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Motivation
NANOOS model: ingria.coas.oregonstate.edu/rtdav/
Provided by: S. Erofeeva, A. Kurapov and P. Yu
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Current model
•Kim et al., 2014

•ROMS model Pacific North West

•2km resolution Arakaw-C grid

•40 terrain following layers

•North American Model (NAM) wind forcing

•HYCOM boundary conditions

•TOPEX tides ad boundaries (Egbert et al., 1994; Egbert and 
Erofeeva, 2002)
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Assimilated observations
GOES satellite sea-

surface temperature
JASON satellite 

altimetry
High-frequency radar sea-
surface currents (P. Kosro)
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Overlook current forecasting system

t=t0 t=t0+3 dayst=t0-3 days

4DVAR 
with B

𝑀(𝑥𝑓𝑜𝑟 0 + 𝛿𝑥)(𝑡0, 𝑡)

𝑥𝑓𝑜𝑟 𝑡
𝛿𝑥

4DVAR 
with B
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Current model error covariance
Temperature-temperature 
covariance at the surface

Temperature-temperature in a zonal cross-
section 

Balance operator covariance (Weaver et al., 
2005) 

𝛿𝑆 = 𝛾𝛿𝑇
𝛿𝜌/𝜌0 = −𝛼𝛿𝑇 + 𝛽𝛿𝑆

𝛿𝑣 = −
𝑔

𝜌0𝑓

𝜕𝛿𝜌

𝜕𝑥

𝛿𝑢 =
𝑔

𝜌0𝑓

𝜕𝛿𝜌

𝜕𝑦



Slide 7 of 25

Problem
◦ Error statistics are static in time and space

◦ Ocean state is NOT 

◦ Destroys T,S-relation

Forecast current modelGlider

𝛿𝑆

𝛿𝑇
= −0.16 ppt/◦C

Data by: J. Barth, A. Erofeev, R. 
Shearman, P. Welch
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Ens-4DVAR method

t=t0 t=t0+3 dayst=t0-3 days

4DVAR 
with 
B(t0)



Slide 9 of 25

Challenges
Generation of perturbations

Fast background error covariance localization

Fast cost-function minimization

Constraining unobserved fields
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Perturbations
 Add noise N(0,R) to observations (Houtekamer and Mitchell, 1998)

Wind: stochastic model based around NCEI NAM fields.

𝑤𝑚𝑒𝑚𝑏𝑒𝑟 റ𝑟, 𝑡 = 𝑤𝑁𝐴𝑀( റ𝑟, 𝑡)+𝑤𝐿𝑎𝑟𝑔𝑒( റ𝑟,t)+𝑤𝑆𝑚𝑎𝑙𝑙(റ𝑟, 𝑡)
 𝑤𝑁𝐴𝑀 wind from NAM model (12 km resolution)

 𝑤𝐿𝑎𝑟𝑔𝑒(റ𝑟,t) large scale NAM model error

 𝑤𝑆𝑚𝑎𝑙𝑙(റ𝑟, 𝑡) small scale NAM model error
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Large-scale wind perturbations
Large scale wind perturbation:
𝑤𝐿𝑎𝑟𝑔𝑒 റ𝑟, t = σ𝑖=1

10 𝜆𝑖(𝑡)𝐸𝑂𝐹1( റ𝑟) [ 𝑁 Ԧ𝜆; 0, 𝜎𝐿 ]

◦ As e.g. Hénaff et al. (2009) with modifications
◦ 𝜆𝑖(𝑡) assumed to be drawn from AR1 process with zero mean. 

Correlation over 24h: 0.026
◦ Standard deviation 𝜆𝑖(𝑡)determined by applying a Gibbs sampler to 

error with daily ASCAT data (Milliff et al.,2011):

𝑃 Ԧ𝜆,𝑤𝑆, 𝜎𝐿 , 𝜎𝑆|𝑤𝐴𝑠𝑐𝑎𝑡 ~𝑁 𝑤𝐴𝑠𝑐𝑎𝑡
Ԧ𝜆, 𝑤𝑆, 𝜎𝐴 𝑁(𝑤𝑆; 0, 𝜎𝑆)𝐼𝐺(𝜎𝑆)𝑵 𝝀; 𝟎, 𝝈𝑳 𝑰𝑮(𝝈𝑳)

Prior
Posteriori

EOF wind fields

Probability distribution 𝜎𝐿,1, 𝜎𝐿,4
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Small-scale wind perturbations
Small scale wind perturbations:
 Wind fields have a red spectrum 

 Linear combination of Daubechie-2 wavelets (Wikle et al.,2001)  are used used 
to reproduce this.  

 𝑤𝑆 scaled such that 𝑣𝑎𝑟(𝑤𝑆) = 2𝜎𝑆
2 = 1𝑚2𝑠−2

Spectral density of zonal (solid) and meridional 
(dashed) scatterometer winds (Chin et al., 1998)

Example small-scale wind 
field

NAM
Ens.
Fit

Spectral density v in NAM and 
wind field ensemble members
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Ensemble covariance localization
Raw ensemble covariance:

with x the daily-averaged fields at the beginning of the assimilation window

Localized ensemble covariance using MC localization (Pasmans and Kurapov, MWR 2017 in press)

B: background covariance
x: ensemble member
ത𝐱: ensemble mean
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Ensemble covariance localization
Works because
 Points nearby(high correlation) → many shared 

masks → good approximation raw covariance

 Points < localization distance apart (low 
correlation) → few shared masks → suppression 
covariance

 Points > localization distance apart (no 
correlation) → no shared masks → zero 
covariance

Faster computation than Gaspari and Cohn 
(1999) if localization distances are comparable 
and number of masks < number of grid points

Smooths spectrum ensemble members

Raw Localized



Slide 15 of 25

RBCG
Primal 4DVAR: find 𝛿𝑥 that satisfies

+ Physical sensible corrections
- 𝛿𝑥 high dimensional

Dual 4DVAR: find 𝛿𝜒 that satisfies 

nth approximation to 𝛿𝜒:

𝛿𝜒𝑛+1= 𝐕𝑛 𝑃(෩𝐁 + I)𝐕𝑛
−1
𝑃 ሚ𝑑

oWith projection 𝑃 = (𝐕𝑇𝐕)−1𝐕𝑇 → Conjugate Gradient method in dual space
- Might deteriorate analysis
+ 𝛿𝜒 low dimensional 

oWith projection 𝑃 = (𝐕𝑇෩𝐁𝐕)−1𝐕𝑇෩𝐁 → Reduced B Conjugate Gradient  (Gürol, 2014)
+ 𝛿𝜒 low dimensional 
+ Physical sensible
- Further preconditioning nontrivial

(𝐁−1 + 𝐆𝐓𝐑−1𝐆) 𝛿𝑥 = 𝐆𝐓𝐑−1d                                                           (1)

(𝐑−1/2𝐆𝐁 𝐆𝑇𝐑−1/2 + 𝐈) 𝛿𝜒 = 𝐑−1/2d, 𝛿𝑥=𝐁 𝐆𝑇𝐑−1/2 𝛿𝜒 (2)

B: background error 
covariance
R: observational error 
covariance
G: tangent linear model 
and sampling operator
d: innovation vector
𝛿𝑥: 4DVAR correction 
V: made of CG residuals
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Parallel RBCG
Choosing m multiple vectors per iteration  to expand 𝐕𝒏 to 𝐕𝒏+𝟏:
 Serial (m=1) RBCG: residual last iteration

 Parallel RBCG: try reduce spread eigenvalues in input 𝐀 = (෩𝐁 + I)

ሚ𝑑1 ሚ𝑑2… ሚ𝑑𝐾 ሚ𝑑1 ሚ𝑑
𝑐 𝑤1𝑤2…𝑤𝐾

1: SVD

ሚ𝑑 ሚ𝑑𝑇 = ෩𝐁 + I ∶= 𝐌 (Desroziers et al., 2005)

𝑤𝑞 …𝑤𝐾 s𝑤1…𝑤𝑝−1 𝑤𝑝…𝑤𝑞−1s

2: cluster
3: project

𝐕𝒏+𝟏𝐕𝒏
4: add columns 5: invert 

𝛿𝜒 𝑐𝛿𝜒 1… 𝛿𝜒𝐾

6: get new norm. 
residuals/innovation 
vectors
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Parallel RBCG
Cost function RBCG

Parallel RBCG (m=4)
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Results: glider
Forecast current modelGlider Forecast ensemble

𝛿𝑆

𝛿𝑇
= −0.16 ppt/◦C

 Deformation T,S-relation caused by background error covariance is gone when ensemble 
covariance is used .
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Results: vertical glider comparison
Forecast salinity RMSEForecast temperature RMSE

Free
Balance
Ensemble

Free
Balance
Ensemble

 During period 22 April-18 July 2011 ensemble covariance improves forecast accuracy temperature 
mainly in the subsurface. 

Ensemble covariance improves forecast accuracy salinity at the surface.
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Results: comparison NH10 buoy  
Free
Balance
Ensemble

LP 2m depth salinity at NH10 LP 2m depth temperature at NH10

 Ensemble covariance fails to predict some crossings of the plume front, notwithstanding that it 
captures the temperature signal → even in ensemble covariance T error, S error covariance 
might be off. 

Data by: P. Kosro, M. Levine, C. 
Risien and W. Waldorf

Image source: piscoweb.org
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Results: extend plume

With ensemble covariance small T corrections → large S corrections → elimination plume.

Surface salinity for and after DA correction with ensemble covariance
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Future work: salinity constraints

To prevent these jumps in surface salinity a penalty for changes in averaged surface salinity over 
areas of different size is added to the 4DVAR cost function.

With salinity constraintWithout salinity constraint

Boxes over which average surface salinity is calculated at 3 levels 
(*,+,o)
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Future work: radial HFR velocities

HFR velocities can contain significant errors, probably due to the direction location method (Emery et al., 2004)

Current assimilation: u,v with specified observational standard deviation of 0.06 m/s

Future assimilation: radial velocity with observation standard deviation varying per observation

LP-filtered current speed at NH10 (6.7m depth, RMSE 0.17 m/s)

ADCP
HFR
Ensemble

LP-filtered current speed 13 km southwest of NH10 (6.7m depth, RMSE 0.13 m/s)

ADCP
HFR
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Summary
Current forecasting model uses 4DVAR with a constant, homogeneous background error 
covariance. This covariance modifies the T,S-relationship.

A model where 4DVAR uses a background error covariance from an ensemble of model errors 
has been constructed. This ensemble 4DVAR system uses:
 A new localization method: MC localization.

 Wind perturbation method including small-scale wind fields perturbations.

 Parallel RBCG matrix inversion.

Use of an ensemble background error covariance yields a better T,S-relationship than the 
current method, better salinity forecasts at NH10 and better subsurface temperature forecast 
along the glider transect.

Use of an ensemble background error covariance can create large corrections to salinity. 
Experiments with a penalty term are underway to conserve salinity.  
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Questions?
IVO PASMANS 

ALEXANDER KURAPOV
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Assimilation with the ensemble covariance creates a plume that 
stretches further south (20 May-15 June) and further west 
(June).

31.5 ppt contour in analysis

Free 
Balance 
Ensemble
Constrained ensemble


