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I. Abstract
Feng et al. (2010) presents a new nonparametric approach, based on spline (SP) regression, for estimating 

the satellite altimeter sea state bias (SSB) correction.  Model assessment is performed alongside SSB models 

computed using a local linear kernel (LK) smoothing, which is currently used to build operational altimeter 

SSB models.  Key reasons for introducing this alternative for SSB application include simplicity in accurate 

model generation, ease in model replication among altimeter research teams, reduced computational 

requirements, and its suitability for higher dimensional SSB estimation.  It is shown that the SP- and LK-

based SSB solutions are effectively equivalent within the data dense portion, with an offset below 0.1 mm 

and rms difference of 1.9 mm for the 2D (i.e. wave height and wind speed) SSB model. Small differences at 

the 1-5 mm level do exist in the case of low data density, particularly at low wind speed and high sea state.  

Overall, the SP model appears to more closely follow the bin-averaged SSB estimates.

This poster presentation includes

• Development and implementation details for the new SP-based NP SSB models.

• Thorough assessment of the new SP-based SSB solution against the LK-based SSB solution in 2D [U10, 

Hs] and 3D [ U10, Hs, x ] space.

• Summation of SP and LK approach benefits and limits for NP SSB modeling.

V.   Concluding remarks 
Spline (SP) regression based SSB models have been developed, and thoroughly evaluated against 

the altimeter science team standard local linear kernel (LK) SSB model approach in both 2D {Hs, U10} 

and 3D {Hs, U10, Tm} domains using an identical direct-SSHA Jasonn-1 study. Conclusions are : 

• SP-based approach is a capable and computationally-efficient alternative for the NP SSB 
estimation problem, and is easier to implement and adapt to higher dimension SSB estimation  

• The SP regression agrees well with bin-average data over the entire data data space in 2 and 3 

dimensional solutions

• The SP and KL-based SSB estimates are effectively equivalent although small systematic 

differences occur below 2-3mm in the infrequently encountered data conditions.
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II. Overview of non-parametric (NP) SSB estimators
NP SSB estimation model :                  

Y = SSBNP(X)  + ε

ε is a collective error term from various sources, assumed a zero mean noise.   

X is a vector of SSB-correlated predictors, such as Hs and U10 

Y is a response variable, the sea surface range error information.

Data availability of Y 

• SSH ( collinear or crossover ) difference dataset: SSHD (Gaspar et al., 2002) 

• Direct SSH anomaly dataset                                : SSHA (Vandemark et al.,2002)

Note that the error term ε of SSHD and SSHA are not equivalent, and so the corresponding SSB estimates 

can exhibit systematic difference due to distinct data sets being used (Labroue et al., 2004).

NP estimators for SSB

• Bin Averaged                            (BA ):               (Vandemark et al., 2002)

• Nadaraya-Watson Kernel Smoothing :              (Gaspar et al., 1998)

• Local linear Kernel  (LK): 

- SSB(U10,Hs) :                                            (Gaspar et al., 2002)

- 3P SSB(U10,Hs,Tm):                                  (Tran et al.,     2010) 

• Spline (SP) regression  in 2D/3D                       (Feng et al.,    2010)
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III.2. Data used

Y: Jason-1 (J1) Sea Surface Height Anomaly SSHA with  all geophysical corrections applied but SSB

X:    Hs:  Significant wave height   ( J1)

U10:  Wind speed                    ( J1)            

Tm:   Mean Wave period     (WW3 )

III.1 Spline-based SSB Regression Model (Ruppert et al., 2003)
The 2D {Hs ,U10} SSB problem: 

Where  f1 and f2 are smooth functions of x1 and x2, respectively, and function f3 accounts for the coupled effect of x1 

and x2 on SSB. for a cubic SP basis [1,x, B(x,k1)…],  f1(x1) and f2(x2) can be represented as follows

where 

q1 and q2 are the numbers of knots for f1 and f2, respectively, and κ refers to these knots. The interaction f3 is 

modeled as a linear combination of [x1x2, x1B(x2, κ21), . . . , x1B(x2, κ2q2 ), x2B(x1, κ11), . . . ,x2B(x1, κ1q1 )]. 

We assume that this cubic SP basis for  f3(x1, x2) leads to a linear 

SSB model Y = Xβ + ε, where the ith row of matrix X is

where the coefficient vector β ={ a0, a1,a2…aq+3,b1,b2…bq+2, c1,c2, …},  q is # of knots,  and β minimizes ║Y- RX β║2

Solution considerations: 1) SP function selection, 2) Number of knots , 3) w or w/o interactive terms  

Tm comes  from wave model (WW3, WaveWatch 3) outputs, temporally/spatially 

interpolated to J1 ground measurement points (Feng et al., 2006).  A 1 M pt subset 

randomly sampled from an annual total 16M data points is used for this work

III.3  Optimization of this spline regression

Cubic Spline           

III.4 Brief Summary of SP-based SSB development

• Require a cubic SP regression at adequately resolve the SSB(X)  

• Required number of knots needs to exceed 8 if same # is used in all dimensions

• Adding interaction terms in the SP models is critical 

IV.1   2D SSB (Hs,U10) - spline and local linear kernel solutions 

Figure 1 : Impacts of the number of knots and 

interaction terms for the cubic SP-based

SSB estimates (in meters) over the 2-D SSB 

predictor {U10,Hs} domain. Three sets of the 

color-line contours indicate three distinct sets 

of the SP-based SSB estimates with respect to 

the specific number of knots (= 4, 8, 10), and

the corresponding solid and dash of the color-

line contours stand for SP-based SSB with and 

without interaction terms, respectively. As a 

reference, the BA SSBs are also given by the 

black contour. Note that the shaded region 

indicates that at least 100 samples are found 

within each bin.

• SP fitting computation cost is very low (x10) 

• SP fits data (BA) very well 

Figure 2: the 2-D SSB {U10,Hs} estimates (in 

meters) obtained by the SP-based (blue), the LK-

based (red), and the simple BA (black)SSB. The 

SP model is developed with ten knots and 

interactive terms activated.

Figure 3: Distribution histogram of the 

difference (in millimeters) between the SP- and 

LK-based 2-D SSB {U10,Hs} estimates. The 

mean and standard deviation are noted as well.

Figure4 : Difference (in mm) between SP- and 

LK-based SSB estimators over {U10, Hs} 

domain. Isopleths of (white) 0.00 cm, ±0.20 

mm, and ±0.40 mm are indicated. The shaded 

region indicates >100 samples per bin.

IV.2   3D SSB (Hs,U10, Tm) comparisons 

Figure 5: Difference (in millimeters) over the {U10,Hs} domain 

between (a) the 3-D SP SSB (U10,Hs, Tm = 8 s) and the 3-D SP SSB 

(U10,Hs, Tm = 7s), (b) the 3-D LK SSB (U10,Hs, Tm = 8s) and the 3-

D LK SSB (U10,Hs, Tm = 7 s), and (c) the 3-D SP SSB and the 3-D 

LK SSB with both having Tm = 8 s. The shaded region indicates that at 

least 50 samples are found within each bin.


