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1. INTRODUCTION

The detection, tracking and early-warning
techniqgue based on highly spatiotemporal
weather radar measurements is one of the

most important nowcadging techniques.
Several methodologies were developed in
published literature, however, the cross-

correlation technique and centroid tracking
technique are the two primary schemes The
former is based on firg to divide the radar
echo region into many blocks or cells, then to
obtain the mean movement vector of the echo
area by analyzing the maximum cross-
correlations between a cell in the latest data
field and the corresponding cell in the
previous data field (i.e., Rinehart and Garvey
1978; Crane 1979). Its disadvantages are not
able to accurately identify the borderlines of
the tracked cloud clusters and to present the
physical characteristics of the individual cells.
The centroid tracking scheme isto first detect
a single gorm cell, then to locate its centroid
position, volume and equivalent cloud area,
and finally to analyze the evolution of this cell
for tracking and prediction of its movement
(i.e., Bjerkaas and Forsyth 1979; Augin and
Bellon 1982; Rosenfeld 1987; Johnsoon et al.
1998). This scheme isfocused on individual
cell, while not pay too much attention to the
cdl merging or splitting during its life cycle
and the overall characterigics of the cloud
clusters. Some other schemes applied some
kinds of combinations of these two basic
techniques (i.e., Dixon and Wiener 1993).
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The borderline correlation  scheme
developed in this study for automatic
identification, tracking and short-term forecast
of thundergorm cloud clusters involves three
major components: (1) detection of
thundersorm cloud cluster borderlines based
on gpatial distribution of radar measurements;
(2) establishment of the ancedries of
thundergorm cloud clugers usng pattern
recognition and topology techniques; and (3)
short-tern forecast and analysis of the cloud
clugers using a linear extrapolation scheme.
This system is named as the automatic
Tracking and Recognition Algorithm for
Thunderstorm  Cloud-Cluster  (TRACER).
Preliminary results with the real-time weather
radar observations on 23 April 2007 over
Shenzhen of China indicate that TRACER
could accurately identify, analyze, and predict
variouscloud clusters.

2. METHODOLOGY AND DATASET

The firg important step of TRACER is to
deal with the missing data because weather
radar measurements often involve missing
pixelsthat create big problemsfor detection of
the cloud borderlines and tracking of the
clouds. An *expending-shrinking” scheme is
developed to process the missing data so that
the overall cloud edge can be well defined in
TRACER (Li et al. 2005). Then, a cloud
cluger topological relationship (Zhou and
Long 2004) has to be established in order to
create the cloud cluster life cycles.

Six indices (i.e,, Quad tree, Overlap, Size,
External Rectangle Area, Overall Pattern



Similarity, and Partial Similarity) are used to
track cloud evolutions so that the cloud
ancestries can be edablished. The quad tree
index (Hearn and Baker 1997) is based on
gradually dividing a 2Nx2N area into a
gridded region with each grid for a single
cloud cell. The basic idea is to divide a
cloud area into four equal-sized sub-regions.
Each sub-region could be further divided into
another four sub-regions until the preset
criteria are met or each sub-area is only for a
single cloud cell. Preliminary results
demonstrate this quad tree technique is quite
efficient to identify similarities among many
clouds. It is also the key index in tracking a
cloud life cycle. Other indices are used to
modify or improve the initial cloud detection
with the quad-tree method. For example, the
overall pattern similarity index is applied to
deal with two clouds that have an overall
similar shape but different detailed structures.
Figure 1 presents three different cases in
which has an overall similar pattern but
difference in detail. This index can improve
the accuracy of detecting cloud pattern
similarities.
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Fig 1. Schematic explanation of three cases in
which each has an overal pattern similarity but
different detailed structures at time t and t+Dt.

Flowchart of Identifying Equivalent Rectangles
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Fig2: Flowchart of identifyi ng equi valent rectangl es.

The process of establishing the cloud life
cycles will take a large computational power.
In order to overcome this computational speed
issue, a simplified approach for TRACER is
developed by searching the equivalent
rectangles. This process is illugrated in Fig
2., i.e, dividing the equivalent rectangle and
the external rectangle into same grid patterns,
and obtaining the cloud intensity at each grid.
The principal idea behind comparison of the
equivalent rectangles isthat the spatial process
of comparing rectangles is much faster than
comparison of other irregular cloud patterns.
Thus, it is first to determine whether the
equivalent rectangles are similar before
checking any other indices. If it passes this
check, further indices are analyzed. Otherwise,
the detection processes stop here. By doing
0, the cloud pattern identification speed is
improved dramatically. Another advantage of
using the equivalent rectangle method is that
these rectanglesalso carry directional intensity
information.

Therefore, the cloud detection and
tracking procedures could establish the cloud
ancestries that are applied for cloud linear
extrapolation nowcasting predictions.



3. RELIMINARY RESULTS

Working with a GI S system, TRACER has
a strong user interface capacity, which can
display properties of a cloud in terms of time,
central intendty, moving speed by clicking a

<elected cloud on a computer screen.  Using
GI S information as the background condition,
the future position of a cloud cluster in 15
minute, 30 minutes and 60 minutes can be
easily displayed.

Nowcast

Fig3: Casestudy of TRCAER's performanceon asquall-line cloudsat 22 UTC on 23 April 2007 observed by

Doppler radar at Shenzhen, Chira. The left panels show its current cloud position, 30 minutes and 60 minutes

forecasted positions (the dotted line i ndicates the predicted radar echointensity great than 35 DBZ). Theright pands
overlap the corresponding nowcating cloud positions and the actuall y observed clouds.

Figure 3 presents preliminary results of
evaluating TRACER for a squall-line weather
system on 23 April 2007 observed by the
Doppler radar over Shenzhen, China. It
shows the squall-line clouds approaching
Guangzhou from northwest at 22 UTC. The
dashed lines indicate the 30 and 60 minutes
forecasted positions of this squall line (the
upper and lower left panel). The observed
sguall line positions are displayed on the right
panels. It is evident that the TRACER's
nowcast are reasonable. Smilar results are
found for other cases (figures omitted).

4. CONCLUSIONS

Observation

An automatic system named TRACER
based on cloud borderline correlation
technique for thunderstorm cloud cluster
detection, tracking and forecaging is
described. Preliminary analysis of TRACER
on real-time cloud sysems presents
reasonable results. This sysgem is now in
experimental mode of real-time weather
forecast at Shenzhen weather sation.

TRACER has three key components: (1)
cloud identification and process: The limited
small sized areas of missing data are first
processed; and then the combination of six
different indices of quad-tree, overlap, size,
extra-rectangle, overall pattern similarity, and



locally partial similarity is optimally
considered to effectively identify each cloud
life cycle and their ancestry relationship. (2)
optimization procedure: the rectangles of
equivalent cloudy area are applied to speed up
cloud detection and tracking processes, i.e.,
small sized broken clouds adjacent to a target
cloud are removed and the cloud intensity and
propagation information are dored a each
rectangle so that estimation of the cloud
moving direction, speed, size, maximum
intensity  location, and present status
(intensification or weakness and expansion or
shrink)  will be improved; (3) linear
extrapolation forecast: once a cloud life cycle
and ancedry are established, its nowcast on
cloud direction, speed and intensity can be
generated based on the cloud momentum.
Additional corrections are necessary in order
to improve the forecast accuracy. In general,
the slower speed is preferred when a large
uncertainty is present. Cloud area variation
isadjusted by the cloud expansion coefficient.
Cloud intensity change is tuned depending on
the cloud size, i.e., the mean intensity is used
for small sized cloud cluster, while the
evolution of cloud changes at each rectangle
for a large sized cloud cluster is utilized to
adjust the cloud nowcast.

It is worth to point out that different
TRACER criteria are sdected with different
cloud clusters depending on their life cycles,
sizes, and intensities for better performance.
More real-time nowcast results are now
accumulated to build up sufficient samplesfor
a detailed dtatistical analysis s that a
comprehensive assessment can be conducted
to demonstrate  TRACER’s strength and
weakness.
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