














YOUNAOV TEcemV (oo 7y). Lt otdbun tov 500hPa (oynua 7a), epeaviletor éva
KAe1oTO younAd, Aiyo dvtikdtepa, pe kévepo v IPnpikn xepodvnco, evd otV TePLoyn
g EAMGSog 1 kukAogopio gival éviova avtikokAmvikn. Ot younAég EmMPOVELOKES
méoelg g Avtikng Mecoyeiov, 6 GUVOLOCHO HE TIG GYETIKA LVYNAEC TECES OTN
Mikpd Acio kot 1 oerpva (ridge) tov vyniov miécewv tov S00hPa tdve arnd ) votia
Bokavikr, mpokaAiovv acbeviy votio por| Beppav kot vypov aepiov poalov Tave oro
v EAAGSa (Beppn petagopd), dnpovpydvtag cuvinkes Beppuod petdmov. Zoupova
pe tov Ayyovpiddkn (1966), moAAd amd To TEPIOTATIKG OUYANG VTG TNG OUASNG
UTOPOVV VO YOPOKTNPIOTOVV ®G opiyheg Beppod petmmov. H didpkela moAl®dv ek ToV
TMEPLOTATIKOV OVTMV gival peyadldtepn amd tn didpkelo piag voytag (oyxnua 8y) kKol o€
OPKETH amd avTd 0 YPOVOG TNG TPMTNG TOPATPNONG EVIOTILETOL KATA TN SIAPKELD TNG
nuépag (oxnua 8B). Ta mapandve odnyodv cto cupnépacia 0Tt 1| ELEAVIOT TOVS deV
opeileTal otn vuytepvi mTon Tng Beppokpacioag Aoy axtivoPforing. i Sidpkeld
ToV £TOVG gREavVifovTal Kupimg TO YEWMVA KOl VOPIG TNV Avolln, LE LEYIOTN GLYVOTNTO
eppdviong tov unva Asképfpio (oyxnpa Sa).
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Opada 5 (42 meprotoTikG): Avt) 1 OUAON GUVOTTIKOV KOTOOTAGE®V gival M
moAvmAn0éotepn. Xtovg pécovg xapteg S5S00hPa kou empaveiog (oyfuoata 9a,y),
eppovifetar évo duTikd — pEYPL VOTIOdVTIKO, GYed6V (VKO pedua Kol pio acBevig
Swtapayn oty meployn ¢ Itodioc. Zto oynuato 9y kot 99 elvar @avepd 61l o610
Avyaio vmapyetl pia petapopd Beppadv kot vypov aepiov paldv. Avtiy 1 KatdoTtoon
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oOpeove pe Tov Ayyouptddkn (1966) sivar wovi vo mpokaAécel opiyreg Oeppov
LETONOL Ko omotelel mpddpoun katdotocn g mponyovuevng 4" opddac. Ta
TEPIOTATIKA OTAG TNG ONAd0G Oeiyvouy va £ovv PEYAAN eUpovn, KaO®OG TOALG oo
ovTd SlopKovY 5 Kal 6 GUVEXOUEVES TPIMPEG TOPATNPNCELS, EVD GE OLTIHV TNV oudda
OVAKOLV TO TEPIOTATIKA OWIYANG pe tn pé€yotn Owdpkewn tov 14 cvveyouevov
napatnpnoemv (mdveo ond 42 opeg) (oynua 10y). To mepiotatikd g ouddog
EUPAVILOVTOL TOVG YEWUEPIVOVG UNVEG UE HEYIOTI GLYVOTNTO EUPAVIONG TO AgkEUPplo
(oyMua 10a).
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4. LYMIIEPAXMATA

v mopovoa epyacio peretovtal 138 mepiotoTikd empuévovcag opiyAng to
kafévo and to omoie 0@EOpd TOVAAYIGTOV 3 GUVEYOUEVES KATAYPAPES TPIWPOV
TOPOTNPNOEOY TOPOVIOS KOIPOV GTO UETEMPOAOYIKO oTaOUO TOL 0aEPOdpopion
«Moakedoviay g Oeocarovikng. Mo To TEPIOTATIKA OVTA Ol GUVORTIKEG GLVONKEG
KaTd TV ®po EVapENG TOLG KOTATAOOOVTOL OVTIKEWEVIKO OE S5 OUOlOYEVEIC Kol
Sl0KPITEG OLAOEC.

‘O)ec o1 opddeg £xovv MG KOO YOPOKTNPLOTIKO TNV 0cbevn voTia pon Bepudv Kot
VYpoV aepiov palmv Tavm ard v teployn g Popeiov EALGSOC, dapépovv dpmg mg
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7pog TN B€om Kot TV €viaoT ToV BopOUETPIKOV GUGTIUAT®Y TOL TPOKAAOVY VTN TN
pon|. Emtiong mapovsidlovv S1apopég oG Tpog TV £VE0-ETHGL0. SIOKVILOVGT) TOV TAO0VE
TOV TEPICTUTIKMV.

Ot kvplor punyavicpol dnuovpyiag g opiyAng eaiveror vo oyetilovior pe Tig
ouvinkec diElevong Bepprov PETMTOL Kol TN vuxTEPV] WHEN AOY® akTivoBoliog, Omwmg
TPOKVTTEL OO TNV ®Pa EVOPENS TOV TEPIOTATIKOV KOl OO TIG GUVOTTIKEG GLUVONKES
OV EMKPOTOVV G KAOE Tepintwon.

EYXAPIZTIEX

H epyacia avt mpoypatoromdnke ota miaicio tov [poypdupatog Evieyvong
Epguvnrtikov Avvapikov (ITENEA 2003).
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IMPLEMENTATION OF AN ARTIFICIAL INTELLIGENCE SYSTEM FOR
WEATHER MAPS AUTOMATIC CLASSIFICATION USING CHAIN CODE

A.ZAGOURAS', A. ARGIRIOU', G. AL0OIZ0S', S. FOTOPOULOS', G. ECONOMOU' AND
H. FLOCAS?

!'Physics Department, University of Patras
’Physics Department, National and Kapodistrian University of Athens

ABSTRACT

Weather map classification is useful for a wide range of climatic and environmental applications.
Weather maps are usually classified manually, a procedure that requires important manpower and is
therefore expensive. Also, a manual classification may not always be sufficiently “objective”. In this
work we implemented a method for automatic extraction of weather map features using image processing
morphological operations. These features can be used as input data for artificial intelligence algorithms,
namely fuzzy logic and artificial neural networks, in order to attempt an automatic classification. The
feature of each weather map is the histogram of the chain code descriptor of the isolines of the map.
These features are expected to lead to an automatic classification of the weather maps in an appropriate
number of classes. The implementation of this method is expected to lead to an automatic and, therefore,
more “objective” classification scheme.

ANANTYEH LYXTHMATOX TEXNHTHE NOHMOXYNHE I'lA THN AYTOMATH
TAZINOMHEH XAPTQN KAIPOY ME XPHXH KQAIKA AAYZIAAL

A.ZATOYPAS!, A. APTYPIOY', T. AAOIZOE!, T. PQTONOYAOE', I'. OIKONOMOY' KAI
E. ®AOKA?

"Tunua dvowcic, Moavemoriuio Matpdv
*Tunpo oo, EOvié kar Kamodiotpiond [avemotiuio AOnvery

IIEPIAHYH

H ta&wounon tov xoptdv Kopov givol avaykoio yio va evpd Qacpa epappoymv. Méypt topa n
ta&vounon avt yivetar kvplog S1d XeWPOS, KE OMOTEAEGHO 1) EPAPUOYN TNG YU UEYAAES YXPOVIKEG
TEPLOSOVG VO EIVaL ILOTEPMS AMATNTIKY OE DPES EPYAGTING KOl 01KOVOUIKO KOoToG. Emiong, ot dio xe1pdg
pébodot dev givar TAVTO OPKOVVTOG “OVTIKEILEVIKES”. TNV gpyacio avth yiveral avtopoat e&aymyn Tov
KOUTOAQV TOV YOpT®OV KOpod He XpNoN HOPQOAOYIKAOV TeXVIKOV enelepyaciag eucdvag, DoTe vo
xpnoomombovv g dedopéva €166d0v oe adyopibuovg teyvng vonpoodvne. o 10 okomd avtd
y¥PNooTotovvVTaL ¥apTeg otV 1eoPapikn empdveila tov 850 hPa. I'a tv meprypap Tov oxNuaTog KabE
KOUTOANG ypnoonoteitar o kdducag aivcidag (chain code), to otdypappa tov onoiov amotelel To
KOPOKTNPIOTIKO TG KOUTOANG. X €vo. COOTNHO TEXVNTAG VONUOCUVNG T YOPOKTINPIOTIKG avTd
LPNOHOTOLOVVTOL Y10 THV aVTOHATY TaSvopnon o€ katdhinlo apBud katnyopidv. Me v vAomoinon
TOV GUYKEKPWEVOV GLOTHUATOG, N TaEvounon N omoio uéypt onpepa yiverar kvpiog dud yepdc, Ba
umopei va yivetor Katd TpOTo GLTOUTOTOUHEVO KO OVTIKELLEVIKOTEPO.

1. INTRODUCTION

The climatological classification of atmospheric circulation allows a better
understanding of the regional climate and its changes. This classification usually
manual, introduces subjective interpretation, and requires important manpower and cost.
On the other hand, a computer based classification is automatic, faster and more
objective. However, it is still difficult to replace human by artificial intelligence because
of the number of parameters that the investigator combines in order to make a
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classification decision. Also, computer based classification is related with the type of
data and has its own limitations.

This paper describes a computer based classification of weather maps using
image processing, dimensionality reduction and fuzzy logic methods. After extracting
the contour of the isobaric lines of each weather map, the Freeman chain code algorithm
(Freeman H, 1961) is used to represent this contour. A chain code histogram (CCH) is
then calculated and applied as a shape descriptor, representing each weather map feature
as a 8-dimensional vector. In order to visualize and investigate the locality of similar
weather map features (CCH), two common dimensionality reduction methods are
implemented, the linear Principal Component Analysis (PCA) (Jolliffe, 1986) and
nonlinear Locally Linear Embedding (LLE) (Roweis and Saul, 2000). On the low
dimensional data space, Fuzzy C-Means Clustering (FCM) (Bezdek, 1981) clusters the
data into subsets using fuzzy logic criteria. Our method is validated using the leave-one-
out cross-validation (LOOCV) method (Evgeniou et al., 2004) that estimates the
classification rate.

The remainder of this paper is organized as follows: in Section 2, the feature
extraction method is described. Next, the chain code algorithm and the basic concepts of
the dimensionality reduction algorithms used are presented in Section 3. The selected
synoptic categories of atmospheric circulation that are classified by our method are
referred in Section 4. Section 5 presents the experimental procedure and results. Finally,
the conclusions and are given in Section 6.

2.  FEATURE EXTRACTION

Our method was tested on the 850 hPa isobaric level map of North Atlantic /
Europe of the European Meteorological Bulletin. The 850 hPa isobaric analysis is
preferred rather than the surface in order to typify the synoptic circulation independently
of the topography. The study area is shown in fig. 1a. Each map used contains at least
one isobaric line (Figure 1a).

Although weather maps provide useful meteorological information, the feature
extraction focuses on the shape and orientation of isobaric lines. Data preprocessing and
then feature extraction procedure incorporate image processing morphological
operations for noise removal, line thinning and smoothing, space tracing, space filling
and branch removal. We also use contour tracing methods and decision methods about
the type of the line (closed or open).
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FIGURE 1. a) Area of interest (Greece), b) Processed image, ¢) Final image
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After the feature extraction procedure, the weather maps are represented by a
sequence of x and y Cartesian coordinates (Figure 1c). This method leads to a digital
representation of the weather maps.

3. CHAIN CODE AND DIMENSIONALITY REDUCTION METHODS

3.1 The chain code

The Freeman chain code is a well known method to represent the contour of an
object. During the chain code process, a point moves along the boundary line of a shape
object beginning from a starting point and codes the direction between the current point
and the next one. The chain code can be defined as an ordered sequence of n
links {c,, i= 1,2,..,n}, where ¢; is a vector connecting neighboring contour pixels. The

directions of ¢; are coded with integer values k=0, /,...,K-1 in a counterclockwise sense.
The commonly used chain codes are the ones using either a 4-direction coding or a 8-
direction one. The 8-connected neighborhood is associated with eight possible
directions, multiples of 45°, and K equals to the integer value 8 (Figure 2b).

The chain code histogram (CCH) is calculated from the chain code of the
contour of an object. The CCH is defined as:

Pl == (M
n
where n: is the number of chain code values k in a chain code, and »is the number of
links in a chain code. The CCH shows the probabilities of the different directions
present in a contour. Because of the fact that a CCH has to be a scale invariant shape
descriptor, a normalized CCH is used. The normalized CCH differs from the CCH in
that every CCH bin value is normalized to values between 0 and 1 (Figure 2c¢).

a) b) c)

3 6

FIGURE 2. The directions of the a) 4-connected chain code and b) 8-connected chain code, c) a
normalized CCH.
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3.2 Principal Component Analysis and Locally Linear Embedding

Dimensionality reduction is an important operation that allows us to find a suitable
lower-dimensional space in which to represent, analyze and process the original data.
For this purpose, linear PCA and nonlinear LLE dimensionality reduction methods have
been proposed, embedding the original data to a low dimensional feature space while at
the same time preserving the main structure of the manifold

The main purpose of Principal Component Analysis is to reduce the
dimensionality while preserving the maximum variance of the data. For this reason PCA
computes the linear projections of greatest variance from the top eigenvectors of the
covariance matrix of the data. Those eigenvectors are called principal axes and are
orthronormal. The first principal axis contains the maximum variance of the data, the
second principal axis contains the next major amount and so on.

Let us assume a set of N D-dimensional vectors. We compute the covariance
matrix S of {X;! and for a given d<D we compute d eigenvectors a, of S to have the
largest eigenvalues. Therefore the embedded coordinates are given by Y; = [a;, as, ...,
aq]” x (X; -m), where m is the average value of data.

Locally Linear Embedding (LLE) is a nonlinear eigenvector-based method and
its optimizations do not involve local minima or iterative algorithms. It is based on the
approximation that each data point and its neighbours lays on or close to a locally linear
patch of the manifold so it recovers global nonlinear structure from locally linear fits.
The overlapping local neighbourhoods can be embedded in a lower dimensional
manifold that best preserves the local linear structure of the data. The LLE algorithm
has two critical parameters, the number of k nearest neighbours in the first step, and the
target dimensionality d in the third step.

The LLE algorithm comprises three steps. During the first step the neighbours

for each high dimensional inputz are calculated. During the second step the weights

W, that best reconstruct z from its neighbours are calculated. The third part of the

algorithm is to compute low-dimensional embeddings best preserving the local
geometry represented by the reconstruction weights. The LLE algorithm has two critical
parameters, the number of k nearest neighbours in the first step, and the target
dimensionality d in the third step.

4. DESCRIPTION OF THE SYNOPTIC CATEGORIES

The five synoptic categories chosen to be classified by the proposed computer
based method, are all on the isobaric level of 850hPa and they consist only of open
isobaric lines, since the classification of closed low or closed anticyclone cases is
straightforward. We selected the above categories and nomenclature according to
Kassomenos et al. (1998). These categories are: Long-wave Trough (LW), South-
westerly Flow (SW), Northwesterly Flow (NW), Zonal Flow (ZONAL), H-L (HL).
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FIGURE 3. Synoptic classified categories a) SW, b) NW, ¢) LW, d) ZONAL, e) HL.

5. CLASSIFICATION EXERCISES

5.1 Preprocessing

Classification exercises are performed on 44 daily 850 hPa weather maps
belonging to the five synoptic categories presented in the previous section. The test
maps are cropped to the area of interest (Greece) and converted to binary images in
order to apply the image processing methods reported in Section 2. After the successful
contour tracing, the longer contour line of each image is used to be represented by a
sequence of [x,y] coordinates, in order to describe the contour line as a sequence of
arithmetic values sequence by applying the chain code. Finally, each image is
considered as 8-dimensional vector, referral to the 8-bins normalized CCH.

5.2 Fuzzy c-means clustering

Clustering is the classification of objects into different groups, or more precisely,
the partitioning of a dataset into subsets (clusters), so that the data in each subset
(ideally) share some common trait - often the proximity according to some defined
distance measure. Data clustering is a common technique for statistical data analysis,
which is used in many fields, including machine learning, data mining, pattern
recognition, image analysis and bioinformatics.

In fuzzy clustering, each point has a degree of belonging to more than one
clusters, as in fuzzy logic, rather than belonging exclusively only to just one cluster.
Thus points on the edge of a cluster may be in the cluster to a lesser degree than points
in the centre of cluster. For each point x we have a coefficient giving the degree of
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membership in the k-th cluster, u, (x). In fuzzy c-means clustering, the centroid of a

cluster is the mean of all points, weighted by their degree of membership to the cluster.

The Leave-one-out cross validation (LOOCV) is used in the field of machine
learning to determine how accurately a learning algorithm will be able to predict data
that it was not trained with. When using the LOOCV method, the learning algorithm is
trained several times, using all but one of the data points of the training set.

5.3 Experimental results

The application of PCA and LLE reduces the 8-dimensional feature space (CCH)
to lower dimensional spaces, varying the number of dimensions from 2 to 7, and the
number of k nearest neighbours for LLE. On the low dimensional space, FCM is applied
in order to predict the position of the centres of 5 synoptic categories, using the value 5
as default number of cluster centres. The purpose of the experiment is to determine the
classification rate of the proposed computer based method, against the known manually
classification results. Both PCA and LLE are combined with FCM to visualize the data
and define the cluster centres, and LOOCYV trains the system to evaluate the accurate
classification rate. The classification rate is computed according to the correctness of
the hypothesis that test data point belongs to the cluster with the shortest Euclidian
distance between the test data point and center of the cluster. If the computer based
classification agrees with the manual one for each data point, the classification rate
scores ‘1’ and so continues for all data points with respect to LOOCV method.

In Figure 4 the 2D embeddings of the weather map images after applying PCA
and LLE correspondingly are shown. Same marks and colours correspond to images of
the same synoptic category. The black star marks pose the 5 cluster centres.
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FIGURE 4. Example of 2D embeddings of the weather map images after applying PCA and LLE
correspondingly.

The average classification rates, on PCA embedded dimensional spaces from 2
to 8 dimensions and on 2D LLE embedded dimensional space for several number of &
nearest neighbours varying from 5 to 19, are showed at Figure 5 and Table 1 below.
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PCA + FCM Leane-One-Out Classification LLE + FCM Leane-One-Out Classification
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FIGURE 5. Average classification rate results according LOOCV with PCA-FCM and LLE-
FCM, correspondingly.

TABLE 1. Numerical results of classification rates per method

PCA + FCM +LOOCV 2D LLE + FCM +LOOCV
D dimensions Classification rate k nearest neighbors Classification rate
(%) (%)

2 75.00 5 72.73
3 70.45 6 77.27
4 75.00 12 61.36
5 75.00 13 77.27
6 75.00 14 77.27
7 75.00 15 70.45
8 75.00 16 72.73

19 77.27

6. CONCLUSIONS

The proposed methodology is an attempt of to develop computer based weather
map classification methodology. The maximum achieved classification rates (77.27%
LLE+FCM, 75.00% PCA+FCM) give a satisfactory grade of validation. The
inconsiderable differences between the two dimensionality methods can be due the
small number of weather maps used. On the other hand, dimensionality reduction gives
the benefit of visualization with respect to the original data space properties. The usage
of FCM provides a valuable tool for testing the proposed method, nevertheless the
supervised definition of the number of clusters must be improved. Chain code could be
characterized as a classical shape descriptor, with obvious results here, although need to
be tested on closed isobaric contour lines and more complex and numerous databases.
In the future, we aim to improve computer based climatological classification
using different shape descriptors on large weather map databases and develop an
unsupervised artificial intelligence system for this scientific field.
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