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FIG. 5. As in Fig. 1, but for sea level pressure forecasts for 0000 UTC 4 Dec 2007, with W = 31 (red = forecast;
blue = analysis in the top panel.) See text for details. Sea level pressure is expressed in hPa.

unique and well-defined direction (west-southwesterly).
Said differently, Figs. 6 and 7 suggest that the forecasts
over land do have a general spatial bias in that they are
placed about one grid length to the east-northeast of the
observations. The forecast errors over water are much
smaller in terms of their magnitude and more diffused in
terms of their direction. As mentioned in the discussion

Fig(s). 5 live 4/C

section, these smaller errors may not be statistically
significant.

6. Choice of window size

As mentioned previously, this OF approach has a pa-
rameter W that must be specified. Recall that it is the
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FIG. 6. The OF and the three error fields averaged over 418 days, at W = 31. In the contour plots, white (black)
corresponds to low (high) values of the quantity being examined.

size of the window across which the OF field is assumed
to be constant. As such, a sufficiently large window size
is apt to lead to the violation of that assumption. On the
other hand, a small window, with few pixels contributing
to the estimation of the error parameters, can lead to
poor estimates. In short, W is a smoothing parameter:
increasing the size of the window has the effect of
smoothing the OF field.

Before discussing how W should be selected, it helps if
one has an intuitive sense of what W represents within
a verification context. By choosing a specific value of W,
one is effectively considering each image as being com-
posed of an overlapping collage of square tiles, each with
a constant intensity (i.e., no internal structure). The OF
model, then, effectively slides these tiles, and changes their
intensity, in an attempt to find the best match between the
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F1G. 7. The joint histogram of the displacement and angular errors
averaged over 418 days, at W = 31.

forecast and the observed field. In this sense, the size of the
window is a measure of the resolution/scale at which the
verification is to be performed.

In practice, what value of W should one use? The an-
swer depends on two scenarios. In one scenario, a user
(e.g., operational forecaster) has a specific spatial scale of
interest. In that case, W should be set to that value. In the
second scenario, the user (e.g., a model developer or
operational NWP center) has no specific scale in mind,
but is interested in model performance and selection
over a range of scales. In that case, the term ‘‘best” im-
plies that the selected model is to be better at all scales,
or at least over some range of scales. As such, the OF
field must be examined for W values over that range.
There may be other situations that call for a different
treatment of W. Generally, however, checking the results
for a range of W values makes for good practice, because
at the least it gives the user an appreciation for how
sensitive the errors are to the choice of scale. From a
technical/computational point of view, this is not prob-
lematic because the estimation procedure can be set up
such that for a given W the errors can be estimated for all
smaller values of W sequentially, at no extra effort.

Figure 8 shows the distribution of the three compo-
nents of error for 4 December 2007, at seven values of W
shown along the right margin of the figure. The reason
for the lowest value of W has been explained in section 3.
The largest value (W = 101) is a relatively arbitrary
choice intended to examine the results if the window size
is comparable to the size of the field itself (116 X 140).
Also, for the sake of brevity, the spatial distributions are
not shown.

FORECASTING VOLUME 00

The left column in Fig. 8 shows that the intensity er-
rors are peaked at zero, implying that there is no in-
tensity bias at any of the examined scales, as one would
hope from NWP conservation assumptions. The spread
of the histograms decreases with the size of the window.
Said differently, at smaller scales, intensity errors may
be larger. At W =5 (i.e., 180 km), intensity errors vary
from approximately —5 to 10 hPa, with a heavy tail out
to 20 hPa. At the largest scale, the spread of the intensity
errors is reduced to the range —1 to 4 hPa. This pattern
of behavior is expected, because at a specific value of W,
all errors on scales smaller than W are smoothed out.

The magnitude of the displacement errors follows
a similar pattern (Fig. 8, middle column). Over the full
range of W values, the maximum of the errors goes from
approximately six grid lengths (186 km) to about three
grid lengths (98 km). The most likely error at the smallest
scale is about two grid lengths, and interestingly, this er-
ror persists even at the largest scales. For W = 101, the
appearance of a secondary mode in the histogram of
displacement errors at about one grid length suggests that
at this scale, the spatial field has two distinct regions, each
with a different typical value of displacement error. This
has been confirmed by examining the spatial distribution
of the errors; the two modes at about one and two grid
lengths correspond to the regions over water and land,
respectively.

The distribution of the angular component of the
displacement error is also dependent on W. On small
scales more angles exist in the 180-270° range. At the
largest scale, the observed field appears to have one
region to the southwest of the forecast field, and another
region to the north of the forecast field. According to the
spatial distribution of these errors (not shown), these
two regions correspond to land and water, respectively.

It is important to point out that although only the ex-
treme scales in Fig. 8 are examined here, the intermediate
values of W are still useful—specifically, for the user in-
terested in verification on the corresponding scales.

7. Statistical considerations

The formulation of the OF model as a parametric
regression problem allows for “explanations” of some
features in the results. For example, it suggests further
revision of the model expressed in Eq. (5). Note that this
regression equation is of the type y = a + B1x1 + Box,. It
is easy to show that the least squares estimates of the
regression coefficients «, 81, B, are in general correlated.
Specifically, the correlation between the estimates of «
and B, is proportional to the sample mean of x;. Simi-
larly, the correlation between the estimates of o and 3,
is proportional to the sample mean of x, (Draper and
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FIG. 8. The effects of the window size (denoted on the right of each row) on the distribution of the three components of the error. Data are
SLP for 0000 UTC 4 Dec 2007.

Smith 1998, p. 129). This implies that the estimates of the  correlation is a spatial one (i.e., a consequence of the un-
intensity error will generally be correlated with the esti-  derlying physics).

mates of the displacement error in Eq. (5). Consequently, The regression formulation also aids in explaining
their interpretation becomes ambiguous in that one cannot ~ some of the OF results. For instance, it explains why the
be certain if the error is due to intensity or to displacement. ~ OF field in Fig. 1 appears to be nonconstant across the
This problem, however, is easily solved: in the current field, even though the shift between the observed and
application, all of the predictors are centered by subtract- the forecast object is a global one. Again, considering
ing their respective means. The estimate of the intensity the regression equation y = a + B1x; + Box», it can be
error is then assured to be uncorrelated with the estimates  shown that the estimates of 8; and 3, are also correlated,
of the displacement error. Note that there may still existan ~ with their correlation proportional to the sample cor-
apparent correlation between these two quantities when relation coefficient between x; and x,. This means that
one views their spatial distribution (e.g., Fig. 5), but that the direction and magnitude of the OF vectors cannot
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be estimated unambiguously. An intuitive illustration of
this ambiguity is found in the so-called aperture problem
(Adelson and Movshon 1982). Consider an image con-
sisting of diagonal, alternating black and white stripes.
Now, allow the image to move in some direction. As seen
through a small hole that reveals only a portion of the
image, it is impossible to determine the direction in which
the image has been moved. Note that if the stripes are
nonlinear (e.g., curved), then it is possible to determine
the direction of movement unambiguously. In other
words, the ambiguity in the direction and magnitude of
the OF vectors is present only in regions of the field where
the forecast and observed objects have linear features.
And this happens to be the case far away from the center
of the Gaussians. This explains why the OF field in Fig. 1
appears distorted; far from the center of the Gaussian the
field is mostly flat, leading to linear features that in turn
render the estimation of dx and dy ambiguous. It is im-
portant to emphasize that the aperture problem is not
a problem that can be solved by better models; as long as
the data have linear features, then any model will suffer
from this problem. Parametric models allow for an ex-
plicit explanation of the problem, while nonparametric
models simply do not address it.

One might also wonder why the estimates of the in-
tensity and displacement error in Fig. 1 are not exactly
equal to the true values. Again, the regression inter-
pretation of the OF model offers an explanation. First,
note that the width (e.g., standard deviation) of the
histogram reflects the precision of the estimate, while
the difference between the center (e.g., median) of the
histogram and the true value is the accuracy (or bias) of
the estimate. In this language, while all three of the es-
timates are reasonably precise, the displacement and
intensity errors are clearly biased. Given that the simu-
lated forecast and observed field are completely con-
sistent with the expression in Eq. (4), one would expect
the estimate of the parameters to be unbiased. However,
the model fitted to the data is not that in Eq. (4), but the
approximate model appearing in Eq. (5). In other words,
the postulated/fitted regression model is in fact not the
correct/true model. It is known that this situation leads to
biased estimates of the regression coefficients (Draper
and Smith 1998, chapter 10). In other words, the bias (or
inaccuracy) apparent in the simulated results (Fig. 1) is
a direct consequence of neglecting higher derivatives. In
realistic situations, one does not know the true model,
and so this bias is usually ignored.

8. Summary and discussion

It is shown that a method designed for motion estima-
tion, generally known as optical flow, can be developed to

VOLUME 00

assess the quality of forecasts of spatial fields, such as sea
level pressure, in a diagnostic fashion. One traditional
formulation, developed by Lucas and Kanade (1981), is
extended to the nonlinear realm and is revised to allow for
a decomposition of forecast error into three components:
errors in intensity and two components of displacement—
distance and angular error. It is also shown that the joint
distribution of these errors conveys useful information.
The method is illustrated on simulated data in order to
examine the behavior of the results as a function of the
typical size and separation of the spatial features, and their
dependence on a parameter (W) of the method that ef-
fectively fixes the spatial scale of interest. Then, opera-
tional forecasts of sea level pressure, averaged over 418
days, are examined within the proposed approach.

In the simulation study, since the truth is known, one
can compute the accuracy of the estimated forecast errors.
The accuracy of the error estimate is shown to improve
with the accuracy of the forecast. There is no “critical
value” of an object size or separation that marks the
breakdown of the method; the accuracy of the estimated
forecast errors simply diminishes with smaller objects,
placed farther apart, as expected. These findings also de-
pend on the parameter W, because it sets the scale over
which the verification is to be performed.

The long-term analysis of sea level pressure forecasts
demonstrates the value and ease of using this technique
to verify and compare gridded forecasts. Results reveal
a significant intensity bias in the subtropics, especially in
the southern California region and in the southwest cor-
ner of the grid. It is not clear if the error in the southwest
is due to the boundary conditions or to poor modeling of
the subtropics. The analysis also exposes a systematic east-
northeast or downstream bias of approximately 50 km
over land, possibly due to the treatment of terrain in the
coarse-resolution model. Finally, the joint distribution of
intensity and displacement errors indicates that the dis-
placement of the forecasts has a coherent spatial struc-
ture. In ongoing work the results of the OF analysis are
being compared with human/expert assessment of the
forecasts.

The intensity errors estimated in this paper are as-
sumed to be purely additive. A model allowing for both
additive and multiplicative errors was developed, specif-
ically, I,(x, y) ~ A(x, y) + M(x, y) If(x + dx, y + dy). It
was found that the estimates of A(x, y) and M(x, y) are
highly (and negatively) correlated. And unlike the addi-
tive model, centering the predictors does not eliminate
the correlation. One possible explanation is that, over the
examined scales, there is simply no way to distinguish
between additive and multiplicative errors. To be able to
distinguish between them, one would have to perform
the analysis over a much larger scale (i.e., larger W). But
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that would tend to oversmooth the field. For this rea-
son, in this work, only additive intensity errors are ex-
amined.

Several extensions of this work are worthwhile. For
example, the error fields in Fig. 5 are all subject to sampling
variability, and so it is important to associate some mea-
sure of statistical confidence to the estimate of the error at
each grid point. Such an assessment of within-day vari-
ability will help in deciding, for example, whether or not
a zero estimate truly is zero. A similar measure of confi-
dence should also be computed for the average OF results
shown in Fig. 6; that quantity will assess the between-day
variability of the results and can help in comparing
forecasts from different NWP models. Preliminary results
based on the empirical sampling distribution of the errors
indicate that some of the features in Fig. 6 may not be
statistically significant. For example, errors in the mag-
nitude of the displacement vectors around 0.2 hPa are
consistent with the sampling distribution of such vectors
mapping two random fields. Further work on the sam-
pling distribution of the errors is currently in progress.

The simulation study performed here examines the
dependence of the OF results on the typical size of an
object; but the size is assumed to be the same in both the
forecast and observed fields. In other words, it is assumed
that objects do not change their size. A generalization of
the proposed approach can introduce additional param-
eters that can represent size errors. Additionally, a useful
study will be to assess the dependence of the results on
the texture of the forecast and observed fields. In spa-
tial statistics, texture is often quantified by a variogram
(Marzban and Sandgathe 2009), which gauges the spa-
tial extent of the correlations across the domain. It will
be useful to set up a simulation where the OF error fields
are examined as a function of texture.

Finally, here, the OF approach is applied to sea level
pressure. The spatial continuity of the field simplifies the
problem; mixed discrete-continuous fields, like reflectiv-
ity or precipitation, involve edges at which derivatives
become ill-behaved. The simplest formulation of the
Lucas-Kanade approach (i.e., linear and assuming no
intensity error) typically gives rise to OF fields that are
not readily interpretable (Marzban and Sandgathe 2007).
Although this simple formulation can be applied to pre-
cipitation fields (Marzban et al. 2009), for such fields it is
more appropriate to either employ nonparametric OF
methods, such as in the method of Keil and Craig (2007),
or to preprocess the forecast and observed fields in order
to smooth the edges of the objects in the domain. The
nonparametric approach has neither the benefits nor
the transparency of the parametric approach developed
here, but it will be interesting to compare the approaches
in terms of their performance. The application of the

MARZBAN AND SANDGATHE 15

proposed approach to precipitation fields is currently
under investigation.
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