundwater irrigation is based on our own farm survey (discussed above
under “Irrigation decisions”).
The acreage of irrigated farmland in the Basin has remained relatively stable since the
mid-1990s. Prior to that time, irrigated acres rose gradually, reflecting the acquisition of new
irrigation water rights. Since the available live flow water rights were fully allocated as of the
1990s, no new irrigation water rights have been approved by the OWRD.
Data on existing irrigation water rights indicate about 462,000 acres with irrigation water
rights from surface, groundwater, and stored water (federally contracted) sources. Given the
annual irrigated acreages of 267,000 acres, this indicates a rate of utilization of irrigation water
rights of 55 to 60%. The estimated frequency of utilization of irrigation water rights from our
farm survey (and the basis for the modeled acreages irrigated) was 62%.
An exact count of irrigation water rights is complicated by several factors: (a) Water
rights can sometimes have multiple uses (irrigation, domestic, livestock); (b) A small fraction of
irrigation water rights in the WRB are “supplemental water rights” rather than primary, and thus
cannot be used unless the primary right is exhausted or unavailable (supplemental water rights
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were not included in this model); (c) The Oregon water rights database contains measurement
errors, GIS errors, and other imperfections; and (d) some water rights may have been abandoned
or are not known to the landowner.)
5.4.5 Conveyance costs for new irrigation
The annual economic profitability estimates for farming with and without irrigation water
rights is estimated above in S5.10. These results reflect both the additional costs and added
revenues that come with irrigation, on average for the sample locations, soil classes, and types of
irrigation infrastructure observed. The number of farms with irrigation water rights in the basin
has been stable since the 1990s.
Agricultural lands in the Willamette basin that currently do not have irrigation water
rights may benefit from opportunities to acquire new water rights under federal contracts for
stored water at one of the USACE reservoirs. An important question surrounding this large
volume of stored water in federal reservoirs (1.6 million acre-feet) is whether farmland that
currently does not have irrigation water rights could switch from rain-fed agriculture to irrigated
agriculture profitably. Most existing irrigation relies on surface water or groundwater sources
very near or within the parcels being irrigated. In the case of stored water from federal reservoirs,
the water would need to be transported from a river that is downstream from one of the federal
dams to a currently unirrigated field. The costs of conveyance for this option may be
significantly higher than for existing irrigation. Costs will vary by distance and lift (raising the
water through pipes above the level of the river). Large scale canals that rely on gravity and
serve large areas of farmland are no longer possible because creating the necessary right-of-ways
along topographical gradients now conflict with a multitude of private properties, roads and other
infrastructure. Recent developments of new irrigation in the basin have involved underground
pipes and pumps. The costs of these same technologies are estimated here.
The profitability of a new contract for stored water will depend on a comparison of the
irrigation benefits (higher yields and wider range of crop choices, estimated as described above
in 5.4.2) and the additional costs (capital investments in infrastructure, labor, and energy costs).
For new contract water rights we assume the irrigation premium to be the same as for existing
irrigation water rights if the costs of irrigating are similar to the average costs for existing surface
and groundwater rights. In the case of new water rights from stored water we expect the costs to
be somewhat higher due to a) the fee paid to the BOR for the water contract, b) the extra cost for
mainline conveyance to bring the water from a below-reservoir tributary to the field, and c) the
extra lift required. Whether or not a new irrigation water right will be attractive to a farmer will
depend on whether farming with irrigation is more profitable than without irrigation.
One of the alternative scenarios used in the analysis for this paper involves allowing
currently non-irrigated farmlands to adopt irrigation relying on stored water contracts if increase
in revenue exceeds the increased costs. Changes in revenues will vary by soil class; changes in
costs will vary due to the distance and lift required for water conveyance.
The estimate of these costs are described here. There are two components to these costs,
a) the infrastructure and installation capital costs and b) the additional energy costs. For both of
these costs we estimate average values for a representative irrigation operation of 120 acres
(which could involve combining multiple fields via cooperation or land sales).
Capital costs for mainline conveyance systems include the pipe and below-ground
installation costs. The size of the pipe is tied to the flow rate needed to serve the irrigable area;
larger pipes are more costly but also increase capacity and reduce friction losses. For a range of
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diameter pipes the costs, capacity, friction losses and irrigable areas are shown in Table S21. Our
analysis is based on use of an 8” pipe to serve a 120-acre farm. The annualized capital costs are
estimated to be $0.59 per year per 100 feet of mainline (assuming 120 acres, or an average rate
of 6.5 gpm). So for a mainline of 1,000 feet, this would mean an added cost of $5.90 per acre per
year. In addition, there is a charge from the US Bureau of Reclamation that will average about
$9/acre.
The extra variable costs for irrigation with a stored water irrigation contract are energy costs
for pumping water a given distance and lift along the mainline pipes to bring water from the
point of diversion from a river to the irrigated field. The added cost is estimated as a function of
the mainline length and the lift (73, 74).
The energy cost, c, can be expressed as
c= p × E
(44)
where p is the price of electricity ($/kwh) and E is the energy consumed in kwh. We have
E = t × (output power )
(45)
where t is time (hours) and output power is the power per unit time. The rate of energy use is

output power =

q × TDH
3,960

(46)

where q is the pumping rate per hour, and TDH is the total dynamic head, or the sum of the lift,
head losses, friction losses, and the pressure at the pump (in psi multiplied by 2.306 to get
horsepower).
To convert output power from horsepower to kilowatts we multiply by 0.746. And to
adjust for the overall pumping plant efficiency, Eplant, the expression is divided by this value,
which can range from 0.7-0.8. A midrange value for pumping plant efficiency is 0.75, or input
power must be one-third higher than output power.
The hours of pumping, t, necessary to apply the required irrigation water (acre-inches), d,
is computed as

t=

( d × 27,154 )
( q × 60)

(47)

Combining the relationships in (2), (3) and (4) above and simplifying (e.g.,
27,154/(60*3960)=0.114285) we can write this as

 d × TDH × 0.114285 × 0.746 
c = p


E plant



(48)

For our benchmark assumptions we use p=0.06, d=16 inches/acre, and Eplant = 0.75.
To estimate the incremental energy costs for the length and lift of additional mainline
systems, we need to compute the additional TDH due to the additional mainline length and lift.
The Hazen-Williams formula for head loss in a pipe is:
𝑄𝑄 1.852
𝐶𝐶
𝐷𝐷 4.87

� �

(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿ℎ)
𝐻𝐻𝑓𝑓 = 𝐾𝐾
(49)
where Hf is friction head loss (feet/foot), Q is flow rate (gpm), D is the inside diameter of the
pipe (in), Kf is a constant (1046), length is the length of the pipe (feet), and C is a “roughness
factor.”
For a representative system in the Willamette basin we will assume C=140 (for PVC
pipe), Q=672 gpm (5.6 gpm for 120 acres), D=8 inches. With these assumptions we can estimate
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Hf as a function of the length of the pipe. To this we add the required lift (in feet) to get the
portion of TDH attributable to the extra mainline conveyance. With these parameters, the
additional cost for mainline conveyance is estimated to be $0.069/per acre for every 100 feet of
mainline, and about $0.091/acre for every 10 feet of lift.
Total additional costs with stored water contracts
Combining these fixed and variable cost estimates on an annualized, per acre basis, we
get the following costs per 100 feet of mainline: $9 (contract price), plus $0.59 (capital cost),
plus $8.35 (energy cost). To this add $0.11 per foot of lift. For a parcel that is 300 feet from the
below-reservoir stream, and 20 feet above the stream, the extra conveyance cost would be $36.80
per acre per year.
Two versions of an alternative scenario allowing adoption of new irrigation water rights
tied to stored water contracts were run. The first of these included these added costs for all
parcels currently without water rights. In cases where the estimated increased farm rents
exceeded the additional conveyance costs, the probability of adoption rose as a function of the
increased profits per acre. Probabilities were sufficiently high so that all profitable adoptions
occurred by the year 2030. In the second version of this “new irrigation” scenario, the costs of
conveyance were reduced by half, and the fee paid to the USACE was eliminated. The areas
adopting new irrigation rose under the second scenario, but remained below 30,000 acres of
newly irrigated land.
6. Model scenarios, sensitivity analysis, and validation
The WW2100 model simulations for the period 2010-2100 include a reference case or
“business-as-usual” scenario as well as 21 alternative scenarios (see Figure S6). This reference
case scenario includes mid-range assumptions about climate change, population and income
growth, and also includes assumptions about prices, institutions, and other parameters in ways
that represent the most likely future conditions. These maintained assumptions include water
rights, the Oregon land-use planning system, reservoir operating rules, forest practices, and urban
water prices. The descriptions above for the climate model, population and income trajectories
and other assumptions are those used in the reference case scenario. Many aspects of the
scenarios were developed and refined working closely with a wide range of stakeholders.
The other 21 alternative scenarios were modeled and run for a variety of purposes
including sensitivity analysis, counterfactual comparisons with the reference case, and validation
(for example, simulating the 1950-2009 historical period and comparing the hydrology to
measured results). The other scenarios varied climate change, population and income growth,
reservoir operations, urban expansion, forest fire suppression, irrigation and cropping decisions,
implementation of additional planned instream flow water rights, and resource management
decisions. Sensitivity analysis scenarios included the use of either the reference case or the high
climate models described in S2.1. Population and income growth were modified to generate
alternative scenarios for a doubling of the population growth rate. In addition to this,
counterfactual scenarios were run for a) no growth in income, b) no growth in population, and c)
no growth in either population or income.
The scenarios implemented as sensitivity analysis, as well as the modeling of the
historical period, represented one way to assess the effects of multiple sources of uncertainty in
the model. Additional scenarios in the study include a) changes in reservoir management
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(delayed refill of reservoirs during the spring; and “run of the river”, e.g., no filling of
reservoirs), b) no agriculture, c) changes in the propensity to irrigation (higher, lower), d) less
restrictive urban growth boundary expansion, e) increased wildfire suppression, f) new irrigation
water rights linked to reservoir storage of water, and g) additional instream water rights (as are
currently in the process of being implemented by the state of Oregon).
Fifteen of the scenarios modeled, including the reference case, provide a basis for
evaluating the sensitivity of model outputs to a range of assumptions reflecting uncertainty about
future patterns or trajectories. These include uncertainty about climate change, population
growth, income growth, future policies such as land use regulations, irrigation water use, the
implementation of new regulations for instream flows, or combinations of the above. Taken
together, these scenarios that modify one or multiple changes in these assumptions provide a
measure of the variability in model outcomes resulting from these alternative assumptions. The
set of metrics in Table S22 include the standard deviation and coefficient of variation for a set of
modeled outcomes related to water supply and demand. The mean CV is 9.2%. Given the wide
variation in assumptions for some of the scenarios (e.g., high climate change, doubling of
population growth, much higher irrigation rates) this level of variation seems modest. In several
cases, relatively high CVs are obviously due to several of the scenarios (e.g., snow evaporation
across climate scenarios). When small numbers of these specific scenarios are excluded, the CV
is much lower. Using these subsets as indicated in Table S22 reduces the average CV to 2.7%.
Validation and verification of model components was undertaken in a variety of ways, depending
on the model type and other factors. As described above, climate models were chosen to provide
a close fit to historical data (section 2.1). Hydrology models underwent detailed calibration
(section 3.7). Land use change, urban water demand, and agricultural cropping and irrigation
were each compared to historical patterns and were found to be validated (sections 4.1.5, 5.3.3,
and 5.4.4, respectively). Undertaking a whole-model validation exercise was not feasible because
it would require ascertaining a new set of initial values (e.g., for year 1980) for the attributes on
all 165,000 IDUs (i.e., land use, land value, forest inventory, water rights, urban growth
boundaries, as well as water prices, population and income parameters), an effort for which
adequate data and documentation do not exist.
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Table S1. WRB population by county, 2010 with projections to 2100
County
2010
2020
2030
2040
2050
2060
2070
2080
2090
2100
Benton
85,735 91,379 98,516 105,050 111,666
117,965
124,654
131,324
138,046
144,747
Clackamas
376,780 422,576 485,054 537,753 583,814
632,743
683,634
733,473
784,317
835,025
Columbia
49,430 54,517 61,273 66,683
71,406
76,602
81,893
87,075
92,382
97,665
Lane
352,010 378,335 410,247 437,345 464,839
484,993
510,123
535,347
561,186
586,691
Linn
116,840 128,454 143,673 156,505 168,189
182,975
196,074
208,984
222,121
235,208
Marion
315,900 355,189 406,612 453,557 498,624
546,985
594,121
640,937
688,158
735,286
Multnomah
736,785 807,198 879,987 936,729 982,504 1,043,468 1,099,046 1,153,091 1,208,765 1,264,178
Polk
75,495 88,081 105,274 121,044 135,877
151,482
167,094
182,557
198,156
213,739
Washington
531,070 622,368 731,125 830,100 915,979 1,029,672 1,129,306 1,227,089 1,326,142 1,425,214
Yamhill
99,405 113,611 133,907 151,564 167,300
185,049
202,225
219,098
236,251
253,371

Table S2. Mean household total personal income by county, 2010 with projections to 2010
2010
2020
2030
2040
2050
2060
2070
Benton
81,135
90,837
111,158
138,697
159,685
183,327
207,001
Clackamas
106,818
115,168
135,842
164,259
185,514
209,709
233,902
Columbia
80,447
87,493
100,768
118,270
131,802
146,987
162,141
Lane
73,652
78,525
92,866
112,348
126,928
143,555
160,150
Linn
70,689
76,486
89,999
107,938
121,658
137,143
152,595
Marion
83,378
89,362
105,957
128,319
145,205
164,373
183,508
Multnomah
86,976
94,535
112,009
134,985
152,595
172,482
192,297
Polk
75,922
78,801
90,878
107,493
119,668
133,724
147,728
Washington
96,366
96,077
109,461
130,367
144,147
160,894
177,606
Yamhill
83,544
89,774
105,060
125,919
141,576
159,383
177,173
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2080
230,198
257,593
177,027
176,421
167,768
202,279
211,771
161,453
193,837
194,605

2090
253,719
281,633
192,106
192,924
183,141
221,311
231,498
175,383
210,410
212,289

2100
277,111
305,531
207,105
209,330
198,431
240,233
251,115
189,224
226,841
229,870
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S3. Normalized root-mean-square-error of observed flows (reservoir
inflows) vs. modeled inflows, 1980-2009
Tributary/reservoir
Blue River Lake
Cottage Grove Lake
Cougar Reservoir
Detroit Lake
Dorena Lake
Fall Creek Lake
Fern Ridge Lake
Green Peter Lake
Hills Creek Lake

Annual
41%
24%
22%
16%
27%
34%
31%
24%
15%

Nov-May
33%
19%
19%
15%
22%
28%
24%
20%
14%

Jun-Oct
65%
63%
27%
19%
44%
52%
122%
34%
13%
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Table S4. Calibration parameter values by subbasin
Basin
Subbasin
Willamette mainstem
Lower mainstem
Middle Fork Willamette
Hills Creek Reservoir drainage
Middle Fork Willamette
Fall Creek Reservoir drainage
Coast Fork Willamette
Dorena Reservoir drainage
Coast Fork Willamette
Cottage Grove Reservoir drainage
Long Tom River
Fern Ridge Reservoir drainage
McKenzie River
Cougar Reservoir drainage
McKenzie River
Blue River Reservoir drainage
South Santiam River
Green Peter Reservoir drainage
North Santiam River
Detroit Reservoir drainage
Clackamas River
Above the River Mill gage
Willamette mainstem
Above the Salem gage
McKenzie River
Above the Walterville gage
Long Tom River
Above the Monroe gage
South Santiam River
Above the Waterloo gage
North Santiam River
Above the Mehama gage
Middle Fork Willamette
Above the Jasper gage
Coast Fork Willamette
Above the Goshen gage
Tualatin River
Above the West Linn gage
Yamhill River
Above the McMinnville gage
Lower bound:
Upper bound:

CFMAX
6.00
3.74
3.28
2.74
2.98
4.67
2.64
2.53
4.06
3.45
2.52
6.00
2.98
4.67
4.06
3.45
3.28
6.00
5.77
5.77
2.50
6.00

CFR
0.069
0.001
0.080
0.026
0.054
0.034
0.014
0.054
0.010
0.009
0.014
0.069
0.047
0.034
0.010
0.009
0.080
0.069
0.026
0.026
0
0.100

FC
536
151
201
280
521
392
330
220
191
148
216
536
225
392
191
148
201
536
271
271
50
550

BETA PERC
4.83
0.20
1.38
0.20
1.35
0.18
1.24
0.19
1.02
0.16
2.50
0.20
1.11
0.20
1.15
0.19
2.24
0.19
1.14
0.20
1.24
0.19
4.83
0.20
4.50
0.20
2.50
0.20
2.24
0.19
1.14
0.20
1.35
0.18
4.83
0.20
3.08
0.18
3.08
0.18
1.00
0.01
6.00
0.20
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UZL
30.85
7.27
0.96
1.11
8.50
2.09
9.13
4.43
1.37
8.89
8.86
30.85
8.17
2.09
1.37
8.89
0.96
30.85
0.21
0.21
0
80.00

K0
0.27
0.49
0.55
0.59
0.22
0.59
0.57
0.59
0.53
0.60
0.59
0.27
0.57
0.59
0.53
0.60
0.55
0.27
0.60
0.60
0.10
0.60

K1
0.15
0.13
0.25
0.29
0.15
0.29
0.23
0.26
0.28
0.29
0.24
0.15
0.08
0.29
0.28
0.29
0.25
0.15
0.30
0.30
0.01
0.30

K2
0.00
0.01
0.01
0.03
0.04
0.01
0.03
0.03
0.06
0.01
0.00
0.00
0.00
0.01
0.06
0.01
0.01
0.00
0.00
0.00
0
0.10
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Table S5. Variable descriptions and sources for hedonic land value models.
Variable
Description
Source
Constant
Constant term: applies to all observations,
County assessment offices (lot size)
includes effects of year 2000 dummy
variable and average lot size for developed
sample parcels (0.39 acres)
UGB
Population density

Household income
Improvement
value
Distance to city
center
Distance to city
center2
Benton County
Lane County
Washington
County
Acres
Slope
Farmland rent
Improvement
value
Elevation
River footage
Private nonindustrial owner
Distance to UGB

Equals 1 if parcel located within UGB; 0
otherwise
Population density of nearest UGB for a
city with a population of greater than
20,000 (people per acre)
Natural log of household income in county
where parcel is located ($ thousands)
Value of improvements on parcel

Dept. of Land Conservation and
Development
US Census of Population

Euclidean distance to nearest city center
(in miles; cities defined as those with
population >20,000)
Squared Euclidean distance to nearest city
center
Equals 1 if parcel located in Benton
County group; 0 otherwise
Equals 1 if parcel located in Lane County
group; 0 otherwise
Equals 1 if parcel located in Washington
County group; 0 otherwise
Acreage of parcel
Average slope of parcel (degrees)
Farmland rental value ($/acre)

Google Maps (used for generating
city centroid)

Mean improvement value over sample
years ($/acre)
Elevation of parcel (feet)
Footage of rivers and streams running
through parcel
Equals 1 if under private non-industrial
ownership; 0 otherwise
Distance to nearest UGB boundary
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Woods and Poole
County assessment offices

Google Maps (used for generating
city centroid)
County assessment offices
County assessment offices
County assessment offices
County assessment offices
US Geological Survey
WW2100 Farmland Rent model
(see Section S5.4.3)
County assessment offices
US Geological Survey
Environmental Protection Agency
Oregon State Forestry Science Lab
Department of Land Conservation
and Development
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Table S6. Hedonic land value model coefficients.
Agriculture
Urban
Forest
Year1980
-0.260***
0.676***
0.119*
(-5.750)
(16.90)
(1.87)
Year1986
-0.942***
0.569***
-0.438***
(-15.91)
(13.61)
(-5.290)
Year1992
-1.066***
0.526***
-0.455***
(-13.49)
(11.61)
(-4.421)
Year2000
0.516***
1.269***
0.0321
(3.54)
(19.05)
(0.19)
Parcel size (acres)
-0.518***
-0.000335
0.00768***
(-6.286)
(-29.38)
(-1.383)
Benton County
-0.209*
0.0923**
-0.996***
(-1.797)
(2.14)
(-8.949)
Lane County
-0.354***
-0.276***
-0.295***
(-3.738)
(-7.972)
(-2.769)
Washington County
-0.786***
0.239***
-1.274***
(-3.915)
(6.12)
(-7.157)
Distance to urban center
-0.0182
-0.0458***
-0.111***
(-1.193)
(-8.354)
(-7.928)
Distance to urban center (squared)
0.000459 0.000765*** 0.00187***
(1.11)
(6.90)
(6.56)
Population density
0.179***
0.107***
0.137**
(3.52)
(9.35)
(2.41)
Household income
0.0335***
0.627***
0.0590***
(8.73)
(5.59)
(11.06)
Inverse Mill's ratio
-0.335**
0.130***
0.205
(-2.460)
(4.10)
(1.53)
Improvement value
0.000975** 0.00106***
0.000333
(2.55)
(13.20)
(1.42)
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Table S6. WW2100 hedonic model coefficients (continued).
Agriculture
Urban
UGB*Year1980
0.0529
(1.30)
UGB*Year1986
-0.147***
(-3.647)
UGB*Year1992
-0.218***
(-5.445)
UGB*Year2000
-0.322***
(-7.953)
UGB
0.756***
(12.84)
Slope (degrees)
-0.0144
(-1.195)
Farmland rent
0.00264**
(2.42)
Elevation
River footage
Private non-industrial owner
Zoned for agriculture or forest

Forest

-0.0514***
(-8.536)

-0.00105***
(-4.431)
-8.97e-05**
(-2.328)
0.252***
(3.35)
-0.672***
(-6.417)
0.0393***
(3.20)

-0.345***
(-3.419)
UGB distance
-0.0312**
(-1.988)
Mean population density
-0.115
(-1.377)
Mean household income
-0.0163
-0.0148**
(-1.582)
(-1.982)
Mean inverse Mill's ratio
1.027***
0.894***
(2.76)
(3.00)
Mean improvement value
0.00204*
0.00588***
(1.68)
(7.06)
Constant
6.994***
7.606***
5.849***
(13.50)
(17.16)
(12.61)
Correction factor
1.167
1.035
1.226
Observations
4,392
8,640
3,753
Observations
1,056
2,735
948
Note: t-statistics in parentheses; significance levels: * p < 0.1, ** p < 0.05, *** p <
0.01.
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Table S7. Potential land conversions.
Ending use:
Agriculture Forest Developed
Starting
use:

Agriculture
Forest

Paa
Pfa

Paf
Pff

Pad
Pfd

Table S8. Economic returns scaling formulas.

Starting
use:

Returns to:

Agriculture

Forest

Development

Agriculture

Min(Max(0,ag_val*0.05),200)

Min(Max(0,for_val*1.6),2000)

Min(Max(0,dev_val),7500)

Forest

Min(Max(0,ag_val*0.01),2000)

Min(Max(0,for_val*0.7),200)

Min(Max(0,dev_val),7500)
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Table S9. Land-use model validation: Comparison of projected land development
rates from WW2100 (2010-2100) to historical rates of change (1973-2000).

Time period (years)
From agriculture to development
initial use area (acres)
area change (acres)
% change based on initial area
% of study area that changed from ag to dev
From forest to development
initial use area (acres)
area change (acres)
% change based on initial area
% of study area that changed from for to dev
Base area (acres)

WW2100
model overall
1/
2010-2100

WW2100 model
results scaled to fit
the Land Cover
Trends Willamette
Valley ecoregion 2/
2010-2100

1,563,274
122,552
7.84
1.71

1,542,706
122,378
7.93
3.88

1,683,480
85,745
5.09
2.4

5,048,995
57,957
1.15
0.81
7,154,591

1,115,074
53,940
4.84
1.71
3,157,073

1,383,494
25,452
1.84
0.80
3,421,596

Land Cover
Trends Willamette
Valley ecoregion
data 3/
1973-2000

1/ The overall WW2100 land-use changes were developed by summing the acreage of the WW2100
individual decision units (IDUs) that started in agriculture or forest and ended in development.
2/ The refined WW2100 land-use changes were developed by summing the acreage of the IDUs that started
in agriculture or forest and ended in development, after removing all IDUs that fall outside of the
Willamette Valley ecoregion (as measured in the LCT data). Approximately 98% of all developed land in
the WW2100 project is contained in the WV ecoregion.
3/ The LCT data cover the Willamette Valley. The vast majority of the WV falls in Oregon, but a small
portion covers the Vancouver, WA metro area. The forest-development category includes land that was
originally classified as mechanically disturbed, as this often signifies clearcutting. These estimates were
taken from the U.S. Geological Survey's Land Cover Trends website:
https://landcovertrends.usgs.gov/west/eco3Report.html.
Other notes
LCT - Overall change indicate 3.1% increase in development, 2.2% decrease in agriculture, 4.1%
decrease in forest, 2.8% increase in mechanically disturbed, 0.4% increase in grassland
WW2100 area overlapping with LCT WV - 3157073.18497 acres (developed: 331184.281825 acres in
2010, 507501.689331 acres in 2100)
WW2100 area - 7154591.078225 acres (developed: 335543.077413 acres in 2010, 516052.514647 acres
in 2100)
About 98% of all developed land in WW2100 is in LCT WV ecoregion
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Table S10. Reservoir zones in ResSim Lite model
Zone
Description
Top of dam
Where overtopping would occur.
Flood control
Max pool available for flood regulation.
Conservation
The “Rule Curve” which includes minimum
and maximum conservation pools.
Buffer
Acts like an interim draft limit to keep pool
from drafting too low below minimum
conservation pool.
Inactive
The lowest pool that can access outlets.

Table S11. Operating rule types
Rule type
Minimum
Maximum
Increasing rate
Decreasing rate
Control point
Power plant rule (gate specific)
Regulating outlet rule (gate specific)
Spillway rule (gate specific)

Table S12. Biological Opinion minimum flow objectives for Willamette River at Salem.
Weekly average minimum
Instantaneous minimum flow
Time period
flow (cubic feet per second)
(cubic feet per second)
April 1-15
17,800
14,300
April 16-30
17,800
14,300
May 1-21
15,000
12,000
June 1-15
13,000
10,500
June 16-30
8,700
7,000
Source (52)
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Table S13. Congressionally authorized minimum flow
objectives, Willamette River at Salem and Albany.
Average flow at
Average flow at
Time period
Albany (cfs)
Salem (cfs)
June 1-30
4,500
N/A
July 1-31
4,500
6,000
August 1-15
5,000
6,000
August 16-31
5,000
6,500
September 1-30
5,000
7,000
October 1-31
5,000
7,000
Source (52)

Table S14. Water year types based on total volume stored in all federal
reservoirs (million acre-feet).
Water Year Types
Abundant
Adequate
Insufficient
Deficit
May 20th storage:
≥ 1.48
1.20 to 1.47 0.90 to 1.19
< 0.90

Table S15. Estimated and reported water use for major municipalities in the Willamette Basin
Predicted water use for 2010 Reported water use in gallons per
Urban Area
in gallons per capita per day
capita per day (year)
Portland Metro
108
111 (2011)
Corvallis
124
129 (2009)
Salem - Keizer
122
124 (2007)*
Eugene: 144 (2009)
Eugene - Springfield
118
Springfield: 129 (2010)
Average
112
124
Sources, in order by row (62,63,64,(65 and 66)). * For Salem only.
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Table S16. City of Portland: water prices, actual water use and predicted use based on WW2100
model (gal./person/day).
Year
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011

Water price (2010 $/ccf)
1.35
1.36
1.35
1.34
1.37
1.88
1.85
1.80
1.90
2.02
2.00
2.01
2.02
2.00
2.20
2.55
2.80

Actual water use
150
144
143
144
140
142
134
134
135
133
124
129
130
125
123
119
111

Predicted water use
127
127
128
130
129
107
108
109
106
102
103
103
106
106
100
92
87

Sources: for actual water use 1995-2005 (59), growth rates from 2006-2011 and for prices (62).
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Table S17. Crop choice model parameter estimates
Grass seed
Pasture
Wheat
Coefficient
β0
0.2220***
0.3702***
0.0126
β1
0.1656***
-0.1870***
0.0655***
β2
0.1545***
-0.1793***
0.0535***
β3
0.1453***
-0.1237***
0.0294*
β4
0.2361***
-0.0546
0.0135
β5
-0.2460***
-0.2004***
-0.0054
β6
0.1030 **
-0.0503
0.0111
β7
-0.2976***
-0.1071
0.0511
β8
-0.0006***
0.0007***
-0.0001**
β9
-0.0169***
0.0071***
-0.0002
β10
-0.0133***
0.0218***
-0.0067***
β11
-0.0500***
-0.0358***
0.0042**
β12
0.0092***
-0.0160***
-0.0026***
β13
-0.0147***
0.0745***
0.0020**
β14
-0.0591***
-0.0262***
-0.0047***

Fallow
0.066***
-0.0340***
-0.0309***
-0.0315***
-0.0349***
-0.0191
-0.0127
0.0419
0.0005***
0.0033***
0.0054***
-0.0084***
0.0080***
-0.0125***
0.001

Corn
-0.0041
0.0076
0.0147
0.0183
0.0045
0.1213***
0.0123
0.0541**
-0.0002***
-0.0010***
0.0027***
-0.0059
0.0003***
-0.0041***
0.0185***

Clover
0.0154***
-0.0031
0.0079
0.0024
-0.0036
-0.0044
-0.0103
-0.011
0.000002***
-0.0002
-0.0035***
0.0088***
-0.0002***
-0.0024***
-0.0078***

Hay
0.0616***
-0.0613***
-0.0576***
-0.0411***
-0.0528***
-0.0369*
-0.0472***
-0.0329*
-0.0001***
0.0007***
-0.0001
-0.0001***
0.0004***
-0.0170***
-0.0016**

Note: significance levels indicated as: * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table S18. Irrigation decision model parameter estimates.
Variables
Coefficient
P-Value
June precipitation (deviation from mean)
-0.0943*
July precipitation (deviation from mean)
-0.4134**
August precipitation (deviation from mean)
-0.1584
Elevation
-0.0098***
Elevation*(precipitation April-June)
0.0008***
EFU (Exclusive farm use) zoning
0.4307***
Field size (acres)
-0.0038***
Groundwater irrigation water right
0.3311***
Poorly drained soils (%)
-0.0084***
Groundwater right*depth
-0.0094***
Water holding capacity
-0.2190***
Distance to Willamette River
-0.0261***
Distance to large city
-0.0087**
Soil type LCC1
0.8397***
Soil type LCC2
1.0799***
Soil type LCC3
0.8206***
Soil type LCC4
1.4981***
Constant
2.42***
Note: significance levels indicated as: * p < 0.1, ** p < 0.05, *** p < 0.01.
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0.065
0.005
0.188
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.037
0.002
0.000
0.001
0.000
0.000
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Table S19. Farmland rent model parameter estimates.
Variables
Coefficient

P-values

104.7

***

0.0000

Soil LCC 2 (unirrigable)

95.6

***

0.0000

Soil LCC 3 (unirrigable)

69.9

***

0.0000

Soil LCC 4 (unirrigable)

66.6

***

0.0000

Soil LCC 6 (unirrigable)

20.5

***

0.0000

Soil LCC 7 (unirrigable)

19.9

***

0.0000

143.6

***

0.0000

Soil LCC2 (irrigable)

134.7

***

0.0000

Soil LCC3 (irrigable)

87.7

***

0.0000

Soil LCC4 (irrigable)

88.7

***

0.0000

Elevation (demeaned)

-1.06

***

0.0070

98.5

***

0.0000

351.6

***

0.0000

Elevation*Acres

-0.02

***

0.0000

Precipitation*Acres

-0.44

***

0.0000

Temperature*Acres

20.1

***

0.0000

Constant

65.5

***

0.0000

Soil LCC 1 (unirrigable)

Soil LCC 1 (irrigable)

Precipitation (demeaned)
Temperature min (demeaned)

Note: significance levels indicated as: * p < 0.1, ** p < 0.05, *** p < 0.01.

Jaeger et al. “Finding Water Scarcity Amid Abundance”

54

Table S20. Comparison of WW2100 model results and USDA Census of Agriculture.
Model results, reference scenario, 2010–2015
Crop category
Grass and clover seeds
Hay and pasture
Orchards, vineyards,
and tree farms
Corn
Wheat
Other crops
Total
Total irrigated
1

Harvested
acres
350,067
184,571
36,101
13,468
31,416
309,224
924,847

USDA Census of Agriculture, 2012

Irrigated
Crop category
acres
101,870 Grass, clover, and other
field seed crops
36,506
Orchards, vineyards,
7,444 tree farms
8,304 Corn
— Wheat
110,536 Other crops
264,600

Harvested
acres
389,000
149,784
74,893
38,765
97,700
161,641
911,783
267,0001

Total irrigated acres is an average for Census of Agriculture 1997, 2002, 2007, 2012.
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Table S21. Estimated mainline capital costs for new irrigation conveyance piping, for a range of representative systems.1
Pipe
Friction
diameter
Cost
Capacity
loss
Distance
(inches) ($/foot) (gall./min)
(psi)
(feet)

Friction
loss per
1,000 ft

Irrigable
Cost per 100
Annualized
Annualized cost
area
feet conveyance cost (per 100
(per 100
(acres)
($/ac)
feet) ($/acre)2
meters)($/ac)2
7
6
7
6
7
6
7
gpm gpm
gpm gpm gpm gpm
gpm
6 gpm

10

17

1225

9.0

3000

3.0

175

204 9.7

8.3

$0.71 $0.61

$2.34

$2.01

8

9.5

780

9.6

2500

3.8

111

130 8.5

7.3

$0.63 $0.54

$2.06

$1.76

6

6.9

450

9.0

1600

5.6

64

75 10.7

9.2

$0.79 $0.68

$2.59

$2.22

5

5.8

305

9.3

1400

6.6

44

51 13.3

11.4

$0.98 $0.84

$3.21

$2.75

4

4.5

195

9.5

1100

8.6

28

33 16.2

13.8

$1.19 $1.02

$3.90

$3.34

3

4

110

9.1

750

12.1

16

18 25.5

21.8

$1.87 $1.61

$6.14

$5.27

1/

Source for cost per foot, friction losses and irrigable areas, A. Knox, Pacific Ag Systems, Inc., Junction City, OR.

2/

Costs are amortized over 20 years at 4%.
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Table S22. Sensitivity of model metrics to scenario assumptions across 15 scenarios
Standard
deviation
54.1

Coefficient
of variation
3.2%

CV for subset
of scenarios

0.96

8.5%

4.0%

1.41

18%

3.6%

Water to outside the basin (mm H2O)
Recharge High Cascades aquifer (mm H2O)
Actual ET (mm H2O)

0.77
0.40
13.1

19%
2.0%
2.0%

3.7%

Snow evaporation (mm H2O)c
Basin discharge (mm H2O)
Total water in grondwater HRUs, streams, and reservoirs at end of this
year (mm H2O)

4.3
40.4

17%
3.5%

1.6%

8.48

1.4%

38335

10%

Precip (mm H2O)
GW pumping (mm H2O)a
Water from outside the basin (mm H2O)a
b

d

Irrigation (ac-ft)

2.0%

Municipal and rural water use (ac-ft)b
73736
17%
3.2%
a/ Subset of scenarios escluding two with high irrigation.
b/ Subset of scenarios excludes four with high population growth and one with zero growth.
c/ Subset excludes low and high climate scenarios.
d/ Subset excludes two "high irrigation" scenarios.
Note: The 15 scenarios include: the baseline or reference case, low climate change, high climate change, fire suppression,
urban water full cost pricing, high population growth, zero population growth, zero income growth, permissive urban land
expansion, low irrigation rates, high irrigation rates, new irrigation allowed, new instream regulated flows, and two
extreme or worst case scenarios that combine multiples of these modifications. Details can be found at
http://inr.oregonstate.edu/ww2100/data.
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Figure S1. Soil water content: schematic of moisture stress coefficient, adapted from (27).

Figure S2. Hydrologic modeling within Willamette Envision involves movement of water
through a set of conceptual reservoirs simulating soil and groundwater.
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Figure S3. Locations and estimated marginal value of irrigation water rights (actual or potential).
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Figure S4. Reservoir operating zones (based on Lookout Point Reservoir).

Notes: The conservation curve (green) is the primary rule curve. The zone above the rule curve is
the Flood Control Zone, while below the curve is the Conservation Zone. If the pool elevation is
above the elevation demarcating the primary flood control zone (horizontal dark blue line), the
zone is labeled Top of Dam Zone. If the pool elevation falls below the red line, the zone is
labeled the Buffer Zone. There also exists an alternative flood control zone in this case, when the
pool elevation is above the rule curve but below the secondary flood control line (in light blue).
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Figure S5. Portland water use – actual versus predicted
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Figure S6. Scenario Descriptions

Details for each scenario are found at http://inr.oregonstate.edu/ww2100/data.
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