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Topics 

•  The need for integrated perspectives on water and 
the AWASH model 

•  Paleo-variability of streamflows and archetypes 
•  Reservoir planning and preliminary results 
•  What we’ve learned 



Understanding the future of water in the United States 

•  Uncertain policies, unquantified value 
•  Increasingly interconnected water supplies 

•  Trans-basin diversions 
•  Interstate treaties and conflicts 
•  National economy and policy drivers 
•  Broad-scale climate 

•  Limited national and local capacity 
•  Our goal: systems-level analysis to account for 

intersectoral connections at regional scales 



The Changing Landscape of Risk, 
Competing Demands and Climate 

A broad initiative on America’s Water 
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NSF # 1360446  



Should we have reservoirs? 

Overdue debate about the future of reservoirs: 
 

Dam failure disasters Maintenance and repair Dam removal 



Reservoirs across the United States 

Circles reflect total storage capacity. 



Keep reservoirs or remove them? 

Plenty of competing reasons for reservoirs: 
 
•  Navigation (6%) 
•  Recreation (14%) 
•  Flood protection (16%) 
•  Hydropower (17%) 
•  Irrigation (18%) and water supply (19%) 

(% of reservoirs in the US, by primary purpose, from National Inventory of Dams.) 



Keep reservoirs or remove them? 

Plenty of competing reasons for reservoirs beyond the 
scope of this analysis: 
•  Navigation (6%) 
•  Recreation (14%) 
•  Flood protection (16%) 
•  Hydropower (17%) 
•  Irrigation (18%) and water supply (19%) 

(% of reservoirs in the US, by primary purpose, from National Inventory of Dams.) 



Keep reservoirs or remove them? 

Benefits 
•  Navigation 
•  Recreation 
•  Flood protection 
•  Hydropower 
•  Irrigation and water 

supply 
 

Costs 
•  Public safety 
•  Impact on the environment 

•  Land loss 

•  Degrading habitats 

•  Repair and  
maintenance costs 
•  3x removal costs 

(Born et al. 1998) 



Keep reservoirs or remove them? 

UNBREAKABLE

76

Figure 3.2: Natural disasters are responsible for the extreme poverty of millions of 
people 

Simulated impacts of natural disasters on poverty headcount in 2012, 89 countries
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Source: Rozenberg and Hallegatte, forthcoming.
Note: These numbers are an underestimation of the current effects of natural disasters on the poverty 
headcount, because (1) they do not include frequent events (those that happen more than once every five 
years); (2) data for all hazard types are not available in all countries; and (3) some mechanisms and the 
dynamics of poverty reduction have not been taken into account.

That said, these numbers should be used with caution because they largely 
underestimate the total impacts of disasters on poverty. For one thing, disaster risk data 
are not available in all countries, and the impacts of disasters are calculated only in the 
countries and for the disasters for which data are available. Moreover, our analysis does 
not include the very frequent events (with a return period of less than five years). For 
another, these estimates do not include any dynamic considerations such as the impacts 
of disasters on asset accumulation and investment; they represent only the transient 
poverty due to the immediate shock and not the chronic poverty possibly created 
by natural hazards. Meanwhile, using the poverty headcount only hides the fact that 
disasters also affect people who are already in poverty. Paradoxically, this metric may 
give the impression that disasters do not strongly affect countries in which most of the 
population lives in poverty, disregarding the fact that disasters worsen the situation by 
making poor people fall further and increasing the poverty gap. 



A new model of water, energy, and food resources 



Model objectives 

Explore interactions between water, food and energy systems from a 
national perspective 
•  In response to specific types of climate changes 
•  In response to economic factors 

•  GDP growth rate , Global Energy prices, Global Food demand 

•  Investment climate – financing, rates, private vs public action 
•  In response to demographic factors 

•  Migration, Age distribution, income …. 
•  In response to property rights models – water rights /others 
•  In response to conservation technologies 
•  In response to energy policy – renewables, carbon tax, biofuels 
•  In response to agricultural policy or diet preferences – crop 

insurance etc 



Design decisions 

•  Treat arbitrary “resources”: water, energy, products 
•  Models of production, imports and exports, storage 

Time t 

Time t+1 

Counties 

Storage 

Super- 
source 



Design decisions 

•  Treat arbitrary “resources”: water, energy, products 
•  Models of production, imports and exports, storage 

•  Multiple networks of resource movement 

County Neighbors Network 
• Default trade network for manufactured goods 

and agricultural products. 

Water Network 
• Network of gauges, canals, reservoirs, and 

junctions. 

Electricity Grid 
• Transporting electricity from plants to county sinks. 



Design decisions 

•  Treat arbitrary “resources”: water, energy, products 
•  Models of production, imports and exports, storage 

•  Multiple networks of resource movement 
•  Counties to neighboring counties 
•  Other transport networks (water, electricity) 

•  Modeled at a county-month scale for whole US 
•  Interested in spatiotemporal optimization 

•  Short-term optimization of production distribution 

•  Long-term optimization of capacity expansion 
•  Multiple objective functions to consider 
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Why a new model? 

•  Very few models with resolution < states, scope > states 
•  Hydrological-only: VIC, MODFLOW, IGSM (not MIT’s) 

•  Agriculture and climate: GEPIC (IIASA) 
•  Interested in optimization over multiple sectors 

•  InVEST (Polasky et al. 2008): 

•   Ecosystem service flows, no spatial connectivity 

•  CALVIN (Lund et al. 2009) and WRIMS (Cal. Dep. of Water Res.) 

•  Hydrology and management 

•  MAgPIE (Lotze-Campen et al. 2008): 

•  Agriculture and forestry, large grid and 10-year timestep 

•  Need a sector-detailed WEF model, optimization model at high 
resolution and over uncertainty! 



Flow Gauges, Reservoirs, 
Cross-border canals 

•  ~12,000 gauges 
•  425,000 years of 

data 



River network 

•  Routed through HydroSHEDS 
•  23,000 network nodes 
•  2,156,000 years inferred 



An integrated modeling framework 

•  Component-based framework (Mimi	in	Julia) 
 

•  Inputs from outside the model: 

•  Inputs from other components: 

•  Inputs from optimization: 
 
•  Able to validate components individually and swap them out and have 

multiple variants. 
•  Existing Mimi components for climate, biodiversity, disease, conflict, 

natural disasters, FUND, DICE, and PAGE. 
•  Linear programming optimization (Gurobi) 

•  Automatic construction of LP matrices 

Agriculture 
Component 

Weather 

Irrigation 

Yields 

Costs 
Fertilizer 



Paleo-reconstruted 
streamflows 

555-year paleo-
reconstructed 

drought records 

Archetype analysis 
of 12 month chunks 

Water Network 

Archetype analysis 
of 60 year chunks 

Optimization under 
uncertainty 

Optimization under 
uncertainty 

Combined investment 

Cost Estimates 

Reservoir system 

Total water 
withdrawals 

Sensitivity analyses 

VIC modeling of 
unmodified flows 

Modeling for this analysis 



Topics 

•  The need for integrated perspectives on water and 
the AWASH model 

•  Paleo-variability of streamflows and archetypes 
•  Reservoir planning and preliminary results 
•  What we’ve learned 



Climate change and precipitation 

Component Var. expl. 

Smooth trend 5% 

Decadal cycles 12% 

Interannual residual 78% 

Decadal/annual cov. 6% 



1434-1481 1572-1592

48 Years 21 Years

Notable Post-Medieval Megadroughts

Ed Cook
Lamont-Doherty Earth Observatory, Palisades, NY



1950-1964 1999-2006

15 Years 8 Years

Notable 20th Century Droughts

The 20th 
century 
may have 
experienc
ed more 
modest 
droughts 
than the 
prior 
record! 

Ed Cook
Lamont-Doherty Earth Observatory, Palisades, NY



Paleo-reconstruction of streamflows 

Translate Living Blended Drought Atlas to gauge streamflows: 

6 
 

spatial resolution of the LBDA and enabled spatially complete reconstructions of the PDSI over the 
CONUS region to be extended back in time.  

 
Figure 2. Location of tree-ring chronologies (left) used to reconstruct the Palmer Drought Severity Index known as the LBDA 
(center) and LBDA inputs of grids within a 450 km radius and the first eight PCs of CONUS-wide LBDA (red box) used to 
reconstruct streamflow at each gauge in the CONUS. Both national scale and regional scale features of the LBDA are thus 
used as candidates for the streamflow reconstruction at a given gage.  

2.3 Reconstructing streamflow using the LBDA 
We extend the approach applied to reconstructing streamflow in the Missouri River Basin [Ho et al., 
2016] with a few updates. An expanded network of streamflow gauges as described in Section 2.1 was 
used covering the CONUS region. In addition, we used an updated version of the LBDA as described in 
Section 2.2 that extends further back in time. We utilize a spatially and temporally complete gridded 
paleoclimate reconstruction of PDSI from tree-ring chronologies (i.e. the LBDA) to reconstruct 
streamflow. Our approach aims to exploit the similarities between streamflow and PDSI as both 
variables represent different filters on the underlying precipitation and temperature variations, and 
common factors in these filters could result in a relationship between PDSI and streamflow. Thus, the 
LBDA reconstruction of PDSI from tree rings could potentially provide an effective representation of the 
streamflow, at least in locations where the common signals are strong. The approach to reconstructing 
CONUS streamflow is therefore based on the preservation of climate signals in tree rings used to 
reconstruct PDSI, which is then used to reconstruct streamflow (see flowchart of modeling approach in 
Figure 2). While the direct use of moisture-sensitive tree-ring chronologies to reconstruct streamflow is 
more widespread, the approach of using PDSI is not entirely novel given previous attempts to 
reconstruct streamflow from drought indices [e.g. Graham and Hughes, 2007; Adams et al., 2015; 
Coulthard et al., 2016]. 

The streamflow covariates were LBDA data from grids within a 450 km radius (the same radius used to 
produce the LBDA directly from tree rings) of the target streamflow gauge and the first eight principal 
components (PCs) of CONUS-wide LBDA variability, as per the covariate selection in Ho et al. [2016] (see 
schematic of explanatory variables in Figure 2). The covariate selection results in several hundred LBDA 
inputs. A dimension reduction of the explanatory variables was achieved by taking the first canonical 

This article is protected by copyright. All rights reserved.

Ho, M., et al. (2017), Water Resources Research 



Reconstructing 500 years of streamflow 

Annual Flows Monthly Flows 

•  Develop Hidden 
Markov Model of 
yearly transitions (8 
states). 

•  Adjust 
climatological 
gauge flows to 
match paleo 
average. 

•  Add in residuals 
from historical years 
matching same 
HMM state. 

 43 

 938 

Figure 2. a) Mean LBDA value in each hidden state. “D” is the percentage of the area where mean LBDA values are less 939 
than or equal to -2 and “W” is the percentage of the area where mean LBDA values are greater than or equal to 2. Arrows and 940 
grey values show transition probabilities that are significant at the 90th percentile probability based on a bootstrap confid ence 941 
test; and b) Likely sequence of hidden states, or Viterbi path, determined using the Viterbi algorithm and results from the HMM 942 
shown in block colors. 943 



Paleo-reconstruted 
streamflows 

555-year paleo-
reconstructed 

drought records 

Archetype analysis 
of 12 month chunks 

Water Network 

Archetype analysis 
of 60 year chunks 

Optimization under 
uncertainty 

Optimization under 
uncertainty 

Combined investment 

Cost Estimates 

Reservoir system 

Total water 
withdrawals 

Sensitivity analyses 

VIC modeling of 
unmodified flows 

Process and modeling 
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Archetypes of 60-year chunks 
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Find archetypes of 60-year patterns: 
(60x#gauges)-dimensional space. 
 

60-year average z-scores 



12-month average z-scores 

Archetypes of 12-month chunks 



Topics 

•  The need for integrated perspectives on water and 
the AWASH model 

•  Paleo-variability of streamflows and archetypes 
•  Reservoir planning and preliminary results 
•  What we’ve learned 



Ratio of SW demand (USGS) to average SW supply (local runoff) 
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Ratio of SW demand to monthly minimum SW supply 
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Ratio of total demand to monthly minimum SW supply 
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Paleo-reconstruted 
streamflows 

555-year paleo-
reconstructed 

drought records 

Archetype analysis 
of 12 month chunks 

Water Network 

Archetype analysis 
of 60 year chunks 

Optimization under 
uncertainty 

Optimization under 
uncertainty 

Combined investment 

Cost Estimates 

Reservoir system 

Total water 
withdrawals 

Sensitivity analyses 

VIC modeling of 
unmodified flows 

Process and modeling 



Simplified optimization (1 location) 

•  Inputs: 

•  Static parameters: 

•  Choice variables: 

•  State variables: 



Simplified optimization (1 location) 

•  Reservoir dynamics: 

 
 
•  Constraints: 

 
 
•  Minimize costs: 

 Under certainty:   Under uncertainty: 



1 location, 2 scenario Problem 
Plenty scenario 

Droughty scenario 



1 location, 2 scenario Solution 

Plenty scenario 

Droughty scenario 



Changes for the full optimization 

•  Includes groundwater (costly withdrawals). 
•  Small price on surface water withdrawals and reservoir 

“captures”. 
•  Maintenance cost based on reservoir capacity. 
•  Water network dynamics: flow downstream. 
•  Return flows by usage: 39% (Ag.) to 98% (Energy) 
•  Gauge-to-county mapping: “canals” to counties 
•  Reservoirs start at current capacity but 0 volume (in 

monthly opts, 12 months to of initialization). 



Estimating removal costs 
Table 1:

Dependent variable:

Log Cost ($2008M)

(1) (2)

Log height 1.625
⇤⇤⇤

1.366
⇤⇤⇤

(0.207) (0.225)

Removal year 0.049
⇤⇤⇤

(0.016)

Constant �3.076
⇤⇤⇤ �100.937

⇤⇤⇤

(0.456) (32.442)

Observations 37 33

R
2

0.638 0.655

Adjusted R
2

0.628 0.632

Residual Std. Error 1.243 (df = 35) 1.149 (df = 30)

F Statistic 61.786
⇤⇤⇤

(df = 1; 35) 28.514
⇤⇤⇤

(df = 2; 30)

Note: ⇤
p<0.1;

⇤⇤
p<0.05;

⇤⇤⇤
p<0.01
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Born et al. 1998, Water Power Magazine 2009 
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Results due to monthly variability 
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Black circles: Existing capacity of reservoirs; 
Red filled circles (highlighted in green): maximum usage of capacity across scenarios. 



Observed GW withdrawals 
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Observed 12-month GW extraction by USGS. 

1000 m3 



Optimal groundwater without reservoirs 
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Changes in GW from Reservoirs 
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Maximum and minimum (negative) 12-month GW difference across scenarios. 



Results for 60-year chunks 

-1e+09

0e+00

1e+09

2e+09

0 1e-09 1e-08 1e-07 1e-06 1e-05 1e-04 0.001 0.01 0.1 1
Scaling for costs

R
em

ov
al

 c
ap

ac
ity

 (1
00

0 
m

^3
)

group
Decrease

Increase

Optimal removal vs. costs

100% removal 

Default costs 

0 maintenance 
 costs 

Scaling of maintenance costs 



Topics 

•  The need for integrated perspectives on water and 
the AWASH model 

•  Paleo-variability of streamflows and archetypes 
•  Reservoir planning and preliminary  results 
•  What we’ve learned 



Overview of results 

•  Some small river reservoirs help buffer 
monthly demands, but most don’t. 

•  Costs of maintenance cannot justify 
reservoirs for long-term droughts, so long as 
groundwater is available. 



What haven’t we learned? 

•  Lots of reasons for reservoirs ignored here. 
•  Totally ignore water rights. 
•  Should optimal differ so far from observed? 

•  Do we even know true WEF flows? 
•  Groundwater costs unavailable most areas. 



Broad lessons from AWASH 

•  Opportunities for better supply decisions 
•  Conjunctive use, over borders, over years 
•  Wide variation, based on margin of decision 

•  Resolution matters 
•  Optimizing county to state >> state to country 

•  Buffering water over years saves a little ($17 mil), 
but over seasons essential 

•  Opportunities for better demand decisions 
•  Huge difference between observed and optimized 

•  Opportunities to make a better model 
•  AWASH is a work-in-progress 

•  Strong design for continued improvements 



Analyses to come 

ANALYSES TO PUBLISH 
•  Benefits of conjunctive use (SW + GW) policies 
•  Potential for better use by coordinating water rights across different borders 
•  Redistribution of agriculture in Colorado to be more sustainable 
CLIMATE 
•  Explore current water demand susceptibility to climate variability using paleo-reconstructed 

streamflow for 500 years of data 

WATER POLICIES AND FINANCING 
•  Shadow price of water 
•  Impacts of water compacts and policies on water stresses (e.g. farm bill) 
•  Water rights market: highlight where water rights trading possibilities may potentially lead to 

reduce vulnerabilities 

THE FUTURE OF WATER-ENERGY-FOOD 
•  Investigate scenarios capturing potential future of US:  

•  Population projections, energy prices, GDP, imports and exports 

•  Impact of diet changes and food demand? E.g. “Low-carb diets”, meat consumption, 
high cash crops (almonds) 

•  Penetration of renewable energies, wind and solar droughts impact on hydropower 



Beyond research 

•  Some broad goals 
•  A tool for policy-makers 

•  Infrastructure design and financing 

•  Environmental policy (e.g. minimum flows) 

•  Demonstrate the potential of national water planning 

•  A tool to educate 

•  Light online version of the model for education purposes 

•  Looking to expand to WEF modeling in EU and Africa 

•  Challenges 
•  Plenty of assumptions and approximations 

•  Lack of data 



Thank you! 

Check out the model: http://awashmodel.org/ 
 


