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χαμηλών πιέσεων (σχήμα 7γ). Στη στάθμη των 500hPa (σχήμα 7α), εμφανίζεται ένα 

κλειστό χαμηλό, λίγο δυτικότερα, με κέντρο την Ιβηρική χερσόνησο, ενώ στην περιοχή 

της Ελλάδος η κυκλοφορία είναι έντονα αντικυκλωνική. Οι χαμηλές επιφανειακές 

πιέσεις της Δυτικής Μεσογείου, σε συνδυασμό με τις σχετικά υψηλές πιέσεις στη 

Μικρά Ασία και η σφήνα (ridge) των υψηλών πιέσεων των 500hPa πάνω από τη νότια 

Βαλκανική, προκαλούν ασθενή νότια ροή θερμών και υγρών αερίων μαζών πάνω από 

την Ελλάδα (θερμή μεταφορά), δημιουργώντας συνθήκες θερμού μετώπου. Σύμφωνα 

με τον Αγγουριδάκη (1966), πολλά από τα περιστατικά ομίχλης αυτής της ομάδας 

μπορούν να χαρακτηριστούν ως ομίχλες θερμού μετώπου. Η διάρκεια πολλών εκ των 

περιστατικών αυτών είναι μεγαλύτερη από τη διάρκεια μιας νύχτας (σχήμα 8γ) και σε 

αρκετά από αυτά ο χρόνος της πρώτης παρατήρησης εντοπίζεται κατά τη διάρκεια της 

ημέρας (σχήμα 8β). Τα παραπάνω οδηγούν στο συμπέρασμα ότι η εμφάνισή τους δεν 

οφείλεται στη νυχτερινή πτώση της θερμοκρασίας λόγω ακτινοβολίας. Στη διάρκεια 

του έτους εμφανίζονται κυρίως το χειμώνα και νωρίς την άνοιξη, με μέγιστη συχνότητα 

εμφάνισης τον μήνα Δεκέμβριο (σχήμα 8α). 
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ΣΧΗΜΑ 7. Όπως στο σχήμα 1 αλλά για την 4η ομάδα συνοπτικών καταστάσεων. 
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ΣΧΗΜΑ 8. Όπως στο σχήμα 2 αλλά για τη 4η ομάδα συνοπτικών καταστάσεων. 
 

Ομάδα 5 (42 περιστατικά): Αυτή η ομάδα συνοπτικών καταστάσεων είναι η 

πολυπληθέστερη. Στους μέσους χάρτες 500hPa και επιφανείας (σχήματα 9α,γ), 

εμφανίζεται ένα δυτικό – μέχρι νοτιοδυτικό, σχεδόν ζωνικό ρεύμα και μια ασθενής 

διαταραχή στην περιοχή της Ιταλίας. Στα σχήματα 9γ και 9δ είναι φανερό ότι στο 

Αιγαίο υπάρχει μία μεταφορά θερμών και υγρών αερίων μαζών. Αυτή η κατάσταση 
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σύμφωνα με τον Αγγουριδάκη (1966) είναι ικανή να προκαλέσει ομίχλες θερμού 

μετώπου και αποτελεί πρόδρομη κατάσταση της προηγούμενης 4
ης

 ομάδας. Τα 

περιστατικά αυτής της ομάδας δείχνουν να έχουν μεγάλη εμμονή, καθώς πολλά από 

αυτά διαρκούν 5 και 6 συνεχόμενες τρίωρες παρατηρήσεις, ενώ σε αυτήν την ομάδα 

ανήκουν τα περιστατικά ομίχλης με τη μέγιστη διάρκεια των 14 συνεχόμενων 

παρατηρήσεων (πάνω από 42 ώρες) (σχήμα 10γ). Τα περιστατικά της ομάδας 

εμφανίζονται τους χειμερινούς μήνες με μέγιστη συχνότητα εμφάνισης το Δεκέμβριο 

(σχήμα 10α). 
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ΣΧΗΜΑ 9. Όπως στο σχήμα 1 αλλά για την 5η ομάδα συνοπτικών καταστάσεων. 
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ΣΧΗΜΑ 10. Όπως στο σχήμα 2 αλλά για τη 5η ομάδα συνοπτικών καταστάσεων. 
 

 

4. ΣΥΜΠΕΡΑΣΜΑΤΑ 
 

Στην παρούσα εργασία μελετώνται 138 περιστατικά επιμένουσας ομίχλης το 

καθένα από τα οποία αφορά τουλάχιστον 3 συνεχόμενες καταγραφές τρίωρων 

παρατηρήσεων παρόντος καιρού στο μετεωρολογικό σταθμό του αεροδρομίου 

«Μακεδονία» της Θεσσαλονίκης. Για τα περιστατικά αυτά οι συνοπτικές συνθήκες 

κατά την ώρα έναρξής τους κατατάσσονται αντικειμενικά σε 5 ομοιογενείς και 

διακριτές ομάδες. 

Όλες οι ομάδες έχουν ως κοινό χαρακτηριστικό την ασθενή νότια ροή θερμών και 

υγρών αερίων μαζών πάνω από την περιοχή της βορείου Ελλάδας, διαφέρουν όμως ως 
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προς τη θέση και την ένταση των βαρομετρικών συστημάτων που προκαλούν αυτή τη 

ροή. Επίσης παρουσιάζουν διαφορές ως προς την ενδο-ετήσια διακύμανση του πλήθους 

των περιστατικών. 

Οι κύριοι μηχανισμοί δημιουργίας της ομίχλης φαίνεται να σχετίζονται με τις 

συνθήκες διέλευσης θερμού μετώπου και τη νυχτερινή ψύξη λόγω ακτινοβολίας, όπως 

προκύπτει από την ώρα έναρξης των περιστατικών και από τις συνοπτικές συνθήκες 

που επικρατούν σε κάθε περίπτωση. 
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Η εργασία αυτή πραγματοποιήθηκε στα πλαίσια του Προγράμματος Ενίσχυσης 
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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. 

 

ΑΝΑΠΤΥΞΗ ΣΥΣΤΗΜΑΤΟΣ ΤΕΧΝΗΤΗΣ ΝΟΗΜΟΣΥΝΗΣ ΓΙΑ ΤΗΝ ΑΥΤΟΜΑΤΗ 

ΤΑΞΙΝΟΜΗΣΗ ΧΑΡΤΩΝ ΚΑΙΡΟΥ ΜΕ ΧΡΗΣΗ ΚΩΔΙΚΑ ΑΛΥΣΙΔΑΣ  
 

Α. ΖΑΓΟΥΡΑΣ
1, Α. ΑΡΓΥΡΙΟΥ

1, Γ. ΑΛΟΪΖΟΣ
1, Σ. ΦΩΤΟΠΟΥΛΟΣ

1, Γ. ΟΙΚΟΝΟΜΟΥ
1
 ΚΑΙ 

Ε. ΦΛΟΚΑ
2 

 

1Τμήμα Φυσικής, Πανεπιστήμιο Πατρών 
2Τμήμα Φυσικής, Εθνικό και Καποδιστριακό Πανεπιστήμιο Αθηνών 

 
ΠΕΡΙΛΗΨΗ 
Η ταξινόμηση των χαρτών καιρού είναι αναγκαία για ένα ευρύ φάσμα εφαρμογών. Μέχρι τώρα η 

ταξινόμηση αυτή γίνεται κυρίως διά χειρός, με αποτέλεσμα η εφαρμογή της για μεγάλες χρονικές 

περιόδους να είναι ιδιαιτέρως απαιτητική σε ώρες εργασίας και οικονομικό κόστος. Επίσης, οι δια χειρός 

μέθοδοι δεν είναι πάντα αρκούντως “αντικειμενικές”. Στην εργασία αυτή γίνεται αυτόματη εξαγωγή των 

καμπύλων των χαρτών καιρού με χρήση μορφολογικών τεχνικών επεξεργασίας εικόνας, ώστε να 

χρησιμοποιηθούν ως δεδομένα εισόδου σε αλγορίθμους τεχνητής νοημοσύνης. Για το σκοπό αυτό 

χρησιμοποιούνται χάρτες στην ισοβαρική επιφάνεια των 850 hPa. Για την περιγραφή του σχήματος κάθε 

καμπύλης χρησιμοποιείται ο κώδικας αλυσίδας (chain code), το ιστόγραμμα του οποίου αποτελεί το 

χαρακτηριστικό της καμπύλης. Σε ένα σύστημα τεχνητής νοημοσύνης τα χαρακτηριστικά αυτά 

χρησιμοποιούνται για την αυτόματη ταξινόμηση σε κατάλληλο αριθμό κατηγοριών. Με την υλοποίηση 

του συγκεκριμένου συστήματος, η ταξινόμηση η οποία μέχρι σήμερα γίνεται κυρίως διά χειρός, θα 

μπορεί να γίνεται κατά τρόπο αυτοματοποιημένο και αντικειμενικότερο.  

 

 

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).  

 

     
  a)                                     b)                                            c)    

FIGURE 1. a) Area of interest (Greece), b) Processed image, c) 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{ }nici ,..,2,1, = , where ci is a vector connecting neighboring contour pixels. The 

directions of ci are coded with integer values k=0,1,…,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
o
, 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:  

 

n

n
kp

k

=)(       (1) 

 

where kn  is the number of chain code values k in a chain code, and n 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). 
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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 {Xi} and for a given d<D we compute d eigenvectors ad of S to have the 

largest eigenvalues. Therefore the embedded coordinates are given by Yi = [a1, a2, …, 

ad]
T 
x (Xi -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 input
i

X  are calculated. During the second step the weights 

ij
W  that best reconstruct 

i
X  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, c) 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, )(xu
k

. 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 LOOCV 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 k 

nearest neighbours varying from 5 to 19, are showed at Figure 5 and Table 1 below.  
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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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