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ategorical, or conditional, statistics quantify the

skill in the prediction of the occurrence of rain,

and are based on the familiar 2 x 2 (yes/no) con-
tingency table. Given a set of matched rain forecasts
and observations, the contingency table is a matrix
giving the frequencies of predicted and observed rain
occurrence and nonoccurrence. “Hits,” H, are correct
predictions of rain occurrence. “Misses,” M, indicate
rain occurrences that were not predicted, while “false
alarms,” F, denote predictions of rain for which no
rain occurred. Finally, the frequency of correct fore-
casts of “no rain” can be denoted by Z (for “zero”).
The total number of forecastsis N=Z+ F+ M + H.
Although several categorical statistics can be com-
puted from the entries in the contingency tables for
brevity we will concentrate on the two statistics that
are used to evaluate model quantified precipitation
forecasts (QPFs) at the National Centers for Environ-
mental Prediction (NCEP), namely the bias score and
the equitable threat score.

The bias score,

pias= S HH
M+H

(81)

measures the ratio of the predicted rain area (or fre-
quency) of predicted to the observed area (frequency),
without regard to forecast accuracy. The bias score is
used to assess the model’s tendency to under- or
overpredict rain occurrence. If BIAS = 1.0, then the
predicted rainfall area (frequency) is the same as was
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observed, although it may not be located in the same
place (time).
The threat score,

H
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H+F+M

(82)

has been used for several decades to measure the cor-
respondence between the forecast and observed rain
occurrence. It takes into account both false alarms and
misses and has the advantage of not being dominated
by the no-rain events, as occurs in most regimes for
the simple accuracy, (Z + H) N™'. The threat score
ranges from 0 to 1, with perfect score of 1 indicating
that all rain events were perfectly forecast, and all
rainfall forecasts corresponded to observed events.
Schaefer (1990) showed that the threat score is biased
toward sample sets with higher rain frequencies, mak-
ing it a misleading statistic to use when comparing
forecast skill across different regimes. He proposed
modifying the threat score to take into account the
number of correct rain forecasts (hits) that would be
expected purely due to chance. This “equitable threat
score” is calculated as

H - H random

ETS =
H+F+M-H

(83)

random

The number of random hits expected due to chance
is given by



_(H+M)(H+F)

= S4

random N ( )
The ETS ranges from -1/3 to 1, with a value of 1 again
indicating perfect correspondence between predicted
and observed rain occurrence. The ETS is now used
in preference to the threat score for rainfall verifica-
tion at most operational centers.

Continuous statistics such as the mean error, mean
absolute error, and root mean squared (rms) error are
often used to verify rain amount. An alternative ap-
proach is to compute categorical statistics using a va-
riety of rain thresholds, T. Setting T close to 0 pro-
duces the usual rain/no rain contingency table.
Increasing the value of T gives information on the
ability of the model to correctly predict increasingly
greater rainfall amounts. Many of the results shown
in Ebert et al. 2003 (se section titled “Results for Cur-
rent Operational NWP Models”) make use of thresh-
old-dependent categorical statistics.

The statistics described thus far are generally applied
to a set of matched forecast and observed (or analyzed)
points in space and/or time. A somewhat different ap-
proach treats the forecast and observed rain systems
as contiguous rain areas (CRAs) in the gridded data,
and verifies the properties of these entities (Ebert and
McBride 2000). Pattern matching is used to estimate
the displacement of the forecast rain systems to the
nearest grid point. This is done by horizontally trans-
lating the forecast until the total squared error within
the domain defined by the overlap of the entities is
minimized. The scheme does not consider rotation or
distortion of the forecast. The areal extent, rain vol-
ume, and intensity of the rain systems are also verified.

An advantage of this technique is that the mean
squared error (mse) of the forecast may be decom-
posed into relative contributions from displacement,
volume, and pattern errors, that is,

MSEtota.l = MSEdisplacement
+MSE

(S5)
+MSE

volume pattern *

The terms on the right-side of (S5) are estimated as
follows. The mean squared error of the original fore-
cast is given by

1 N
MSE,, = NZ( fi—o0), (S6)
i=1
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where f, and o, are respectively the forecast and ob-
served rainfall at grid point i and N is the number of
grid points in the verification domain. The verifica-
tion domain in this case is the set of grid points in
the forecast and observed rain entities before and
after shifting the forecast to a position of zero dis-
placement. The mse after shifting the position of the
rain forecast to the correct location is similarly cal-
culated as

1 N
MSEshift = NZ(J[; - oi)Z > (87)
i=1

where f’is the shifted forecast at grid point i. The con-
tribution to total error due to displacement is simply
the difference between the mean square errors before
and after the shift,

MSE =MSE,_, —MSE,,, . (59

displacement total

The remaining error can be further separated into
components due to volume and pattern errors,

MSEvolume = (,7, - 5)2 (89)

MSE_._=MSE, . — MSE

pattern

(S10)

volume 2

where the overbar denotes the mean value over the
verification domain. The volume error accounts for
the difference between the mean forecast and ob-
served rain intensities, while the residual pattern er-
ror accounts for finescale differences in the shape and
structure of the rain fields. This error decomposition
can help model developers and users to separate dy-
namical and physical sources of QPF errors.
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