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Coherent Structures
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Front Detections

Hurricane Tracks Hurricane Forecast Tracks

Coherent structures are ubiquitous 

at all scales

Receiving some attention now, but many

DA/UQ issues remain. 



Coherent Structure Data Assimilation

• Now reasonably understood 

problem

• Afflicts ensemble 

& variational
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Soliton Simulations

A
m
p
li
tu
d
e

Position

3

3DVAR Analysis 3DVAR Analysis

A
m
p
li
tu
d
e

A
m
p
li
tu
d
e

PositionPosition



Potential Solution
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• Estimates are poor 
because uncertainties 
compound due to 
position errors.

• Detecting and 
minimizing position 
errors automatically 
may lead to better 
analysis.

• We propose a new 
method called Scale-
Cascaded Alignment
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Automatic Removal of Position Errors



Uncertainty Quantification
Ravela, EGU 2006

The mean of the ensemble is not a good member!  What does the average of 

fields with coherent structures  mean anyway?

We propose coalescence;  a technique that incorporates displacement  in 

calculating  ensemble statistics.
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Ensemble Coalesced
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Structure

• Scale-Cascaded Alignment

– Improves Tikhonov (Differential/Smoothness) 
regularization

• Coalescence

– New, enables ensemble analysis

• Application to Aviation Nowcasting

– Extrapolation

– Blending
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Bayesian Formulation
Ravela et al. 2003-2007

X X(r – q(r))q

P(X, q| Y) ∝ P(Y | X, q) P(X|q) P(q)

J(X,q) = ½ ||Y(r) - HX(r – q(r))||R + ½ ||X(r – q(r)) – Xf(r – q(r))||B(q) +L(q) 
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What’s the optimal solution?

Data Likelihood

Amplitude Prior

Displacement Prior

This formulation “works” when features are 

varied or difficult to detect, observations are 

sparse and noisy and deformations are 

complex.

Many solutions are possible



Key Points

• Position errors (>0) weaken the amplitude error 
covariance. The corrupted amplitude covariance, 
especially when it is flow-dependent, can no 
longer achieve the Cramer-Rao bound (Ravela et 
al. 2003).

• The deformation solution is dense, non-trivial 
alignments can be easily  including local skews, 
shears, rotations, divergence, convergence and 
higher modes. 
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Direct Minimization

• The error between spatial fields can be jointly reduced in position 
and amplitude subspaces optimally if and only if the sensitivity of 
the amplitude error covariance to position errors is accounted. 

• This is a non-trivial problem except when 

– Amplitude error covariance is assumed to be static or 

– Position and amplitude errors are assumed to be independent or

– Jointly Gaussian. 

– All are generally bad assumptions.

• We showed, instead, that the joint error-reduction problem can be 
solved using sampling (ensemble) methods (Ravela et al. 2007) 
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Sequential Approximation

• We were also the first to show that the error 

between spatial fields can be reduced in 

position and amplitude in two steps in a 

systematic way (though ad-hoc approaches 

were considered contemporarily), by 

considering the Euler-Lagrange equations of 

the objective.
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Pattern Data Assimilation
Ravela et al. 2007

dL/dq + ∇Xf |r-q . [HT R-1 (Y – H X(r-q))]r=0

Step 1: Bend – Align:

Xa = Xf*+B*HT (HB*HT + R)-1 (Y – HXf*)

Step 2: Blend – Xf* = Xfoq*and B* =B(q*) from solution q* of step 1
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∇2q + F(q) = 0
For example, with smoothness

the nonlinear (Laplace-Beltrami) flow:

Can be solved iteratively: ∇2q
i
+ F(q

0:i-1
) = 0



Hurricane Field Estimation Application
(J. Williams, Master’s Thesis , 2008)
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Forecast Vortex Truth VortexObservation Grid



Current Methods

• Smoothness constraints are popular e.g.: L(q)=w
1
||∇q|| + w

2
||∇·q|| 

• But we don’t want to morph, we could simply morph to noise.

• Must produce good explanation

– Invariant but not selective.

• Differential constraints are

weak and somewhat difficult 

to deploy.
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Scale Cascaded Field Alignment
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Yang and Ravela 2009



Control of Alignment
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Yang and Ravela 2009

Filter Design

Gabor Filter Bank



Coalescence as an “N-body” problem
Ravela, EGU 2006
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Ensemble Coalesced
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Each ensemble member experiences a “body force” from the others 

and the “N-bodies” coalesce in position space. We show that this 

requires an invocation of an Expectation-Maximization framework to 

solve for the mean and covariance. (Ravela, 2012).



Example
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Example
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Nowcasting (0-8 hr)



Characteristic Performance
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Envelope

Cell

Motion Data Sources

Synoptic

Model Winds

0-20 min

0-2 hr

2-8 hr

Temporal 

201x101 km

Spatial 

69x13 km

13 km

Spatial 

Interpolation

Automated

Data Quality 

Editing

Reference vecs

Input vecs

Motion Extrapolation

(Advection)

Extrapolation Methods
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Blending Problem
Extrapolated Observations Numerical Model Forecast

+

How can we combine Data and Models to produce an estimate of 

nature better than either source alone?  
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Hurricane Alex
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Motion Modes

1 2

3
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Blending

Examples

Thanks to K. Haas
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Case Domains Coalesce



Hurricane Irene: Blending Example
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More Irene
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Discussion

• Scale-Cascaded Alignment values parsimonious 
explanations of deformations. Use at Lincoln 
Laboratory for FAA CIWS/CoSPA/NextGen. 

• Many (expanding) number of applications in 
Forecasting, Data Assimilation, Reservoir  Modeling 
and Pattern Recognition.

• Coalescence enables effective ensemble analysis. 
Application to blending, and others e.g. bias estimation 
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