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Comparative real data tests of some
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Several objective analysis methods were tested using 20 years of surface pressure ob-
servations over southeastern Australia. The methods were assessed by withholding
observations from a few stations, and comparing the analysed and observed values
at the locations of the withheld stations. Best results were obtained by statistical in-
terpolation using appropriate forms of correlation function. However the Cressman
successive correction method was only slightly less accurate than statistical interpo-
lation with the best functions, and was better than statistical interpolation with a
Gaussian correlation function. There is some suggestion that when the covariance
structure is not well known, a modest improvement in statistical interpolation ac-
curacy may be achievable by changing the ‘noise to signal’ parameter from case to

case, using generalised cross validation,

Introduction

The performance of objective analysis schemes can
be assessed in several ways. An obvious requirement
is that an analysis should fit the observations with
a fidelity commensurate with the error in the obser-
vational data, bearing in mind the scales one wishes
to represent. Most operational analysis centres rou-
tinely compute statistics of analysed minus observed
values to ensure that this requirement is met.

In order to compare different analysis schemes,
all of which satisfactorily fit the observations, it is
necessary to devise other criteria. One way is to com-
pare forecasts using the different analyses as initial
states. This method is potentially very expensive in
computing resources, and the results may be depen-
dent upon the forecast model. Since an objective
analysis scheme should produce realistic values in be-
tween the observations (as well as fit the observa-
tions), another reasonable basis for assessing differ-
ent analysis methods is the interpolation error. In
operational practice there is of course no ‘ground
truth’ for the direct computation of such an error.
A theoretical estimate of interpolation error can be
obtained for most analysis methods which use ob-
servations to update a background field, provided
that the statistical covariance properties of the ob-
servations and background field can be specified (e.g.
Gandin 1963); however a drawback is that the covar-
iance properties themselves may not be well known.
Interpolation error estimates can also be obtained
through the use of synthetic data fields and synthet-
ic observations (e.g. Goodin et al. 1979; Wahba and
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Wendelberger 1980; Franke 1985). The credibility of
this approach depends upon how closely the synthetic
data resemble their counterparts in the real
atmosphere.

In this report, real observations have been used,
and the interpolation errors of several analysis
methods have been assessed by withholding a sub-
set of the observations, and computing the differ-
ences between the resultant analysis at these obser-
vation stations and the withheld data. Such an ap-
proach has been used previously, for example by
Gandin (1963) and Thiebaux (1975, 1977). The ex-
periments to be reported here differ from those of
the above-named authors with respect to (i) the data
base (many years of data at spacings from about 20
to 2400 km) and (ii) the range of analysis methods
and parameter settings used.

The design of the following experiments is such
that the results measure the relative performances
of the different analysis schemes mainly over data-
dense areas, although an indication of the ability of
each scheme to extrapolate up to a few hundred
kilometres out from the edge of a well-observed area
is also provided. The aspect of analysis over data-
sparse areas has not been addressed, because of the
critical dependence of analysis in such areas upon
a good background field. In these experiments, the
main aim was to compare the abilities of the several
analysis methods to extract the maximum informa-
tion from the observations themselves.

Data base

Twenty years (1961-1980) of daily (9 am local time)
surface pressure observations from 47 observing sta-
tions over southeastern Australia were used (Table
I, Fig. 1). Surface pressure data were chosen in
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preference to sea level pressure data since the form-
er were more readily available in archived form. Not
all of the stations were available for the whole peri-
od, but more than 30 stations were available on most
days and more than 40 on some. The data were
checked for gross errors by standard statistical
screening, then transformed into anomalies by sub-
tracting the long-term mean at each station from the
observed values. The anomaly data were then
checked further by comparing each station with its
neighbours. All the subsequent experiments were per-
formed on the anomalies. Since the transformation

Fig. 1 The geographical locations of stations in Table 1.

The circled stations were designated as ‘boundary’
stations; the remainder were designated as ‘interi-

or’ (see text).
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Table 1. The observing stations used in the experi-
ments. The numbering references the ge-
ographical location shown in Fig. 1.

1. Adelaide Airport 25. Launceston

2. Ballarat 26. Laverton

3. Beechworth 27. Maatsuyker Is.
4. Benalla 28. Mascot

5. Bendigo 29. Mildura

6. Berri 30. Montague Is.
7. Bonegilla 31. Mount Gambier
8. Canberra 32. Nhill

9. Cape Borda 33. Nowra
10. Cape Otway 34. Omeo
11. Cape Sorell 35. Orbost
12. Cape Willoughby 36. Redpa

13. Currie 37. Renmark

14. Dubbo 38. Robe

15. East Sale 39. Smithton

16. Echuca 40. Stanley

17. Eddystone 41. Strahan

18. Flinders Is. 42. Swan Hill

19. Forbes 43. Wagga Wagga
20. Gabo Is. 44, Warrnambool
21. Hay 45. Williamtown
22. Hillston 46. Wilsens Promontory
23. Hobart Airport 47. Zeehan

24. Keith

to anomalies of surface pressure removes the effects
of topography, the transformed data may be regard-
ed as closely equivalent to anomalies of sea level
pressure.

Experimental method

Experiments were performed with five analysis
methods, namely (i) statistical interpolation, (ii) suc-
cessive correction (Cressman method), (iii) succes-
sive correction (Barnes method), (iv) two-
dimensional Laplacian splines with generalised cross
validation (GCV), and (v) statistical interpolation
with GCV. The first three methods require a num-
ber of parameters to be specified by the user. The
Laplacian spline approach does not have this require-:
ment but it can nevertheless make use of prior in-
formation about observational error variance if it
is available. In general, the prespecified parameters
of each method control characteristics such as fidelity
to the observations, and the scale characteristics of
the resultant analysis. The parameters may be based
upon prior information about the typical spatial
variability of the element being analysed, and infor-
mation about the random error in the observations.
In these experiments, a dependent data subset of five
randomly selected years provided the prior informa-
tion for parameter specification and the remaining
fifteen years of independent data were used for the
comparative testing of the different analysis
methods. Further details of how the parameters were
specified for each method are given later.

In all the experiments, the observations were the
surface pressure anomalies described in the previous
section. For those methods which required a back-
ground field as a first guess, this field was taken as
zero. This is of course mathematically equivalent to
using the original observations (rather than anoma-
lies) of surface pressure, together with a background
field of climatology.

The methods were compared by withholding the
same subsets of observations from each scheme, and
studying how well each method reproduced the with-
held data. Experiments were performed with net-
works of observations (not counting those withheld)
ranging in size from 20 to 40. The withheld obser-
vations were selected either randomly, or entirely
from a ‘boundary’ or ‘internal’ subset (Fig. 1). The
implementation of each of the four methods is now
described in detail.

Statistical interpolation

In statistical (‘optimum’) interpolation (Gandin 1963)
an interpolated increment (f)) from a background
field is estimated using the linear weighted sum of
observed increments (f) by

fo = \LVTJ

where w is the vector of weights and f is the vector
of observed increments. The statistical interpolation
weights w are computed from
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w =[P+ O] p S

where P is the matrix of background error correla-
tion coefficients, O is the matrix of normalised ob-
servational error covariance, between the observing
points, and p is the vector of background error
correlation coefficients between the observing points
and interpolation point. Details of the derivation of
Eqn | may be found in, for example, Rutherford
(1972). In practice, the interpolation is suboptimal
to the extent that the correlation coefficients and
covariances are not known exactly. In this implemen-
tation, the covariances over the analysis domain were
assumed to be homogeneous and isotropic. The spa-
tial correlation coefficients of background field er-
ror between points separated by a distance s, were
formulated in terms of positive definite correlation
coeffici~nt functions determined from the dependent
data. The other-critical parameter -of statistical in-
terpolation, namely the ‘noise to signal’ ratio (\?)
of observational error variance to background field
error variance, was similarly determined from the
five-year dependent data sample by extrapolating ob-
served correlation coefficients to zero separation.
The value of observational error variance implied by
this procedure was 0.695 mb?, which is close to the
values used in several operational centres.

The particular forms of correlation coefficient
function used were

r(s) = exp (—0.5 s*/L?

r(s) = (1—a + a cos bs) exp (—cs)
r(s) (1-a + acos bs) (1 +s2/¢?)
r(s) (1 + s/L) exp (—s/L)

where the constants L, a, b, and ¢ were determined
from the dependent correlation coefficient data. The
comparative merits of functions 2 to 4 have been dis-
cussed by Julian and Thiebaux (1975) and Thiebaux
(1977). They will be referred to respectively as the
Gaussian, exponentially damped cosine, and poly-
nomial damped cosine functions. The function (5),
proposed by Yudin (1961), is a positive, monotonic
decreasing, limiting form of the correlation function
of a second order autoregressive process (Thiebaux
1976). Some of its properties have been investigated
by Daley (1983), who called it the Markov function.
Both the Markov function and the Gaussian func-
tion are simple one-parameter functions which have
been widely used in practical objective analysis
schemes.

W W N

Successive correction (Cressman)
As formulated by Cressman (1959), this method con-
sists of iterative application of the following steps:
(i) Interpolation of a background field to the lo-
cation of the observations.
(ii) Evaluation of a correction (observed minus
background) at the location of each observation.
(iii) Accumulation at each grid-point of a weighted
sum of corrections from observation points wi-
thin a specified scan area.

(iv) Evaluation of an updated value of each grid-
point by adding the weighted sum of corrections
to the background field. The updated field be-
comes the background field for the next
iteration.

A simple 1-2-1 smoothing filter (e.g. Shuman 1957,
Eqgn 1 with ¢ = 0.25) may be applied to the gridded
corrections (after step (iii)), or to the total field (af-
ter step (iv)). The field after step (iv) of the final iter-
ation is the resultant analysis.

The method of accumulating the corrections at
step (iii) is

C, = (Cb,C)/E b,

where C_ is the accumulated correction at a grid-
point, C, is the correction at an observing point.
The weights b, correspond to the influence function

b, = (R* — d)/(R* + d?), d <R
b, = 0,d >R

where d, is the distance between observation i and
grid-point 0, and R is a prescribed scan radius which
decreases with each iteration.

The background field on the initial iteration was
taken as zero. The choice of the values for free
parameters was accomplished objectively as in Sea-
man (1983) by selecting the parameter combination
which gave the lowest theoretical interpolation er-
ror, corresponding to the best fitting correlation
function and noise to signal ratio from the depen-
dent data sample.

Successive correction (Barnes)

The implementation by Koch et al. (1983), of the
Barnes (1973) objective analysis method, uses a
weighted average pass through the observations fol-
lowed by a weighted correction pass. A first guess
field is not required. The weights on each pass are
determined by a Gaussian weighting function
W = exp (- s*/K)

where s is the distance between an observation and
grid-point, and K is a pass-dependent parameter
which determines the spectral response of the anal-
ysis method. ‘

The method therefore has only two free
parameters, namely the values of K for the weight-
ed average pass and for the weighted correction pass.
Their values were chosen in the same way as above.

Laplacian spline fitting and "generalised cross
validation

In this approach, the observational data are analysed
using a two-dimensional Laplacian smoothing spline,
which is fitted to the data utilising the calculus of
variations and generalised cross validation (GCV).
The specific software used was an implementation
by Hutchinson (1984) of the mathematical method
described by Wahba and Wendelberger (1980). In
concept, the GCV methodology maximises the in-
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ternal predictive capability of the observations be-
ing analysed by leaving out one at a time and deter-
mining how well the missing datum can be predict-
ed by the remainder. An important attribute of the
GCV approach is that the free parameters may be
determined from the observations being analysed
(rather than from historical data, or by trial and er-
ror). This attribute means that unlike the previous
methods, it is unnecessary to utilise a dependent data
set to choose the values of the free parameters,
although such prior information can be utilised if
available. In the following experiments both alter-
natives were tried in the case of the parameter A. The
two free parameters of the method are A, which is
related to the random observational error and con-
trols the closeness with which the analysis fits the
observations, and m, which is related to the power
spectrum of the field being analysed. See Wahba and
Wendelberger (1980) for further details.

Statistical interpolation and generalised cross
validation

Although GCV has been used mostly in conjunction
with surface fitting methods, it is also possible to use
GCV with statistical interpolation. In the following
experiments we have tried a suggestion by Wahba
(private communication) that the noise to signal ra-

Table 2. Key to the methods in Tables 3 to 5.

tio used in statistical interpolation be obtained from
the observations being analysed, by GCV (rather
than from a dependent data sample). In our im-
plementation, however, the prior value of noise to
signal ratio from the dependent data was retained
as a first estimate, but the value used was allowed
to vary from the first estimate within limits, on the
basis of the GCV estimate. Mathematical details are
provided in the Appendix.

Results and discussion

The essential results of the experiments are sum-
marised in Tables 2 to 5. These tables show the root
mean square (RMS) differences between the with-
held observations and the analyses, using the vari-
ous analysis methods, network densities, and with-
holding patterns. An entry in Tables 3 to 5 should
not be interpreted as an RMS analysis error, but
rather as the square root of analysis error variance
plus random observational error variance. Since the
random observational error variance can be regard-
ed as a constant for large samples, a comparison of
the various entries in the tables provides a measure
of the effects, upon analysis error, of different anal-
ysis methods, different network densities, and differ-
ent withholding patterns. To determine the statisti-

Method Description Parameters
1 Statistical interpolation. L = 1106 km,
Gaussian correlation function. A = 0.105
2 Statistical interpolation. a = 0.27346
Exponentially damped cosine b = 1.6555 x 1073 km~!
correlation function ¢ = 0.073301 x 1073 km™!
3 Statistical interpolation. a = 0.52224
Polynomial damped cosine b = 0.69699 x 1073 km~!
correlation function. ¢ = 0.87299 x 10=3 km™!
4 Statistical interpolation. L = 824 km
Markov correlation function. A = 0.105
S Laplacian spline and GCV, m = 2, X\ by GCV.
6 Laplacian spline and GCV, m = 2, \ from error variance of Error variance = 0.645 mb?
dependent data.
7 Laplacian spline and GCV, m = 3, A by GCV.
8 Statistical interpolation and GCV L = 1106 km,
Gaussian correlation function. Xo = 0.105
Rmax = 1.5
9 Statistical interpolation and GCV L = 824 km,
Markov correlation function. Ao = 0.105
RMAX = l 5
10 Successive correction (Cressman). 5 passes.
R = 1112, 889, 667, 445, 222
km.
Corrections smoothed after each
pass on | degree lat-long grid.
11 Successive correction (Barnes). K = 9.892 x 10*

km?, pass 1
K = 2.473 x 10*
km?, pass 2
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cal significance of differences between pairs of ta-
ble entries, paired t-tests (accounting for serial corre-
lation) were carried out on the corresponding daily
differences. Similar significance tests were carried out
on the number of days on which one method was
better than another. The discussions in the remainder
of this section take into account the significance lev-
els implied by these tests.

All those experiments that utilised parameters
from a dependent data set were in fact repeated us-
ing another dependent data set of one year instead
of five years. The results (not shown) indicated lit-
tle change to the relative performance of the differ-
ent methods. This provided further confirmation of
statistical significance.

Table 3. Root mean square differences (mb) between analyses and withheld data, for different methods and
data withholding patterns. Network of 40 stations. Total number of observations withheld = 10 000.

Station withholding pattern

Method Random Interior Boundary
1 1.070 1.087 1.109
2 0.994 1.022 1.018
3 1.020 1.044 1.041
4 0.995 1.019 1.012
5 1.040 1.054 1.079
6 1.078 1.097 1.099
7 1.131 1.091 1.204
8 1.059 1.077 1.093
9 1.005 1.025 1.026
10 1.011 1.029 1.035
1 1.066 1.059 1.113
Table 4. As in Table 3, for networks of 30 stations.
Station withholding pattern
Method Random Interior Boundary
1 1.121 1.090 1.169
2 1.034 1.007 1.088
3 1.050 1.030 1.091
4 1.021 1.004 1.070
5 1.073 1.033 1.140
6 1.068 1.045 1.145
7 1.181 1.078 1.321
8 1.109 1.074 1.162
9 1.026 1.007 1.079
10 1.056 1.012 1.116
11 1.107 1.039 1.205
Table S. As in Table 3, for networks of 20 stations.
Station withholding pattern
Method Random Interior Boundary
1 1.201 1.152 1.399
2 1.142 1.098 1.327
3 1.156 1.109 1.337
4 1.143 1.101 1.322
5 1.198 1.142 1.421
6 1.187 1.130 1.399
7 1.439 1.243 1.995
8 1.206 1.140 1.416
9 1.153 1.117 1.334
10 1.193 1.107 1.385
11 1.300 1.173 1.489
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For all network densities, and all data withhold-
ing patterns, the smallest RMS differences between
analyses and withheld data were obtained by statisti-
cal interpolation either using the exponentially
damped cosine correlation function (row 2) or the
Markov function (row 4). As might be expected,
these two functions were also the functions that best
fitted the dependent sample correlation coefficients
(results not shown). The function that provided the
worst fit to the dependent sample correlation coeffi-
cients, namely the Gaussian function (row 1), like-
wise performed the worst of the four statistical in-
terpolation correlation functions with respect to anal-
ysis error. The systematic nature of the shortcom-
ings of the Gaussian function is elaborated in the next
section. The comparative performance of these func-
tions for statistical interpolation is broadly consis-
tent with the results of Thiebaux (1975, 1977) for
different meteorological elements over a different
geographical area.

The performance of the Cressman successive cor-
rection method (row 10) was generally close to, or
better than, all except the two best implementations
of statistical interpolation. In particular, its perfor-
mance was consistently better than statistical inter-
polation with the commonly used Gaussian correla-
tion function. The Cressman successive correction
method also performed better than the more par-
simonious (only two free parameters) implementa-
tion of the Barnes successive correction method.

The Laplacian spline GCV methods (rows 5 to 7
of the tables) showed sensitivity to a number of fac-
tors. These methods appeared to be more sensitive
than most of the other methods to network size, and
to interpolation versus extrapolation (second versus
third columns of the tables). Indeed, the magnitudes
of the improvements from a network size of 20 to
a network size of 40, suggest that the Laplacian spline
GCV approach might be more competitive with the
other methods for still larger data sets. It was also
found that the best setting of the ‘m’ parameter (see
earlier discussion) was 2, although there is some sug-
gestion that this might not necessarily be the case for
larger data sets than used here. It appeared better
to determine the parameter A by prespecifying the
observational error variance (Craven and Wahba
1979) for the smallest data set size, but better to de-
termine A by GCV when the data set size was larger.

A comparison of the two right-hand columns of
Tables 3 to 5 provides a measure of how each method
performs in interpolation and extrapolation. It
should be emphasised that the extrapolations to the
locations of the withheld ‘boundary’ observations
would seldom have been over distances greater than
about 300 km (see Fig. 1). A general result appears
to be that those methods which perform best in in-
terpolation, also deteriorate less in extrapolation. In
particular both the Laplacian spline GCV method
with m = 3, and the Barnes successive correction
method, deteriorated quite substantially in
extrapolation.

The results of the combined statistical
interpolation-GCV approach are shown in rows 8
and 9 of the Tables 3 to 5. They indicate that to de-
termine the noise to signal parameter of statistical
interpolation on a case to case basis by GCV (instead
of prespecifying it from the dependent data sample),
produces a worse result when using the Markov func-
tion for statistical interpolation (compare rows 4 and
9) but produces an improvement (except possibly for
the smallest network size) when using the Gaussian
function (compare rows 1 and 8). This result appears
consistent with the hypothesis that when one does
not know the covariance structure (of observation-
al error and background field error) particularly well,
there may be something to be gained by using GCV
to help to determine the noise to signal parameter
of statistical interpolation.

In order to investigate this hypothesis, further tests
were performed with both the Gaussian and the Mar-
kov functions, in which the prespecified values of
noise to signal ratio were deliberately chosen to be
different from the dependent sample value. The
results are shown in Tables 6 and 7. In the case of
the Markov function (Table 6), the hypothesis at the
end of the last paragraph appears to be generally sup-
ported; for values of \, much different from the de-
pendent sample value of 0.105, modifications of the
noise to signal ratio on the basis of GCV appear to
produce an improvement. For the Gaussian function
(Table 7), the situation is complicated by the fact that
the dependent sample value of noise to signal ratio
(0.105) is itself quite a long way from the optimum
(see second column). This point is elaborated in the
next section. The main conclusion to be drawn from
these very preliminary attempts to combine the
statistical interpolation and GCV methodologies, is
that the approach shows promise, and deserves fur-
ther investigation. In particular, the data set sizes of
40 or less observations used in these experiments,
may not be large enough for GCV to show its full
potential.

Qualitative characteristics of analyses

The main focus of this report has been on quantita-
tive assessments of analysis error. However, a few
qualitative remarks can be made about the charac-
teristics of the analyses produced by the different
methods. A not atypical example of analyses of the
same synoptic data set, by several of the methods,
is shown in Fig. 2. In the regions between and just
beyond the observations, which were the concern of
this paper, all methods produced contoured charts
of subjectively reasonable appearance. To some ex-
tent all smoothed the data, which in the example
presented were rather noisy. Visually the most sys-
tematic difference between the analyses over the
data-dense area, was that those produced by statisti-
cal interpolation with the Gaussian function were
noticeably smoother, and those produced by GCV
with fixed A were noticeably rougher, than the ana-



Seaman and Hutchinson: Data tests of analysis methods by withholding observations 43

lyses by the other methods. The characteristics of
analyses using statistical interpolation with the Gaus-
sian function are consistent with the discussion of
Julian and Thiebaux (1975) of the shortcomings of
the Gaussian function, especially in respect of its cor-
responding power spectrum. An examination of the
residuals resulting from fitting the Gaussian func-
tion to the dependent data correlation coefficients
(not shown), confirmed that the observed coefficients
were slightly overestimated for spacings up to about
800 km and underestimated at larger separations.
This is also consistent with oversmoothing of small
scales. It also explains why a somewhat lower inter-
polation error, for statistical interpolation with the
Gaussian function, is obtainable by using a noise to
signal ratio \ less than the dependent sample value
of 0.105 (Table 7). A smaller value of N\ implies a
diminished smoothing effect, which counteracts the
oversmoothing of small scales caused by the poorly
fitting Gaussian function.

The qualitative remarks about the smoothness of
the analyses by different methods are substantiated
by Table 8. This shows the RMS differences between
the analyses by different methods and the observa-
tions used in the analyses (not those withheld), for
networks of 40 observations with random withhold-
ing. Of those methods compared in Table 8, method
6 fits the observations used most closely, and method
1 fits the same observations least closely. A compari-
son with the relevant column of Table 3 indicates
that (of the methods compared in Table 8) methods
1 and 6 are those which agree worst with the with-
held data. The above evidence appears consistent
with the hypothesis that methods 1 and 6 are degrad-
ing the analysis between the observing points for op-
posite reasons; method 1 by smoothing too much of
the signal along with the noise, and method 6 by fit-
ting too much of the noise along with the signal.

It should be emphasised that all the foregoing re-
marks about smoothness have been made in the con-

Table 6. Root mean square differences (mb) between anatyses and withheld observations, for statistical inter-
polation with the Markov function (SI) and noise to signal parameter Ao, and statistical interpola-
tion with the Markov function when the noise to signal parameter was modified by GCV using the
parameter Ry, x (see text). Networks of 40 observations, with random withholding.

Ao SI SI-GCV

Rmax = 1.5 2.0 5.0 o
0.02 1.129 '1.094 1.077 1.059 1.073
0.05 1.023 1.026 1.033 1.055 1.073
0.105 0.996 1.005 1.016 1.046 1.073
0.20 1.024 1.010 1.009 1.028 1.073
0.50 1.201 1.096 1.055 1.017 1.073
Table 7. As in Table 6, using the Gaussian function.
o SI SI-GCV

Rmax = 1.5 2.0 5.0 ©
0.02 1.061 1.063 1.066 1.089 1.155
0.05 1.049 1.052 1.056 1.068 1.155
0.105 1.070 1.059 1.055 1.061 1.155
0.20 1.107 1.083 1.073 1.057 1.155
0.50 1.299 . 1.188 1.137 1.068 1.155

Table 8. Statistics of the differences between analyses and the observations used, of the RMS of the observa-
tions used, and of the RMS of the analyses at the observation points. Networks of 40 observations,
random withholding. Total number of stations used was 236 440.

Method 1 5 6 10 11
RMS differences between analyses .

and observations used (mb) 0.914 0.664 0.658 0.447 0.664 0.670
RMS of observations used (mb) 7.68 7.68 7.68 7.68 7.68 7.68
RMS of analyses at locations of

observations used (mb) 7.62 7.63 7.63 7.65 7.63 7.61
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Fig. 2 Analyses of the same observational data set (9am local time 8 January 1976) of surface pressure anomalies by (a)
statistical interpolation with a Gaussian function, (b) statistical interpolation with a Markov function, (¢) Laplacian
spline and GCV, m = 2, A by GCYV, (d) Laplacian spline and GCV, m = 2, A from dependent data, (e) successive
correction (Cressman), (f) successive correction (Barnes). Units are tenths of mb. Contours at 1 mb intervals.

a d







