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Abstract. Information on snow cover extent and mass is important for characterization of hydrological 
systems at different spatial and temporal scales, and for effective water resources management. This paper 
explores geostatistics for conflation of ground-measured and passive microwave remotely sensed snow data, 
which are commonly known as primary and secondary data, respectively. A modification to conventional co-
kriging is proposed, which first estimates differenced local means between sparsely distributed primary data 
and densely sampled secondary data by co-kriging, followed by a best linear estimation of the primary 
variable based on the primary data and bias-corrected secondary data, with variogram models revised in the 
light of corrections made to the original secondary data. An experiment was carried out with snow depth (SD) 
data derived from the Advanced Microwave Scanning Radiometer for EOS (AMSR-E) instrument and the 
World Meteorological Organization (WMO) SD measurement, confirming the effectiveness of the proposed 
methodology. 
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1. Introduction 
Provision of accurate and timely information on snow-related variables, such as snow cover, snow depth 
(SD), and snow water equivalent (SWE), is important for the characterization of hydrological systems at 
different spatial and temporal scales, and for effective water resources management (Hall et al., 2001; Kelly, 
et al., 2003; Foster, et al., 2005). Conventionally, snow parameters are measured at points or blocks of finite 
support, and spatial interpolation is undertaken to extend point measurements to multiple locations in a basin 
or a larger region. Spaceborne scanning sensors, which cover a wide swath and can provide rapid repeated 
global coverage, are well suited to augment the global snow coverage information. Spaceborne sensors can 
image the earth with spatial resolutions varying from tens of meters (e.g., visible and infrared spectrometer, 
synthetic aperture radar) to tens of kilometers (e.g., passive microwave PM radiometers). Visible and 
infrared sensor applications to snow are limited to clear-sky conditions and are sensitive only to snow 
surface properties, while PM sensors are independent of solar illumination and sensitive to snow volume 
properties. PM data from the Defense Meteorological Satellite Program Special Sensor Microwave Imager 
(SSM/I) for most places on the globe are available each day. With the launch of Earth Observing System 
(EOS) Aqua satellite in May 2002, high quality PM SWE observations are available from the Advanced 
Microwave Scanning Radiometer for EOS (AMSR-E) instrument (Kelly et al., 2003; Foster, et al., 2005).  

Microwave emission from a snow layer over a ground medium consists of contributions from the snow 
itself and from the underlying ground. Both contributions are governed by the transmission and reflection 
properties of the air-snow and snow-ground boundaries, and by the absorption/emission and scattering 
properties of the snow layers. Snow crystals essentially scatter part of the cold sky radiation, which reduces 
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the upwelling radiation measured with a radiometer. The deeper or more compact the snow pack is, the more 
snow crystals are available to scatter the upwelling microwave energy. It is this interaction property that is 
used to estimate snow mass. If a snowpack is not too shallow, scattering of naturally emitted microwave 
radiation by snow crystals occurs and can be detected at frequencies greater than about 25GHz. By 
comparing brightness temperatures detected at antenna at frequencies greater than 25 GHz with those 
detected at frequencies lower than 25 GHz, it is possible to identify scattering surfaces. Generally, the 
strength of scattering signal is proportional to the SWE, and it is this relationship that forms the basis for 
estimating SWE of a snow pack (Kelly et al., 2003; Foster, et al., 2005). 

Although passive microwave sensors have been used to monitor continental-scale snow cover in the 
Northern Hemisphere for several years, their retrieval methods for snow water equivalent (SWE) and/or SD 
are less mature than VIS/IR sensor mapping techniques, resulting in larger uncertainty.  Different techniques 
have been devised for combining sparse but accurate ground measurements, which are conceptualized as 
realizations drawn from a primary variable, and dense but less accurate satellite retrievals, which are 
considered as realizations generated from a secondary variable. This leads to the topic of data conflation, 
which is of continuing research interest in geospatial information and remote sensing alike (Kyriakidis et al., 
1999). 

Geostatistics can be applied for spatial data conflation, as it provides a sound theoretical basis for 
quantifying spatial auto-correlation inherent in regionalized variables, such as SD, and for utlizing spatial 
cross-correlation in deriving estimates of the primary variable at a dense network of locations. Cokriging is a 
specific geostatistical technique for conflating multi-source spatial data over a study domain. 

However, simple-minded applications of cokriging may produce misleading results. For example, 
traditional cokriging usually imposes two constraints on kriging weights, those for primary data  summing to 
1, while those for secondary data to 0. Such weighting constraints usually lead to artificially limiting the 
contribution of secondary data in spatial prediction. As there are no constraints imposed on the weights, such 
as forcing them to be between 0 and 1, unacceptable results, such as negative values of SD, are likely 
generated by co-kriging. 

To fix this, standardized cokriging algorithms are devised, which seek to treat both primary and 
secondary data equally in terms of weighting, as all weights are constrained by a single condition of 
summing to 1 (Journel and Huijbregts, 1978). Both global and local specifications of primary and secondary 
means are possible. Re-estimation of primary and secondary variables’ local means was pursued using co-
kriging by Goovaerts (1998), in which local means were estimated for the primary and secondary variables, 
respectively. It seems more efficient to directly estimate the differences between primary and secondary 
variables’ local means, as it is those differences between means that are used in the standard format of co-
kriging.  

This paper explores an efficient approach to standard co-kriging, in which differences between local 
means of primary and secondary data are estimated directly using co-kriging prior to co-kriging of the 
primary variable based on primary and corrected secondary data. As satellite retrievals and ground 
measurements have different support, it is important to formulate kriging by explicitly accounting for 
varying spatial extents of satellite and ground samples in populating intra- and inter-data covariance matrices, 
briging the gaps in the scales of heterogeneous data (Bierkens et al., 2000; Atkinson, 2001). Therefore, a 
major feature for the proposed method is co-kriging based on both point and block support data, which are 
typically encountered in remote sensing and spatial modeling (Kelly et al., 2003). After description of the 
modified approach to co-kriging, test results for AMSR-E SD data against World Meteorological 
Organization (WMO) SD measurements are presented. Last some concluding remarks are provided 
concerning the implication of modified co-kriging for spatial data conflation, in which explicit treatments of 
linear or non-linear differences or biases among multi-source data are required for improved accuracy and 
precision in their combined processing.    

2. Methods 
A fundamental concept in geostatistics is that of regionalized variables, exemplified by land cover, snow 
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depth, terrain, and many biophysical properties (Rossi et al., 1992; Kyriakidis, 2001, Zhang and Goodchild, 
2002). This concept encapsulates attribute spatial variability, as reflected in variation of snow cover and 
depth, which, at the same time, often exhibits certain structure rather than behaving in a purely random way. 
Spatial dependence plays an important role in inferential statistics for spatial data, which is effectively 
quantified by variogram models describing spatial auto- and cross-dissimilarity between random variables.  

Consider two regionalized random variables Z1(x) and Z2(x) defined over a domain A exhausted by 
location x, which correspond to ground-measured and PM sensor-retrieved SDs. As usual, stationarity in 
mean and covariance is assumed: 

E[Zi(x)]=mi (1a)

ov( ( ), ( )) ( )i j ijC Z x Z x h c h+ = ,∀ i, j = 1,2; x ∈ A. (1b)

The regionalized variables and moments mentioned above refer implicitly to a point or quasi-point 
support. For instance, when a set of n point sample data is available, i.e., {zi(xs), s=1,…, n, i=1,2}, intra-data 
covariance can be quantified using Equation (1b). Many spatial data, such as PM satellite snow retrievals, are 
actually defined on supports of finite size, such as, pixels and parcels. Such data are assumed to be generated 
from random variables with support of finite size, which are functionally linked to point-support variables. 
Denote such block-support variables {Zi(v), i=1, 2}, v standing for a finite support. This notation applies also 
to point-support variables, when blocks v are reduced to points. Thus, block-support variables and their 
corresponding data are used as a general setting in the following text.   

The data on N block supports, i.e., {zi(vα), α = 1,…, N, i=1,2}, can be considered as integrals of point 
support values within their respective supports: 
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where kα is vα’s sampling kernel where nα points are used to discretize the extent of the finite support vα. The 
integrals may be approximated by simple averaging, i.e., 
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where nα and βn  points are used to discretize the extent of the finite supports vα and vβ, respectively. 
The above equations can be written in matrix notation as: 

=[ ( )] T
i i nE Z v m

αα αk 1  (4a)

=c ( , ) T
ij ijv vα β α βk C k  (4b)

where 
αk and 

βk  stand for column vectors of sampling kernels of lengths nα and 
βn  for supports vα and vβ, 

respectively; nα
1 and 

nβ
1 are columns of 1’s of lengths nα and 

βn , respectively; and 
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which states that 
ijC is a matrix of (cross-)covariance between locations xs and xs’. Note that the means 

and (cross-)covariances for variables defined on different supports are not necessarily stationary. 
After description of spatial mean and covariance of a random variable defined over a finite support v, 

cokriging is attended to for estimation of Z1(x) over a larger region that are defined by the set of available 
data supports. Suppose that there are two sets of block-support data ( )⎡ ⎤= =⎣ ⎦K1 1 1( ) , 1, ,

T
z v Nα αz v  and ( )2 2z v , 

vectors of length 1N  and 2N , which are considered as realizations of regionalized random variables Z1 and Z2 
over sets of blocks 1v  and 2v , respectively. The cokriging estimate for Z1 can be expressed as a linear 
combination of point- and block-support data in the neighborhood of the region v(x) centered at x: 
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1 1 1 1 2 2 2ˆ ( ( )) ( ) ( )T Tz v x = +w z v w z v  (5)

where ( )iw v is the weight vector for ( )iz v , with v  denoting a set of point or block-support.   
In the standardized mode of cokriging whereby the mean of Z2 is rescaled to that of Z1, only one 

constraint on the weights is imposed,   

1 21 1 2 2 1+ =T T
N Nw K 1 w K 1  (6)

where rows of matrices 1K and 2K  are comprised of sampling kernels for sets of block-support data ( )1 1z v  
and ( )2 2z v  for the primary and secondary variables, respectively; n and n’ stand for the total numbers of 
non-overlapping points discretizing all blocks. Thus, the objective function is: 
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Setting the partial differentials of the objective function against weight and two multipliers to zero results in 
the following normal equation of the kriging system: 
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To be able to implement the standardized version of cokriging, the secondary variable should be 
corrected for its possible deviation from the primary variable in terms of its mean. This paper proposes a 
standardization strategy for estimating local differences between secondary and primary variables. To derive 
the difference between primary and secondary means based on the sample data, it is customary for kriging-
based solutions to require unbiasedness and minimum error variance in the resultant estimator. First comes 
the unbiasedness in the estimator: 

1 2 1 1 1 2 2 2
ˆ ˆ ˆ( ( )) ( ( )) ( ( )) ( ) ( )T Tv x m v x m v x V VΔ = − = −λ z λ z  (9)

where 
1λ  and 

2λ  stand for weight vectors for the primary and secondary data in the neighborhood of v(x)  . It 
is necessary to place the following constraints on the kriging weights: 
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where rows of matrices 1K and 2K  are comprised of sampling kernels for sets of block-support data {Z1(vα), 
α = 1,…, N} and {Z2(vβ), β = 1,…, N’}for primary and secondary variables, respectively; n and n’ stand for 
the total numbers of non-overlapping points discretizing all blocks. 

 Thus, the objective function is: 
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Setting the partial differentials of the objective function against weight and two multipliers to zero results in 
the following normal equation of the kriging system: 
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A special case is when the sampling kernels are equal-weights 1/ nα to discretize the extent of the finite 
support vα. In such a case, entries n1K1  and '2 n1K in Equation (12) will be simplified to N1 and 'N1 , 
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respectively. Thus, Equation (12) is equivalent to a block ordinary co-kriging of difference between the 
means. From solution of Equation (12), one will be able to obtain both the estimation for the difference 
between means of primary and secondary variables. 

3. Test results 
To explore the applicability of the proposed method for conflating ground measurements and satellite 
retrievals, a test was carried out to quantify differences between ground measurements and satellite retrievals, 
and to use these in cokriging. The ground (reference) data consist of Northern Hemisphere meteorological 
stations observations obtained from the World Meteorological Organization (WMO) global data archive. It is 
necessary to have a standard grid for validation of remote sensing algorithms and inter-comparison between 
disparate spatial data. The SD measurements were reprojected to the 25 km Equal Area Scalable Earth grid 
(EASE-grid). These grid cells uniformly subdivide a polar stereographic map according to the geographic 
coordinates of the stations or the center of the field of view of the radiometers (Armstrong and Brodzik, 
1995). The AMSR-E swath data were also EASE-grid projected, and spatially closest suite of PM samples 
were paired with spatially coincident SD measurements.   

In the absence of spatially intensive SD measurements, these data are often the only globally consistent 
data available. Thus, it is often assumed that station measurements are representative of the average 25 x 25 
km EASE-grid cell SD. However, there are many occasions where terrain and land cover are heterogeneous 
and can produce large spatial variations in SD within an EASE-grid cell, raising the issue of scale 
(Quattrochi and Goodchild, 1997). It is known that there may be anomalous station values subject to large 
sub-pixel emissivity and topographic variation, or stations containing obvious errorneous readings, 
complicating data conflation endeavours for which comparability between reference data and satellite 
retrievals is a prerequisite (Kelly et al., 2003). The methods put forward in this paper seeks to bridge the gap 
between differing scales inherent to ground and satellite-based data by applying co-kriging with point and 
areal support data, which are typical in remote sensing.  

Time series of tabular AMSR-E and WMO SD data sets (Northern Hemisphere) were obtained, with 
each consisting of columns of latitude, longitude, EASE-X, EASE-Y, forest fraction, forest density, elevation, 
WMO SD, AMSR-E baseline SD, and AMSR-E improved SD (Kelly et al., 2003). Experimental variograms 
were calculated, with suitable models fitted using Gstat (Pebsma and Wesseling, 1998). Primary variable Z1 
was WMO SD, while secondary variables Z2 was AMSR-E baseline SD data. Variogram models were 
established for data sets on specific dates between October 2002 through April 2003, and between October 
2003 and April 2004. The covarance models for Z1 and Z2 and their cross-covariance model for the data set 
(a total of 200 sample data locations) on January 30, 2004 are: 546.2*exp(-h/15.0), 304.5*exp(-h/18.0), and 
116.2*exp(-h2/29.02), respectively. The correlation cofficient between Z1 and Z2 at zero lag is 0.28, indicating 
only a modest strength in covariation.  The primary data and secondary data sets are shown in Figure 1 (a), 
where crosses (×) indicate locations of ground-measured SDs, while satellite retrievals of SDs are shown in 
graded tones. 

The co-kriging based estimation of differences in local means between ground and satellite SD data was 
undertaken, which output per-pixel or localized predicted differences of local means, kriging variances (or 
their square root, i.e., standard deviation), and relative differences (i.e., the ratio of differences over standard 
deviation) to help identify anamonous or extreme differences. The co-kriged differences between primary 
and secondary variables’ means are shown in Figure 1 (b) where local variation in differences of local means 
appears profound. 

Corrections to Z2 data were made by adding the co-kriged differences between means (m1-m2) to the 
orginal Z2 data, resulting in bias-corrected Z2 field, as shown in Figure 1 (c). The revised models for bias-
corrected Z2’s auto-covariance and Z1-Z2 cross-covariance were found to be 396.6*exp(-h2/23.02) and 
364.5*exp(-h2/23.02), respectively. The correlation between Z1 and Z2 at zero lag, computed from sample 
data locations only, was 0.783, unsurprisingly much greater than the previous correlation with un-corrected 
Z2 data. 

Using primary data alone, ordinary kriging in GSLIB was run, generating estimated values for SDs at 
grid nodes, as shown in Figure 1 (d). Traditional cokriging with the primary and the original secondary data 
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was performed, producing gridded maps of Z1, as shown in Figure 1 (e); traditional cokriging with the 
primary and bias-corrected secondary data was performed, producing gridded maps of Z1, as shown in Figure 
1 (f). Standard cokriging with the primary and the original secondary data were performed, producing a 
gridded map of Z1, as shown in Figure 1 (g); standard cokriging with the primary and the bias-corrected 
secondary data resulted in the gridded map of Z1, as shown in Figure 1 (h). To investigate the effects of 
scaling on co-kriging, a discretization panel of 3 by 3 was applied in the co-kriging procedure based on the 
primary and bias-corrected secondary data, resulting in estimated grid map of Z1.  

 

  
(a) (b) 

  
(c) (d) 

  
(e) (f) 

  
(g) (h) 

Figure 1. (a) primary and secondary data sets; (b) co-kriged differences between means; (c) bias-corrected 
secondary data; (d) ordinary kriged Z1 field; (e) and (f) traditional co-kriged  Z1 field using primary and 

original/bias-corrected secondary data, respectively; (g) and (h) point and block-based standard co-kriged Z1 
field using primary and bias-corrected secondary data, respectively.  
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To assess the accuracy of estimation by different methods, a set of 35 data points were retained as 
checking points against which estimated values could be compared. The errors recorded at these data points 
were summarized to report error statistics such as means and root mean squared errors (RMSEs), as shown in 
Table 1. 

Table 1. Accuracy assessment for geostatistical predictionn of SD (units: cm)  

Methods Mean 
errors 

Root mean 
squared errors 

(RMSEs) 
ordinary kriging -3.65 20.01 
traditional ordinary cokriging without bias-correction -2.53 19.62 
traditional ordinary cokriging with bias-correction -6.23 27.16 
standardized ordinary cokriging without bias-correction -3.25 18.88 
standardized ordinary cokriging with bias-correction -1.81 13.62 
standardized ordinary block cokriging with bias-correction -1.84 13.73 

 
As shown in Table 1, co-kriging methods using both primary and secondary data outperfom ordinary 

kriging using primary data alone, except for traditional co-kriging using primary and bias-corrected 
secondary data, whose results were the worst in terms of both means error and RMSE. This was due to 
wrongly constrained weights on the bias-corrected secondary data which were aleardy re-scaled, leading to 
extremely valued weights and, hence, unacceptable estimates (Goovaerts, 1998). Inspection of the residuals 
at individual validation points reveals that traditional co-kriging lead to unusual over- or under-estimation at 
some points due to bad Z2 data configuration, which were likely confounded by artifacts in the differenced 
SD surface. 

Using primary and uncorrected secondary data, standardized co-kriging generates more under-estimated 
but less dispersed results than by traditional co-kriging, as shown in Table 1. This is probably due to the fact 
that the uncorrected Z2 data lead to biased results, while the standardized co-kriging requires the mean of Z2 
is rescaled to that of Z1. Standardized co-kriging based on primary and bias-corrected secondary data 
produces better results than that with traditional co-kriging, as shown in Table 1. The comparison between 
point co-kriging and block co-kriging-based methods for predicting Z1 at grid nodes indicate that there is 
only slight overestimation by the former as opposed to the latter. This is because the latter restore some of 
the within-block dispersion in the process of co-kriging. The reason that their results are not so different as 
may be anticipated beforehand is that the effective ranges of the variations in both the primary and secondary 
variables are relatively large, likely to dampen the effect of within-cell variability. 

Future applications of the proposed geostatistical methods in an operational setting will rely on 
computerized system of variogram modeling, geostatistical prediction, and simulation. It is important to 
develop sound and user-friendly software systems for variogram modeling and in-taking of the resultant 
model parameters for geostatistical computing. Secondly, modules should be added for regression analysis 
that can offer insights with respect to covariates such as land cover and terrain variables that have been found 
to be correlated to systematic components or biases in the satellite retrievals and thus will be helpful in future 
validation efforst and algorithm evolution. This concerns "difficult" areas encountered in remote sensing of 
snow, which include forested and mountainous areas, which may be usefully incorporated in data analysis 
for accommodation of systematic biases (Zhou et al., 2003). Lastly, there is a question about how to perform 
hypothesis testing with spatially correlated samples (Clifford et al., 1989). All such issues that complicate 
the process of uncertainty characterization will form the avenues for further investigation. 

4. Conclusion 
This paper has described an efficient approach to standard co-kriging with local differences between means 
pre-computed in one run. Validation results confirm its improved accuracy as opposed to traditional 
implementation of co-kriging whereby separate constraints on primary and secondary data are unwisely 
imposed. Geostatistics for estimating differences between satellite snow retrievals and ground measurements 
pave the way for integrated handling of multi-source data whereby existence of systematic biases, linear or 
non-linear, may be detected while stochastic variation with spatial dependence is modeled for data conflation. 
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It is hoped that the research reported here will generate strong impetus to combined treatment of both 
systematic and stochastic components in multi-source data, which should shed new light on remote sensing 
validation and spatial information fusion. 
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