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MODELS OF NATURAL SYSTEMS

REVIEW

The computational future for climate and
Earth system models: on the path to petaflop

and beyond

BY WARREN M. WASHINGTON*, LAWRENCE BUJA AND ANTHONY CRAIGQ3

National Center for Atmospheric Research (NCAR), 1850 Table Mesa Drive,
Boulder, CO 80305, USA

The development of the climate and Earth system models has had a long history starting
with the building of individual atmospheric, ocean, sea ice, land vegetation, biogeochem-
ical, glacial and ecological model components. The early researchers were much aware of
the long-term goal of building the Earth system models that would go beyond what is
usually included in the climate models by adding interactive biogeochemical interactions.
In the early days, the progress was limited by computer capability as well as our knowledge
of the physical and chemical processes. Over the last few decades there has been much
improved knowledge, better observations for validation, and more powerful super-
computer systems that are increasingly meeting the new challenges of comprehensive
models. Some of the climate model history will be presented along with some of the
successes and difficulties encountered with present-day supercomputer systems.

Keywords: climate modelling; Earth system modelling; climate change

1. Introduction

The history of weather and climate modelling shows that the progress is often
limited by access to top of the line supercomputers. Even with these powerful
machines, a 100-year climate simulation at even modest resolutions can require
hundreds of thousands of processor hours or more. As advances in supercomputer
technology increase, the speed and memory of the available systems also
improve. Recent history shows that the climate model complexity has also grown
correspondingly, with both improved and more realistic treatment of physical
processes such as clouds, precipitation, convection, surface hydrology, vegetation
and boundary-layer interactions, as well as ocean and sea-ice interactions. Of
course, the modelling community cannot wait forever for the ultimate
supercomputer before carrying out useful research. Typically, climate modellers
carefully balance the resolution, treatment of dynamics, the level of physical
process detail and overall experiment design for a particular climate model with
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MODELS OF HUMAN BEHAVIORS
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Descriptive models derive behavioral 
rules specifying observed human 
actions in response to external stimuli  

x

u
u = f✓(x)

• High structural uncertainty 

• Low transferability to different decision 
contexts

Normative models assume human 
decisions are designed to maximise a 
given utility function

u⇤ = argmax
u

J

x

u

• Full rationality assumption  

• Selection of tradeoff for balancing competing 
demands
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WATER RESOURCES SYSTEMS ANALYSIS

activities, which are influential or dominant in many water bodies of interest to society [V€or€osmarty et al.,
2010]. The result was a gap between scientific advances in hydrologic science and their significance for
water management.

WRSA occupies this gap between advances in hydrologic science and improved water management. In
need of funding, WRSA researchers increasingly responded to the practical water management and policy
problems of local and state agencies, the Bureau of Reclamation, USACE, and stakeholder groups. Planning
approaches were applied and developed internationally where the need for infrastructure (and planning)
was greater [e.g., Guariso and Whittington, 1987; Rogers et al., 1993]. Also, the evaluation of operations and
existing infrastructure took prominence over planning new development [e.g., Wurbs, 1993; Kelman et al.,
1990]. Finally, system analysis techniques were embedded in operational software and widely applied in
operations (e.g., RiverWare [Zagona et al., 2001]; RTC Tools [Schwanenberg et al., 2015]; WEAP [Yates et al.,
2005]; and ResSim [Klipsch and Hurst, 2003]).

In addition, recognized limitations of WRSA in practice suggested a more pragmatic approach. Rogers and
Fiering [1986] summarized the state of affairs in terms of two emblematic issues: (1) a lack of trust in optimal
solutions due to uncertainty in various aspects of the model and (2) the recognition that no single optimum
exists—that often many solutions have similar objective function values but very different implications for
system design and operation. The authors suggested that optimizing models should be ‘‘softened’’ to allow
more interactive modeling with stakeholder participation and more assessment of implications of uncer-
tainty and sensitivity analysis of performance rather than search for optimal solutions.

Figure 1. The number of ‘‘Policy science’’ (AGU Index Term) papers in WRR and the other index terms that exceed it by year. Until 1996,
‘‘Policy Science’’ was always the second most popular index term after ‘‘Hydrology.’’

Water Resources Research 10.1002/2015WR017114

BROWN ET AL. THE FUTURE OF WATER RESOURCES SYSTEMS ANALYSIS 6113

The evolution of WRSA has produced… a field 
uniquely equipped to describe and predict the 
water resources future that government, 
industries, and people seek (Brown et al., 2015).

(WRSA)

Annual count of WRR publications by AGU index terms

Figure from Brown et al., 2015, WRR



BEHAVIORAL SEGMENTATION OF WATER 
RESERVOIRS OPERATORS IN CALIFORNIA

(a)
Storage Volume

(b)

DATASET: 

170 water reservoirs in California 

monthly storage trajectories 

observations over 1955-2016
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BEHAVIORAL PROFILES INTERPRETATION: 
RESERVOIR ELEVATION

a) Analysis of reservoir elevation

b) Analysis of reservoir capacity

P1 P2 P3 P4

av
er

ag
e 

ele
va

tio
n 

(ft
)

0

1000

2000

3000

4000

5000 High

Re
se

rv
oi

r E
le

va
tio

n

Low

Large

Small

Re
se

rv
oi

r C
ap

ac
ity

P1 P2 P3 P4

av
er

ag
e 

ca
pa

cit
y (

TA
F)

0

400

800

1200

P1 reservoirs have highest elevation 
(Sierra Nevada mountains)

SPRING REFILL 

MARKED DRAWDOWN

Giuliani and Herman, 2018, ADWR



dr
aw

do
w

n

Oct

Sep

Oct

Sep

Oct

Sep

st
ab

le
re

!l
l

0.39

0.00

ei
ge

nb
eh

av
io

r l
oa

di
ng

s

P1 P2 P3 P4

BEHAVIORAL PROFILES INTERPRETATION: 
RESERVOIR CAPACITY

a) Analysis of reservoir elevation

b) Analysis of reservoir capacity
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BEHAVIORAL FACTORS VS PHYSICAL RESERVOIR 
FEATURES
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   Legend
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EXELON OPERATION OF CONOWINGO RESERVOIR

CONOWINGO DAM

New York

Pennsylvania

Chester

BaltimoreMaryland

Giuliani et al., 2014, WRR



ut = p⇤
✓
(t, ht)

p⇤
✓
(t, ht) = argmax

p✓

JHP

EXELON OPERATION OF CONOWINGO RESERVOIR

Giuliani et al., 2014, WRR



MODELING CHANGING 
PREFERENCES 



Como city

THE LAKE COMO BASIN

Lake Como 
247 Mm3 active capacity 
4552 km2 catchment

Agriculture 
4 irrigation districts 
1400 km2 cultivated area



TRADEOFF CHANGE AFTER EXTREME EVENTS
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TRADEOFF CHANGE AFTER EXTREME EVENTS
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TRADEOFF CHANGE AFTER EXTREME EVENTS
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TRADEOFF CHANGE AFTER EXTREME EVENTS
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assume risks by making decisions on the basis of the best scenario, might become more and more 
cautious after experiencing a sequence of failures. Specifically, the dynamic evolution of the agents’ 
preferences will be modeled according to the concept of availability bias (Tversky & Kahneman, 
1973), where the selection of the new tradeoff is influenced by the recent system performance, which 
depends on the experienced climatic and socio-economic conditions. The model will also rely on the 
outputs of the behavioral economics experiments that will provide insights about key behavioral 
parameters capturing the preference structure of the modeled agents. I already developed a proof of 
concept exploring the potential of this modeling approach on a numerical case study, which 
successfully formalized a relationship between the preference structure of an agent balancing 
competing demands with the recently experienced hydrologic conditions (see Figure 9 from Mason 
et al., 2018). 

 
Figure 9: Results from Mason et al. (2018) illustrating a model of an agent’s dynamic preferences for a numerical 
case study with two competing demands, namely flood control and water supply. Panel (a) shows the accuracy of 
the behavioral model in reproducing the historical agent’s behaviour (i.e., dam releases) over a synthetic scenario 
of 1,000 time periods for different values of the behavioural parameter µ reflecting the agent’s memory. Panels 
(b,c) reports, for different values of µ and increasing lag-times, the correlation between the simulated temporal 
dynamics of the relative weights associated to the two demands describing the agent’s preferences, and some 
features of the underlying hydrologic conditions. In particular, panel (b) illustrates a positive correlation between 
the preference for flood control and the maximum lake inflow in the previous time periods: the higher was the 
inflow peak over the most recent 8 or 9 periods, the stronger becomes the preference for flood control. Panel (c) 
shows instead a negative correlation between the preference for water supply and the average lake inflow in the 
previous time periods: in this case, the lower the inflow over the most recent 1 to 3 periods, the stronger becomes 
the preference for water supply. 

WP3 – Multipurpose water use outlooks 

This WP will develop a behaviorally explicit global hydrologic model that couples the simulation of 
the natural hydrologic processes with an accurate representation of human infrastructures (i.e., dam) 
and their multipurpose operations according to the individual agents’ intentions and preferences 
identified in WP2. As a result, the main outcome of this WP will be a multipurpose water use 
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TAKEAWAYS

Describing the feedbacks between human and natural systems and predicting  the 
coevolution of the coupled systems requires that we:

• realize that humans are one of the largest drivers in every system

• take an adaptive systems approach to model how human behaviors shape pathways 
to alternative futures

• acknowledge the role of human preferences, multi-sectoral tradeoffs, 
interdependencies and feedbacks across spatial scales
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