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Applying engineering feedback analysis tools to climate dynamics

Douglas G. MacMynowski and Eli Tziperman

Abstract— The application of feedback analysis tools from THC models are bi-stable, with a bifurcation at sufficient
engineering control theory to problems in climate dynamics is values of fresh-water forcing in the North Atlantic [3, 4].
discussed through two examples. First, the feedback coupling accyrately understanding its dynamics is therefore important

between the thermohaline circulation and wind-driven circula- ¢ derstanding the effects of anth ic climate ch
tion in the North Atlantic Ocean is analyzed with a relatively 0 understanding the efiects of anthropogenic climate change

simple model, in order to better understand the coupled system (€.g. due to melting polar ice sheets). The winds in the
dynamics. The simulation behavior is compared with analysis North Atlantic also drive a strong clockwise surface ocean

using root locus (in the linear regime) and describing functions  circulation, and of course these two systems are coupled.
(to predict limit cycle amplitude). The second example does One-way coupling has been explored in simple models [5],

not directly involve feedback, but rather uses simulation-based hile h look at the t feedback i N
identification of low-order dynamics to understand parameter WN!€ NEre we look at the two-way feedback coupling. Near

sensitivity in a model of EI Nifo/Southern Oscillation dynamics.  the Hopf bifurcation point, stability can be predicted from
The eigenvalue and eigenvector sensitivity can be used both to the linearization, and simple root locus analysis is useful for

better understand physics and to tune more complex models. ynderstanding the influence of the feedback. In the coupled
Finally, additional applications are discussed where control system, a limit cycle develops beyond the bifurcation, and
tools may be relevant to understand existing feedbacks in the . ) !
climate system, or even to introduce new ones. descrlb_mg fun_ctlpns can be _used ona redu_ced-order model
to predict the limit cycle amplitude as a function of feedback
. INTRODUCTION gain. Understanding how feedback changes the dynamics

) is important in understanding the behavior both of more
What happens when an aerospace controls engineer a%%plicated models. and of the real ocean.

whether the tools that he is familiar with are useful for
analyzing feedback in climate systems? While for the most The second example explored herein (Section 3) doesn't
part (with a few potential exceptions noted in Section 4yirectly involve feedback, but again uses tools familiar to
we do not have control over the feedback in these systenfg@ntrols engineers, but not to most climate researchers.
feedback analysis is certainly relevant for understandingjere, we use system identification to extract low-dimensional
climate systems. Herein we explore the use of analysi@odels from a complex simulation of ENSO in order to
tools from engineering control theory to problems in mesotinderstand parameter sensitivity. EIffdiis the largest co-
scale climate dynamics through two examples: the couplingerent inter-annual signal in the climate, affecting rainfall
between the thermohaline and wind-driven circulations in thénd temperature patterns across the globe. It arises from
North Atlantic, and parameter sensitivity in a model of El-coupled atmosphere/ocean physics in the tropical Pacific
Nifio/Southern Oscillation (ENSO). Further details on thes€cean [4,6,7] with a dominant period between two and seven
examples can be found in [1,2] respectively; herein we framgears. Eigenvalue variation (or root locus) has been used
this research for a controls audience. In addition to the dire¢® explore ENSO dynamics in simple, analytically tractable
benefit of understanding the physics of these two exampleglodels [4,8,9], and some limited information obtained in
we hope to motivate further research, and to provide afore complex models [10]. Here we extract the desired
example of interdisciplinary research that could stimulatéformation from simulations, allowing the eigenvalue and
thought on the broader applicability of controls tools. eigenvector parametric sensitivity to be obtained for more
The first example explored herein (Section 2) directlyc0mplex models that more accurately capture the physics
applies feedback analysis tools to understanding the couplid retain the effects of multiple physical parameters. We
between the thermohaline circulation (THC) in the Northdemonstrate this approach on the intermediate complexity
Atlantic and the wind-driven circulation (WDC). The THC model of Zebiak and Cane [11]. Further details, and the use
is the meridionally overturning circulation driven by densityOf this information to further the understanding of ENSO
gradients, which are caused by poleward thermal and salinipysics can be found in [2]. It is hoped that the para-
gradients. This current transports large amounts of heat pol@letric sensitivity will aid in tuning more complex general
wards and is thus important to the climate system. Simpléirculation models (GCMs) of the entire climate system and
improve their ability to accurately model ENSO.
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02138.el i @ps. harvar d. edu scales from weather up to the entire globe.


Douglas MacMynowski
Text Box
ACC 2008


Evaporation Precipitation 30

28

26

24F

N
N
T

Q

-3 Downwelling

=
®
T

THC Strength Q (Sv)
N
o

Deep T N E s w

=
[
T

Fig. 1. Schematic of the model for coupled wind-driven and thermohaline
circulation, from [5]. The system is forced by differential fresh-water
(salinity) forcing F' in the northern and southern (mid-latitude) sections.
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The assumed upwelling/downwelling distribution is also shown. 10, s s -
! h-water Forcing (m/yr) '
F Q Fres
H Fig. 3. THC bifurcation behavior as a function of FW forcing with
O G and without feedback between THC and WDC. The behavior depends on

the feedback time constant Results are plotted for fixed WDC (solid
line, from [5]), for 7 = 0 (‘x’) and 7 = Tmax (‘0’). The feedback is
destabilizing for FW forcing below 1.9 m/yr. Beyond the bifurcation point
the limit cycle max/min amplitude are plotted. Fdf > 2, the system
Fig. 2. Block diagram of feedback interactiofi is the model of [5], with feedback converges to a stable steady state. Unit§)fare Sverdrup
in which the WDC affects the THCK is the new feedback we introduce, (106 m3/s). From [1],(© copyright 2006 American Meteorological Society.
allowing the WDCS2 to change as function of the SST gradiert

K

we assume that the steady state WDC as a function of SST
[I. THERMOHALINE CIRCULATION gradientG = Cgu is given by
Stommel [3] modeled the THC with “boxes” representing
the north and south (equatorial) surface ocean, connected Q" (z) = Qo (1 + k 1)
below through the deep ocean, with differential thermal and
fresh-water (FW) or salinity forcing. The latter representsyith feedback gairk, and we assume the WDC equilibration
differential evaporation/precipitation, as well as the freshwahas time constant so that the perturbation if satisfies
ter due to rivers or ice melt in the North Atlantic. For a wide
range of FW forcing, the model exhibits two possible stable @ — 1 [Q*(z) — €, (2)
equilibria: a strong poleward flow (the current climate state) a T
where the thermal effect on density dominates, and a weak For this model, the feedback can have a significant effect
reverse flow dominated by the counteracting density effedn the dynamics of the coupled system. For a reasonable
of salinity. For sufficiently large FW forcing, the thermally choice of parameters, the feedback destabilizes the THC
dominant branch loses stability and the THC shuts down. equilibrium for moderate fresh-water forcing, leading to an
Building on this simple box model, Pasquero and Tziperearlier bifurcation and correspondingly larger limit cycle
man [5] developed a model that also includes the effect it FW forcing above the bifurcation point. As the forcing
the wind-driven circulation: the surface ocean is replace@ increased further, the feedback results in a new stable
by an annulus, with boxes for the deep ocean, as shown @guilibrium instead of the large amplitude limit cycle that
Fig. 1. The states are the salinity and temperature aroumigvelops without feedback. These effects are shown through
the annulus and in the deep boxes, and the equations aieulation in Fig. 3.
discretized advection/diffusion. The circulatic advects In the linear region before bifurcation, the dependence
anomalies, and also depends linearly on the state, and toe stability on feedback parameters can also be rapidly
equations are therefore quadratically nonlinear. The winexplored using root locus tools. We linearize about the no-
driven circulation (WDC) affects the THC by the advectionfeedback equilibrium atF" = 1.9m/yr, and compute the
of salinity anomalies into deep water formation sites. In thigransfer function of H from input € to output G. Near
model, the stable salinity dominant equilibrium disappearshe bifurcation, the response is close to & -drder lightly
and the thermal equilibrium loses stability at high FW forcingdamped system with phase30° at the peak frequency.
F in a Hopf bifurcation to a limit cycle. Textbook root locus analysis shows that the departure angle
However, the thermohaline circulation also affects thef the dominant pole should also be30°, plus whatever
WDC because it affects the meridional atmospheric tempephase lag is introduced through the feedbakkin (2).
ature gradient and therefore the strength of the atmosphefitius, the root locus behavior in Fig. 4 can be approximately
winds. We model this by including a linear feedback betweepredicted without resorting to simulation. Furthermore, the
the poleward sea surface temperature (SST) gradieand shift in bifurcation behavior in Fig. 3 as a function of the
the WDC strength2 as shown in Fig. 2. Aside from the WDC equilibration time constant can be understood: if
additional feedback the equations can be found in [5]. For = 0, then K adds no phase lag, and the poles move
an equilibrium stater, corresponding to WDC strengfdy,  rapidly into the right-half plane. We chosg,.x = 20yrs,

Ca(z — xo)) ’
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Fig. 4. Root locus of dominant eigenvalue of linearized coupled systerﬁlg‘ 5 Desc”b'”g f‘?”C"O”S approximation .Of limit _cycle for FW f_ormr_]g
at F = 1.9 for gain0 < k < 1, for time constant- = 0 (solid) and s = 2.0m/yr. Top: without feedback, simulation (solid) and approximation

. . . : dashed). Bottom: Trend in limit cycle amplitude with feedback gain for
T = Tmax ('*'). The pole location for varyingF' is also shown (dashed). (. - ) S f :
From [1], © copyright 2006 American Meteorological Society. simulation (solid) and describing function analysis (dashed).

slightly less than the time constant of the polesiéf so at I1l. EL-NINO/SOUTHERN OSCILLATION

T = Tmax, I{ adds35° phase lag. The departure angle then ENSO dynamics arise from feedback coupling between
increases to-65°, resulting in a less rapid destabilization atmosphere and ocean physics in the tropical Pacific [4,6,7],
with increasingk than if 7 = 0. Physically this represents but the impact of ENSO extends over much of the planet.
that if the delay between a perturbation and the resultingome models have predicted an increase in ENSO variability
feedback is in phase, the feedback is strongly destabilizings a result of forecast anthropogenic climate changes, others
while if the resulting feedback is 1/4 cycle out of phase, itare more ambiguous [16]. In large part, the uncertainty
has little effect on stability. reflects the difficulties in accurately capturing ENSO using

While simulation is possible for this simple model, basicGeneral Circulation Models (GCMs) designed to simulate the
root locus tools are useful for understanding whether addeshtire climate [17]. Understanding ENSO dynamics and in
feedbacks will be relevant, and stabilizing or not, in morearticular what parameters determine its period is thus crucial
complex models. In addition, it helps understand the dynamir tuning complex models, and ultimately understanding the
rather than simply quasi-static effects of feedback. effects of climate change on ENSO dynamics.

At higher FW forcing where the model exhibits limit  From a dynamics perspective, ENSO involves primarily a
cycle behavior, describing function analysis [12] can be usesingle oscillatory mode [4, 10, 18]. The dynamics are prob-
with partial success to predict the dependence of limit cyclgbly stable and damped, driven by weather “noise” external
amplitude on feedback parameters. We first use model redugr the system [10, 18, 19], though possibly unstable, with
tion for analytical tractability. Basis functions are obtainecthe observed irregular period resulting from self-sustained
using proper orthogonal decomposition (POD) [13], usinghaotic oscillations [20]. The results herein do not depend on
the observability Gramian as the inner-product weighting t&nowing which explanation is correct, as we are interested in
guarantee that dynamically-relevant modes are included [14he underlying linear behavior. In either regime, parameter-
Galerkin projection gives the reduced order model dependent shifts in the period or damping of the dominant

n n_n eigenvalues of the linearization give corresponding shifts
¢ = Z Xijq; + Z Zyiijij + Z; in the observed spectrum (although this is not rigourously
j=1 j=1k=1 provable in the chaotic case). Previous researchers have ex-

where the coefficients;;, Y;;x and Z; are readily obtained plored ENSO eigenvalue variation, but only in simple models
from the original equations as inner products [15]. We seelé,8,9], or with a limited set of parameters in more complex
solutions for the reduced-model staté) € R™ of the form models [10]. Here, we extract eigenvalue and eigenvector
dependence for many parameters, from a higher-dimensional
model. In contrast to the THC example previously, this
where the higher harmonics are included because the ling@pplication does not directly involve feedback analysis, but
cycle rapidly becomes non-sinusoidal away from the bidoes use system identification concepts familiar to a controls
furcation point. Substituting into the dynamics (3), non-researcher, but not familiar to a typical climate researcher.
zero solutions to the harmonic balance equations correspondThe fundamental elements of the physics are well under-
to limit cycles. The approach works reasonably well astood ( [6] is written for a reader with a non-climatology
predicting the limit cycle without feedback (Fig. 5), and forbackground). A hierarchy of modeling tools have been
small feedback amplitude. For higher feedback amplitud@pplied, including numerical fitting of the observed time-
additional harmonics would be required in (4) to accuratelgequence [18], inverse modeling [21], very low-order
capture the behavior. physically-motivated oscillator models [22,23], intermediate-

(3)

q(t) = a + Bsinwt + v cos wt 4 § sin 2wt + € cos 2wt, (4)



complexity coupled atmosphere/ocean models [11] and mod-
ified general circulation models (GCMs) [24]. Parametef ~ Converged?

The oscillation is amplified by positive Bjerknes feedback Estimation Nd Yes |
[25] between the ocean and atmosphere: increased East-West ' :

SST gradient leads to increased atmospheric convection, : Choose IC, | :
a strengthened Walker circulation, and increased westward ; Scale factor] ;
equatorial surface winds that drive the ocean currents and UURA A—)
. . . Nifho-3 inde

in turn the SST and thermocline slope. The atmospheric fime series ZC Model

adjustment time is rapid, hence this feedback is nearly
in phase with a perturbation, and primar”y influences thélg 6. Sclhematic of'algorithm'._The_ original simulation code (“ZC Model”)
stabilitv. not the period of oscillation. The period is stronal is used with only minor modification. The outer loop of code chooses
: Y, p ) T p g yappropriate inputs for the simulation to estimate linear model parameters
influenced by lags in the dynamic response of the oceaand exits based on a convergence test.
including both wave dynamics and SST-adjustment time (e.g.
o). _invariant (using Floquet analysis as in [10, 29]). An auto-
A smg_le ENSO cycle pr_o_ceeds as follows. A positiveregressive (AR)-model
perturbation in the east Pacific SST (for example) decreases N
the atmospheric winds as described above. The changed wind - Z o _
stress leads to an eastward-propagating equatorial ocean Yo = < iYk—12i
Kelvin wave that deepens the thermocline, and a westward- ) = )
propagating off-equatorial Rossby wave that shallows th€&n be fit to the model output time seriggrom an unforced
thermocline depth. The Kelvin wave amplifies the Originaplmulatlon from an initial condition close to the dominant
SST perturbation by changing the temperature of ulowe|"nsigenvector. (Note that z_;\II_ the data are still used, as the eigen-
in the eastern Pacific, and the original anomaly thus grow¥alueés and hence coefficientsdo not depend on the month
Meanwhile, the more slowly traveling Rossby waves reflect-) We usey as the scalar Nifo-3 index (average SST over a
off the western Pacific boundary as Kelvin waves. Onc&egion of eastern Pacific) since the relevant mode will clearly
these reach the eastern Pacific, they begin to cancel tHg observable_ in this Ol_Jtput. A recursive stochastic (Kalman
anomaly there, although it can take some time to accumulaféfer) formulation to estimate AR-parameteisallows small
a sufficient cancelling signal, depending on the relativ@ursts of 5|mula_t|0ns_to be used_ and convergence rr_10mtored.
amplitude between the eastern anomaly and the opposite si@ﬂ extract _t_he I_mequzed b_ehawor from the simulation, one
returning wave [2, 26, 27]. code modification is required to scale the state vector at
We use the Zebiak and Cane (ZC) [11] intermediate®@ch time step, s@y1 = af(zx, ). The only effect of
complexity atmosphere/ocean anomaly model. This has be8}s on the linearization is to add or subtract damping. This
successfully used for prediction of ENSO [28], and has beefllows the damping of the dominant eigenvalue pair to be
the basis for substantial research. Plausible time series afigeSen to be stable but lightly damped, thereby maximizing
predictions can be obtained either with parameters chosen &t quality of system identification on the output time series.
that the system exhibits self-sustained chaotic oscillationd,he €igenvalues of the linearization of the modified system
or for which the system is stable and forced by stochastié'® related to those of the original system by the scale factor;
noise. A shallow-water model is used for the ocean and d(af) of
: : M—=2)=a-A (6)
atmosphere, with an embedded ocean-surface mixed-layer, Oz = ox
parameterized atmospheric heating due to SST-dependent _ )
evaporation and convergence, and parameterized subsurfac’é‘_n Ol_”_e_r loop can then be written that chooses the sim-
ocean temperature. The model coarsely discretizes thddation initial conditions and scale factor, uses a short burst
coupled partial differential equations over the tropical Pacifi®f s_lmulatlon to update AR mod_el _estlmates and |ter_ates _
ocean, leading to~33000 state variables. However theunt|I convergence is reached; this is shown schematically in

ENSO oscillation itself is a low-dimensional phenomenffig‘ 6. This approach allows legacy code to be used as a

involving only a few degrees of freedom. Simpler modeldack box.

[22,23] have the advantage of fewer degrees of freedom, anoIThe eigenve_ctors corresponding to th_e dominant _Complex
thus improved analytical tractability. These simpler mode|3§|genvalue pair can also be extracted, since in the linearized
gime, the response after sufficient time is dominated by

however, do not capture the independent effects of multiplfée_ ; >
parameters. The sensitivity analysis described below usesﬂ};\S com_plex eigenvector pair. Given several cycles of state-
simulation-based approach to identify and extract relevarfector historyzy, then
low-dimension information (eigenvalues and eigenvectors) 1™
. . . . .. . _ —k

about the system linearization without explicitly constructing v=0 Z ANy (7
the linearization. k=1

The seasonal cycle results in a time-periodic modeak a good estimate of the eigenvector. The change in eigen-
k41 = f(zr,j) wherej = mod(k, 12) is the month and:  vector as parameters change is also useful to understanding
the state vector. The annual model = g(zx—12) is time- the relevant physics and feedback processes involved.

()



P category is the use of modeling and model reduction tools.
Both of the problems discussed herein have clear and
7—/7;;%\. o useful extensions. The THC and WDC coupling can be
F19% considered in more complex models to understand whether
similar behavior still exists. Additional tools can also be
applied to the understanding of ENSO. Formal model re-
duction tools to extract the dynamically relevant states could
be useful [14], both for this and for more complex models.
Controllability and observability analysis would be useful for
understanding the spatial and temporal sensitivity of ENSO
to forcing, and the relevant spatial and temporal information
to sense in order to better estimate future evolution.
In addition to THC and ENSO, there are other dynamic
08/ phenomena relevant to understanding the climate. Variability
0.6 occurs on a wide range of time scales, due to the complex
nonlinear interactions between the oceans, atmosphere, sea
Fig. 7. Eigenvalue sensitivity near nominal ZC parameters, illustratingce. |and ice sheets. as well as the land and ocean bio-
dependence on ocean/atmosphere coupliy)( atmospheric heating pa- H E | . lude D d-0 h illati
rameterization ¢, 3), mean eastern thermocline depth,{,) ocean decay spheres. £Examp es_ 'n_C ude Dansgaard-Oeschger osciilatons
time (Tiecay), atmospheric wave speed,(, western boundary reflection (1500yrs) [31], Heinrich events (7000yrs) [32] and global
coefficient (WBRC) and ocean equivalent depth (Heq). The annual growi§|acial cycles (100,000yrs) [33]. Despite the tremendous
rate (lines of constant radii, 0.6 to 1.6) and period (lines of constant phas lexit d rich £t | d tial |
3-5 years) is indicated. Some phase-locking to the seasonal cycle is evide mplexity and richness of emporal and spatial sca _es,
at periods of 3 and 4 years. in almost all of these examples, the relevant dynamics
may be explained in terms of a simple mechanism, often

Fig 7 shows a typical root locus output for nominalsurprisingly well represented by simple idealized models,
(unstable) parameters in the discrete-time ZC model. Line®9- [34,35]. While progress has been made in understand-
of constant radii correspond to equal growth rate, while line#d these subsystems in isolation, feedback analysis tools
of constant phase correspond to equal period or frequen&puld be broadly useful in understanding the dynamics of
Thus the model period is most sensitivedg He,, WBRC, the interaction between phenomena at multiple time scales.
andhy,., With the latter two parameters strongly affecting theUnderstanding the characteristics of feedback is also relevant
damping as well. Together with the shift in the eigenvectori© understanding the probability distribution of global climate
this information leads to insights into the model physics¢hange prediction [36].
described more fully in [2]. The parameters and H., In addition to the analysis problems described herein, there
affect the Rossby radius of deformation for the atmospher@'e several potential areas where human engineering has been
and ocean respectively, and their ratio affects which oced#iggested to intentionally modify the climate system. The
Rossby modes are excited [27,30]. Since higher-order modégncept of such control has a long history; the initial invest-
travel more slowly, this affects the average wave propagatidient by the U.S. Office of Naval Reseach in the development
speed and therefore the delay before cancelling effects rea@hnumerical weather prediction was substantially motivated
the eastern Pacific. The other two parameters noted abot, the hope of weather control [37]. Control of weather
WBRC andh,,, don't affect the wave propagation speed, bugienerally [38] and hurricane track or strength [39, 40] have
change the relative amplitude between the growing anomalgen suggested. However, the dynamics are both chaotic and
in the eastern Pacific, and the strength of the returning r&igh dimensional. The former is in principle an advantage, as
flected wave of the opposite sign. If the anomaly grows mort leads to high sensitivity, however the inherent uncertainty
rapidly, then it takes a greater accumulation of returningnay make robust control strategies challenging! The studies
waves to cancel the perturbation and begin the next Cyct@ date have demonstrated the pOSSlblllty of control in the
of oscillation. absence of model uncertainty, and much more work would

The understanding obtained herein regarding which péleed to be done in both controllability analysis and robust
rameters are relevant in determining ENSO’s period, an@edback design.
why, is useful in tuning more complex models. This, in turn, Also relevant in any discussion of control is energy input.
will improve the prediction of the effect on ENSO due toln this context, it has been shown that a significant shift of

|
4 yrs

decay”
+133%

1.6 x +33%

14

future changes in the climate system. human power generation to wind energy would result in a
measurable effect on atmospheric winds and in turn on the
IV. CONCLUSIONS AND FUTURE WORK climate [41]. Thus, contrary to popular wisdom, this scale

The two examples described herein illustrate differenof energy extraction does have the potential to influence
opportunities for the application of ideas and tools fronmthe climate, because the energy mediated through heat and
engineering control theory to research problems in climatmoisture transport is much larger than the direct change in
dynamics. The first category of opportunities is thus to exkinetic energy, and thus provides some leverage.
plore feedbacks within the climate system, while the second Control of chaotic ENSO dynamics has been described



[42] although the primary goal here was the demonstration g£o]
chaos-control technigues. Nonetheless, ENSO may provide
an interesting example for exploring feedback control within
climate systems, in part because the important dynamics]
are relatively low order, making them at least theoretically
amenable to modification because predictability is relativelﬁz]
good [28]. This is essential for robustness of any model-
based feedback algorithm. (23]
On a larger scale, geoengineering has been suggested ag
a possible element of a climate change strategy [43, 44]
(see also the editorial section @limatic Change Vol. 77,
Aug. 2006, pp. 211-248); while most of the current researcfs;
has focused on the actuation and the environmental risk, there
are certainly control aspects to this problem. 26]
Nonetheless, despite the fascination with control of the
climate, we expect the most significant benefit to arise frori27]
communication between control and climate researchersié)g]
be in the analysis of existing feedbacks within the climat

system, not in the creation of new feedbacks.
[29]
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