September 26, 2006

13:8 WSPC - Proceedings Trim Size: 11in x 8.5in  icapr07

A technique for creating probabilistic spatio-temporal forecasts
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Probabilistic forecasts can capture uncertainty better and provide significant economic benefits because the users of
the information can calibrate risk. For forecasts in earth-centered domains to be useful, the forecasts have to be clearly
demarcated in space and time. We discuss the characteristics of a good probability forecast — reliability and sharpness
— and describe well-understood techniques of generating good probability forecasts in the literature. We then describe
our approach to addressing the problem of creating good probabilistic forecasts when the entity to be forecast can
move and morph.

In this paper, we apply the technique to severe weather prediction by formulating the weather prediction problem
to be one of estimating the probability of an event at a particular spatial location within a given time window. The
technique involves clustering Doppler radar-derived fields such as low-level shear and reflectivity to form candidate
regions. Assuming stationarity, the spatial probability distribution of the regions is estimated, conditioned based on
the level of organization within the regions and combined with the probability that a candidate region becomes severe.
For example, the probability that a candidate region becomes tornadic is estimated using a neural network with a

sigmoid output node and trained on historical cases.

1. Motivation

A principled estimate of the probability that a threat
will materialize can be more useful than a binary
yes/no prediction because a binary prediction hides
the uncertainty inherent in the data and predictive
model from users who will make decisions based on
that prediction. A principled probabilistic prediction
can enable users of the information to calibrate their
risk and can aid decision making beyond what sim-
ple binary approaches yield.! Probabilistic forecasts
can capture uncertainty better and provide signifi-
cant economic benefits because the users of the in-
formation can calibrate risk.

Techniques to create good probabilistic forecasts
are well understood, but only in situations where the
predictive model is a direct input-output relation-
ship. If the threats in consideration move and change
shape, as with short-term weather forecasts, the well-
understood techniques can not be used directly. For
forecasts in earth-centered domains to be useful, the

forecasts have to be clearly demarcated in space and
time. This paper presents a data mining approach
to address the problem of creating principled prob-
abilistic forecasts when the entity to be forecast can
move and change shape.

The rest of the paper is organized as follows.
The characteristics of good probabilistic forecasts,
and standard data mining approaches to create such
probabilistic forecasts are described in Section 2. The
limitations of the standard data mining approaches
in creating clearly demarcated forecasts in space and
time are explained, and the first part of our predic-
tive model (to create principled spatial forecasts) is
explained in Section 3. The second part of model, to
create principled temporal forecasts that can be tied
with the spatial forecast, is explained in Section 4.
The way of tying together the two probabilities is
explained in Section 5. Results of applying this ap-
proach to predicting liquid content are described in
Section 6.
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Fig. 1. A good probability forecast needs to be both reliable
(left) and sharp (right).

2. Probabilistic Forecasts

A good probability forecast has two characteristics
(See Figure 1): (a) it is reliable. For example, 30%
of all the times that the threat is forecast as 30%
likely to occur, the threat should occur and (b) it is
sharp, i.e. the probability distribution function of the
forecast probabilities should not be clustered around
the a priori probability. Instead, there should be lots
of low and high-probability events and relatively few
mid-probability events.

In many cases, there are three probabilities of
interest: (a) the probability that an event will occur,
(b) the probability that the event will occur at a
particular location (c) the probability that the event
will occur at a particular location within a specified
time window. When stated like this, most decision
makers will aver that it is the third probability that
is of interest to them,? but that is not what they
are commonly provided. Even though research stud-
ies implicitly place spatial and temporal bounds on
their training set, it has long been unclear how to
explicitly form the spatial and temporal variability
of the probability field. Thus, if probabilities are pre-
sented to decision maker, those probabilities are usu-
ally of the first type. The probability that an event
will occur is commonly estimated through the for-
mation of a mapping between input features and the
desired result on a set of historical cases . This map-
ping function may take the form of a neural network,
a support vector machine or a decision tree. In the
case of a neural network, the choice of a sigmoid func-
tion as the output node is sufficient to ensure that
the output number is a probability, provided that the
training set captures the a priori probabilities of the

WSPC - Proceedings Trim Size: 11in x 8.5in

icapr07

true input feature space.* In the case of maximum
marginal methods such as support vector machines
or bagged, boosted decision trees, scaling the output
using a sigmoid function yields the desirable prop-
erty that the output is a probability .°

3. Spatial probability forecast

Thus, techniques to estimate the probability of an
event are well understood. The estimation of spa-
tial probabilities when the threat under considera-
tion is stationary can be performed using the stan-
dard formalisms, for example,® on soil variability. If
the threat is stationary, then the value of each of the
input fields at a pixel or statistical or morphological
values computed in the neighborhood of a pixel may
be used as the input features to a classifier. If the
classifier is a neural network with a sigmoid output
node or a Platt-scaled maximum marginal technique,
then the output of the classifier yields a spatial prob-
ability.

One approach to probabilistic forecasts when the
threat areas are not stationary is to use kriging,” a
geospatial interpolation approach. Naturally, such an
approach is limited to studies where the kriging res-
olution can be finer than the rate of transformation.
This is a condition that exists in slow-moving sys-
tems such as diseases (studied by®), but not in fast
moving systems such as thunder storms.

For fast moving threats, no principled approach
to estimating probability fields exists. This is because
the input features at a point in space and time af-
fect the threat potential at a different point N min-
utes later. Thus, a simple input/output mapping is
insufficient because which location will be affected,
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and when it will be affected needs to be known. Yet,
in practical situations, the time and location that
will be affected is not known with certainty. Conse-
quently, it is necessary to assume a spatial proba-
bility distribution associated with the locations that
will be affected at a given time instant. Once this
second probability is introduced, prior work on prin-
cipled probability estimates is no longer applicable.
A new formulation is needed in the development of a
spatiotemporal framework to estimate the probabil-
ity of occurrence of moving or spreading threats to
account for the dynamics of spatial probability field
of area at risk over time.

One can develop the spatiotemporal formulation
first by building an ontology of threat precursors
with identified features. Each of the features signals a
probability distribution of threats in space and time.
Threat probabilities can be combined from multiple
features and dynamics among these features to esti-
mate the probability of a threat occurring at a partic-
ular location within a specific time window. One fac-
tor that needs to be considered is that even if the spa-
tial and temporal distribution of the locations that
will be affected by a particular feature is estimated,

WSPC - Proceedings Trim Size: 11in x 8.5in  icapr07

whether the feature will lead to the threat still needs
to be estimated. This, of course, is a problem that
has been thoroughly addressed in the literature on
data mining algorithms.

The formulation can be easily described by com-
paring to an analogue of a set of billiards balls (See
Figure 2) and asking: what is the future position of
any ball on the table? Each grid point in the set of
continuous fields will be considered akin to a ball,
and the driving force of a set of points, such as a
storm cell boundary will be considered akin to the
ring.

Fig. 2. The probabilistic formulation assumes rigid bodies
operated upon by a driving force that permits individual de-
grees of motion.

Plu)

Fig. 3. By assuming that the probability distribution in
space is identical to the probability distribution in time (sta-
tionarity), the estimated probability distribution in time from
historical data can be used to create a spatial probability field.
The figure shows how the data values of one component of the
velocity vector in time (top) is used to estimate a probabil-
ity distribution of that component (bottom left). This prob-
ability distribution, though estimated from the time field, is
considered the spatial distribution in order to formulate the
probabilistic location of a grid cell (bottom right) at time T
into the future.

time
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We will make the simplified assumption of space-
time stationarity: the probability distribution of a
particle in space is identical to the probability distri-
bution of the particle in time (See Figure 3). Loosely,
this assumption is similar to assuming that the prob-
ability distribution obtained by tossing 50 coins is
the same as the probability distribution obtained by
tossing the same coin 50 times. This assumption has
to be made on faith in situations where one does not
have 50 coins; we will never have 50 identical thun-
derstorms or hazardous events.

By making the assumption of space-time station-
arity and from the motion estimated by the hybrid
technique described in the next section, one can for-
mulate the spatial probability distribution of a ball
on the billiards table.

If motion estimates of a moving potential threat
are available, the variability of the motion estimates
themselves can be used to gauge the probability dis-
tribution of the motion estimates (Figure 3). Under
stationarity assumptions, the historical probability
distribution can be used to estimate the future spa-
tial probability distribution of this current billiard
ball.

There is one further complication, however. The
future expected position of a billiard ball depends on
how tightly the balls are packed or on how much con-
trol the forcing function exerts. If the balls are loosely
packed, the movements of different balls are indepen-
dent. If the balls are tightly packed, all the balls move
together. The actual movement of the balls will be
somewhere in between the two extremes. The actual
balance depends on the problem at hand and will
likely be estimated from the data.

If X is the event of interest (such as the prob-
ability that there will be a tornado at a particular
location within the next 30 minutes), then simple
Bayesian analysis yields:

P(X) = P(X|packed) x P(packed)+ (1)
P(X|notpacked) x (1 — P(packed))

The first quantity, P(X|packed): the probability of
lightning given that all the grid points associated
with a thunderstorm move together — can be esti-
mated quite readily using numerical integration of
the probability distribution corresponding to motion
vectors that will yield a lightning strike at this loca-
tion based on where the threats are currently present.
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The third quantity, P(X |notpacked): the prob-
ability of lightning given that the grid points asso-
ciated with a thunderstorm move independently (in
other words, the state transition from a cell to its
neighbor is independent of other cells in a thunder-
storm) can be computed through probability analy-
sis:

P(X|notpacked) =1 — ( (1 — P(z1))x
(1—P(22))x
. (2)

(1 - P(zN))

where P(z1), P(x2), etc. are the spatial probabilities
that the individual grid points will end up impacting
this location. The weighting factor P(packed) needs
to be estimated from historical data. We anticipate
that the P(packed) will depend upon the type of
event under consideration and needs to be estimated
from the data — a single number may not work for
all problems.

4. Estimating Movement

There are two broad methods of estimating move-
ment: (a) optical flow methods including cross-
correlation and spectral methods that minimize a
displacement error with sub-grids of two frames of
a sequence of images”1? (b) object tracking meth-
ods that identify objects in the frames of a sequence
and correlate these objects across time.!! The ob-
ject tracking methods provide the ability to track
small-scale features and extract trends associated
with those features but miss large-scale transforma-
tions. In comparison, the optical flow methods yield
more accurate estimates over large scales, but miss
fine-scale movements and do not provide the ability
to extract trends.!?

Nevertheless, trends are very important in a
data-mining predictive approach. A measured value
may bear no correlation with whether a threat will
materialize, but sharp increases or decreases of some
measurements are often reliable indicators of com-
ing threats. Thus, even though optical flow methods
can yield more accurate estimates of movement than
object-tracking methods, optical flow methods can-
not be directly applied to problem domains in which
object-specific motion and trend information is crit-
ical.
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Fig. 4. A hybrid tracking technique of correlating objects
in the current frame to pixels in the previous frame can yield
trend information as well as the high accuracy associated with
optical flow methods.

One way to achieve the high accuracy of opti-
cal flow methods while retaining the trending capa-
bility of object-based tracking is to create a hybrid
technique. It is possible to find objects by cluster-
ing the input features using a multi-scale hierarchical
approach.'? This hybrid technique will not correlate
objects across frames as in a typical object-tracking
scenario. Instead, the objects should be correlated
in the current frame with the images in the previ-
ous frame using the current shape of the object itself
as the domain in which displacement error will be
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Fig. 5. Top row: Values of Vertical Integrated Liquid (VIL)
in kg/m? and reflectivity (Z) in dBZ at T=tp. Middle row:
Probabilistic forecast of VIL j 20, Z § 0, Z j 30 at T=tg + 30
Bottom row: Actual values of VIL and Z at T=tg + 30

minimized. To extract trends, the object domain can
then be simply displaced by the temporally adjusted
amount in previous frames and the change in sta-
tistical properties of the object computed and used
for prediction. Such a hybrid technique, as Figure 4
illustrates, neatly sidesteps the problems associated
with splitting and merging that are commonly as-
sociated with object-tracking methods. Motion esti-
mates from pairs of frames are smoothed across time
using a Kalman filter.'3
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5. Creating a spatio-temporal
probability forecast

In the short term (under 60 minutes), extrapola-
tion forecasts of storm location often provide rea-
sonable results. Therefore, a data mining approach
to probabilistic forecasts of severe weather hazards
holds promise of being able to predict where already-
occurring severe weather is likely to be. At the same
time, research studies have shown that it is possible
to predict, with a high degree of skill, which storms
are likely to initiate lightning (one measure of storm
severity) and where new storms are likely to form.
What has been missing is a formal mechanism of
combining these two disparate sets of studies. Our
spatiotemporal formalism provides the framework to
combine the two probabilities to yield, for example,
a lightning probability forecast.

The suggested approach is to apply the various
components described above to train the system as
follows:

e Cluster the input remotely sensed data into
candidate regions

e Using the hybrid motion estimation tech-
nique, associate current severe weather to
threat signals that occurred N minutes ago.

e Train the associated threat signals to the se-
vere weather activity using a neural network
capable of providing predictive probabilities.

e Use the spatiotemporal framework and the
motion estimates derived from the hybrid
technique to estimate spatial probabilities.

o Estimate the weighting factor P(packed) to
create optimal (in terms of reliability and
sharpness) probability factors.

The trained model and pattern recognition tech-
niques can be applied in real-time on routinely ar-
riving satellite, radar and model data to predict up
to N minutes into the future. The resulting proba-
bilistic forecasts can be evaluated using three met-
rics: (a) reliability (b) sharpness (¢) Radar operating
characteristics (ROC) curves, created by setting risk
thresholds that vary from 0 to 1 and determining
the probability of detection and false alarm rate on
a grid-point by grid-point basis.
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6. Results and Conclusion

The technique of the paper was applied to predict-
ing the spatial distribution of vertical integrated lig-
uid(VIL;'*) and radar reflectivity 30 minutes into the
future. Examples of the original, forecast and actual
images are shown in Figure 5 The reliability and
sharpness diagrams when evaluated over a 6 hour
period is shown in Figure 6.
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Fig. 6. Reliability and sharpness of Vertical Integrated Lig-

uid (VIL in kg/m?2) and radar reflectivity (Z in dBZ) forecasts
for a Mar 8, 2002 case in the central United States.

Reflectivity forecasts were sharp, but not reli-
able. The reflectivity forecasts were usually underes-
timates of the true probability. The VIL probability
forecasts were both reliable and sharp, so a proba-
bilistic forecast of VIL would be of high utility to
users of weather information. The lead time, of 30
minutes, is higher than possible using deterministic
forecast techniques. Thus, the technique described in
this paper works for severe weather situations (such
as VIL), but not for any weather (as highlighted by
the poor performance on reflectivity). Future work
will involve testing against more useful diagnostics
of severe weather — the initiation of lightning and
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potential for a tornado.
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