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ABSTRACT procedures to discover the change in meteorological obser-
Change detection is an important task in signal analysis, datavation data, which will help retrieve interesting and implicit
mining, and image processing. In meteorology research, information from a large volume of spatial data sets. This
change is frequently associated with severe weather eventgaper is organized as follows. We provide the literature sur-
or climate anomalies. Detecting change is crucial for weathervey in Section 2. Section 3 discusses the problem and our
and climate analysis. In this paper, we propose a waveletproposed approach. Section 4 describes the meteorological
based approach to analyze short term changes in the globatlata set and analyzes the experiment results. Finally, we
meteorological data. We design a suite of algorithms to summarize our work and discuss future directions in Section
effectively detect the changes considering both spatial and5.

temporal perspectives. The algorithms were implemented

and evaluated with a real-world meteorological data set. 2 RELATED WORK

Wavelet analysis is widely used in change detection because
1. INTRODUCTION of its special advantages such as localization at both time
Over the past decade, spatial database has become a signifénd frequency domains. When time series is analyzed, the
cant area both in academia and in industry. The applicationsresults depend on time shifts and scales. While time shifts
of spatial information promote the development of the Spa- represent the location of the change, the scales tell the pe-
tial Database Management System(SDBMS). The researchiiods of the change. Mallat and Huang uses wavelet anal-
on spatial database mainly focuses on spatial data modellingysis to detect the isolated and non-isolated singularities of
spatial data access, spatial data query processing, spatial datée signal [10]. In their work, the modulus maximum of
visualization, and spatial data mining [11, 12]. Spatial data the wavelet transform was defined and used to detect singu-
mining [1,6, 7, 13] is the process of discovering implicit and larities in the signal. Extending this application to two di-
useful spatial patterns or rules from large spatial data sets.mensional image, the local maxima of the wavelet transform
The spatial data mining is attractive to many research works modulus detect the edge of the images. Wang propose a pro-
as spatial data tend to be large in size, and it is important cedure to detect the jumps and sharp cusp in a signal [15].

to efficiently and effectively extract knowledge embedded in The method checks the absolute value of the wavelet trans-
the spatial data sets. form in the fine scales. If significantly large values exist at
higher resolution levels, jumps may be located; if signifi-
In the research of the atmospheric sciences, huge amount otantly large values exist at lower resolution levels, cusp may
spatial data have been collected from both observation andbe detected. Whitchet al. applies wavelet transform to de-
modelling. Discovering useful patterns from these data setstect and locate multiple variance changes in the presence of
would have great practical value and would help weather long range dependency [16], which helps identify the non-
forecast, and environment monitoring. The temporal and stationary features or change points in a time series.
spatial changes of the parameters (especially the prominent
change) are frequently associated with the variations of weatHgrthe meteorology and climate study, the change in the ob-
phenomena and climate patterns. Consequently, detectingservation data are of importance to understand the weather
these temporal/spatial changes in the atmospheric parameevents and the environment. Wavelet analysis has been widely
ters is crucial in weather forecast and climate analysis. used in detecting temporal changes and trends at various
ranges from turbulence(minutes) [2, 5] to climate(years) [4,
In this paper, we propose wavelet based change detectiorB, 9, 14]. As meteorological data contain both spatial and



temporal information, it is beneficial to take into account We use wavelet transform on the real spatial domain and re-
the spatial information while detecting the temporal change. peat that at different time instances to monitor the change of
For example, the changes could be different from place to the spatial anomalies. Then we perform the wavelet trans-
place. In this paper, we propose algorithms to detect changedorm on time series to detect the temporal changes. We study
on global data considering both their temporal variation and the detected changes to track where and when the change oc-
spatial movement. curs, and as time lapsing, whether the patterns move or not.

We propose two algorithms, spatial change detection and
3. PROBLEM AND APPROACH temporal change detection. Algorithm 1 uses wavelet anal-
As it is well known, the weather is always changing, so is ysis to track the moving of meteorology objects. Algorithm
the climate. The changes occur on both temporal and spatial2 is used to discover the temporal change of meteorology
domain: temporal change varies from place to place, spatialobjects.
change evolves as time lapses. The combination of the ef-
fect of spatial movement and temporal variation makes the Algorithm 1 Spatial Change Detection
change detection task difficult. What makes it more chal- Jpq;
lenging is that the temporal changes happen at differenttime D is the meteorology data for tinte;
scales, ranging from turbulence(minutes) to climate change(yearB: is the meteorology data for timg;
or decades), and the spatial changes occur at different spatial 5 iS @ set of selected scales;
scales as well, varying from tornado (kilometers or less) to IS the pre-defined threshold of wavelet power;
. L . . a1 is the beginning latitude/longitude;
El'Nino (global). This is a complicated multi-scale problem. an is the ending latitude/longitude:
Different tasks are interested in particular scales: tornado  ;dzSet; is a set of location indices iP:;
watches focus on the imminent changes in the atmosphere, idzSet: is a set of location indices iDz;
whereas global warming research concerns the changes orPutput: ) o )
inter-annual or decades range. The problem is how to find 1S @ setof (region, direction) pair;
an effective procedure to detect the prominent changes oc-
curred at given scales of interest.

[* wavelet transform along all latitudes or longitudes */
for(i=aq;i < ay, jit+t)
wDomain; = WaveletTransformiD,,S5,i);
wDomains = WaveletTransform-,S,i);
[*record points with prominent wavelet power*/
for every point p inw Domaini
if(p>6y)
AddToLocationSet(ddzSet1);
[*record points with prominent wavelet power*/
for every point p inwDomains
if(p>0u)
AddToLocationSet(pdxSets);
/* group points to regions */
R, = GrouplndicesidzSet1)
Ry = Grouplndices{dz Sets)
[*output the time and location with prominent changes*/
M=ComparelLocationg:,R2)

Wavelet analysis is a useful tool to study the subjects from
signal analysis to image processing [3,14]. Wavelet analysis
has some special attractive features. Wavelet analysis ana-
lyzes the signal at different frequencies with different res-
olutions. The changes of the signal at different scales may
be studied with different focuses, they can be separated and
recomposed at will. This feature makes wavelet an effective
filter to filter the signal and focus on certain scales or split
different scales of variation. In the nature world, signals are
usually complicated and are non-stationary. Wavelet trans-
form can provide the frequency and the location of a cer-
tain variation or the strength of the variation at certain lo-
cation. In this study, we use continuous wavelet analysis.
For a wavelet functionl(t), the continuous wavelet trans-
form of a discrete signak; (i = 0, N — 1) is defined as the
convolution of X with scaled and translatdd W (n,s) =
Zfi‘ol x(i)w*[@],where (*) indicates the complex con- ) i i )
jugate,n is the localization of the wavelet transform and In Algorithm 1,.f|rst, a sefS of scales of particular interest

is the scale. There are many functions that can be used as §0uld be provided by domain experts. Then wavelet trans-
base function for wavelet analysis. We chose one of the mostormation is performed on two data sefs and D, along
widely used basedvlexico Hatbase as it provides good lo- &l latitudes or longitudes. Her®, and D, are meteorol-
calization (spatialftemporal resolution). The base function 09y data for timef, and timet,. o, denotes the beginning

. S e - latitude(or longitude) and,, denotes the ending latitude(or
for theMexico Hatfunction is: %o () = WW@ ") longtitude).w Domain,; andwDomain, are the domain of
The scales in the wavelet analysis are selecteshbg’/?(j =  wavelet power values transformed from the original data
0,1, J). HereJ is the maximum scale index which satisfies andD-. The algorithm selects the points with wavelet power
J < 210g2(%), where N is the length of the signal. greater than thresholg], and records their location indices



in two sets nameddxzSet; andidxzSety. idxSet; stores
the indices of interesting points i; andidzSet, stores
the indices of interesting points iR,. Then the algorithm
groups points with adjacent location indicesidlxSet; and

weather scales, that are the variation around 1000 km. The
left panel of Figure 1 is the global map of wavelet transform

power with scale index 3. As can be seen, there are several
areas where the power is extremely high. In these areas the

idxSets to regions and respectively stores the regions in set spatial variation is prominent and these areas are possible
Ry and setR,. Finally, the locations of the same region in spatial anomalies (weather system). The locations of strong
R, and R, are compared to find the moving direction of this wavelet power are correspondingly plotted in the right panel

region between time; and timet,. The comparison is to
judge coordinate of the center points of two regiongkin
and R,. The output is a sed of (region, direction) pair,
which denotes the moving direction of a specific region.

Algorithm 2 Temporal Change Detection

Input:
D is the given dataset;
0. is the pre-defined threshold of wavelet power on time series;
(1 is the beginning time series;
(- is the ending time series;
idxSet is a set of location indices;
Output:
O:; is the set of change regions;

/* wavelet transform along all time series */
for(i=051;i < (a2 ;i++)

wDomain = WaveletTransform(D,i);
[*record points with prominent wavelet power*/
for every point p in wDomain

if(p>0:)

AddToLocationSet(pdzSet);
/* group points to regions */
O, = Grouplndicesidz Set)
OutputD;) /* output the time and location with prominent
changes

Algorithm 2 is similar to Algorithm 1, with two major dis-
tinctions. First, Algorithm 2 applies wavelet analysis on
time domain instead of spatial domain. Second, in algo-
rithm 2, the wavelet analysis picks only one particular scale
instead of a set of scaleés The output of Algorithm 2 is

a set of regions where prominent changes occur along with
time domain. Note that the result of wavelet transform is a
3-dimension array of (time,latitude,longitude). We can ob-
serve the temporal change from both latitude and longitude
by visualizing this array.

4. EXPERIMENTAL ANALYSIS

using a threshold: one region (a hurricane) over Mexican
Gulf (—90°W,26° N) and another region (a tropical storm)
over south America«{70°WW,—25°5). Figure 2 shows the
spatial wavelet power for another date. Comparing Figure 1
with Figure 2, we can observe the northward moving of the
anomaly region (a hurricane) near the Mexican Gulf, while
the tropical storm over south America is staying but gradu-
ally diminishing. This procedure can be used at consecutive
date/time instances to track the change of the weather sys-
tems.

Figure 1: Spatial wavelet power distribution at scale in-
dex 3 on day 1.

PEPTS

Figure 2: Spatial wavelet power distribution at scale in-
dex 3 on day 2.

In the experiment, we used NOAA/NCEP global reanalysis By applying Algorithm 2, We did the wavelet transform on
data sets, this is the multiple parameter data with a horizon-the time domain to detect the temporal change of the water
tal resolution of 1 degree by 1 degree. The data covers thevapor. As the preliminary tests show that the strongest vari-
whole earth. We used 40 day water vapor data to study theations are short-term changes for this data set, we focused
change of the weather system. on the short temporal scale in our analysis. We performed
the wavelet analysis on time series overlak 1 grids. Fig-
First, we performed wavelet analysis on spatial domain over ure 3 is the cross section (89°W/) of the wavelet power
all latitudes. We mainly focus on the anomalies with sub- (with temporal scale 0) along date(1-40) and latitude. As



can be seen, the changes are mainly located at mid-latitudessome of those patterns may be hidden in the original data
especially around5° N, and the prominent changes happen and might be ignored if not using wavelet analysis. By an-
during days 20-35. The figure also shows that some changealyzing the wavelet transform, we identify the location and
signals are moving northward with time lapsing, which is the timing of the change occurrence. This helps monitor the
consistent with the pattern observed from Figures 1 and 2.changing weather and climate. In this work, we focus on
Figure 4 provides the 3 dimension distribution of the high short range changes. We are planning to explore other scales
wavelet transform power across latitude, longitude, and dateof change and extend the proposed algorithms to other me-
(with threshold 35). We can see some change signals andeorology parameters, so that the detected changes will be
their spatial-temporal locations. We are interested in the comprehensive and representative.
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moving of the weather systems. One of the significantchange8. REFERENCES

happens in the South America({0°WW,—25°5), which is a [1] S. Chawla, S Shekha_r, W.-L. Wu,_and u. Oze;mi. Mod_elling spatial
tropical storm. The signals are persistent and moving north- dependencies for mining geospatial data: An introductiotddrvey

. . Miller and Jiawei Han, editors, Geographic data mining and
ward and eastward sometimes. Another one is the Gulf Mex- Knowledge Discovery (GKDJL999.

1 1 o o . 1
ico region(-90°W,26°V); a strong Chang_e signal arousgs. [2] M. Farge. Wavelet transforms and their applications to turbulence.
around day 20 and moves northward as time lapses. Thisis =~ anny. Rev. Fluid Mech24:395-457, 1992.

a developlng hurricane process over Gulf Mexico. [3] E. Foufoula-Georgiou and E. P. Kum#lVavelets in Geophysics

Acadamic Press, 1995.

Z. Hou and X. Li. Signal detection of global climate change and
external forcing factors. 36(5):641-650, september 2000.

L. Hudgins, C. Friehe, and M. Mayer. Wavelet transforms and
atmospheric turbulenc@hys. Rev. Lett71:3279-3282, 1993.

K. Koperski, J. Adhikary, and J. Han. Spatial data mining: Progress
and challenges. IWorkshop on Research Issues on Data Mining and
Knowledge Discovery(DMKD’'96pages 1-10, Montreal, Canada,
1996.

time [7] K. Koperskiand J. Han. Discovery of spatial association rules in
= = = = geographic information databasesAdvances in Spatial Databases,
Proc. of 4th International Symposium, SSD'#ages 47-66,
Portland, Maine, USA, 1995.

[8] K. M. Lau and H. Y. Weng. Climate signal detection using wavelet
transform: how to make a time series siri®l. Amer. Meteor. Soc.
76:2391-2402, 1995.

M. Mak. Orthogonal wavelet analysis: Interannual variability in the
sea surface temperatuigull. Amer. Meteo. soc76:2179-2186,
1995.

[10] S. Mallat and W. Hwang. Singularity detection and processing with
wavelet.|[EEE trans. on information theon8(2):617—643, March
1992.

[11] S. Shekhar and S. Chawla.Tour of Spatial Database®rentice
Hall, 2002.

[12] S. Shekhar, S. Chawla, S.Ravada, A. Fetterer, X. Liu, and C. Lu.

Longitude Spatial database: Accomplishments and research niégis.

Transactions on Knowledge and Data Engineerihty(1):45-55,

Figure 4: Distribution of high temporal wavelet power 1999.

(threshold=35) across longitude, latitude, and date. [13] S. Shekhar and Y. Huang. Co-location Rules Mining: A Summary of
Results. InProc. Spatio-temporal Symposium on Databage91.

Wavelet Power Distribution Along Latitude ( scale 0)

[4

[5

Latitude

[6

Figure 3: Temporal wavelet power distribution across
latitude and date.

[9

Latitude -50 -200

5. CONCLUSION [14] C. Torrence and G. Compo. A practical guide to wavelet analysis.
Bulletin of the American Meteorological Socie®p(1):61-78,
January 1998.

[15] Y. Wang. Jump and sharp cusp detection by waveRitsnetrika

In this paper, we propose a wavelet based approach to detect
temoral/spatial changes in the meteorological data. Using

vyavelet analysis on the gIong meteorologlpal data, we uti- 82(2):385-397, 1995.

lize the advantage of the ml_’lltl'scale capabll_lty of the Wavele_t [16] B.J. Whitcher, P. Guttorp, and D. B. Percival. Multiscale detection
trf?meorm to TOCUS on certain _sc_ales of spatialitemporal vari- and location of multiple variance changes in the presence of long
ation. This will help identify distinct change patterns. Some memory.Journal of Statistical Computation and Simulatjon

of those patterns may be visible in the original data set, whereas 68(1):65-88, 2000.



