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Abstract

Sodar facsimile records provide meteorological information of the atmospheric boundary layer (ABL). Segmentation of
sodar image (digitised sodar record) is vital for subsequent interpretation of ABL structure. The problem of segmentation is
presented here as classification problem. Fuzzy c-means classification algorithm has been adopted for segmentation purpose
using a set of four feature vectors calculated over a mask such that they characterise the nature of local grey value distribution.
The classified images are also compared to another segmentation technique. The results presented prove the definite merits
of the proposed technigue.

Zusammenfassung

Faksimile-registrierungen von SODAR liefern meteorologische Information iiber die atmosphirische Grenzschicht (ABL).
Die Segmentierung des SODAR Bildes {also der digitalisierten SODAR Registrierung) ist entscheidend fiir die darauf-
folgende Interpretation der ABL Struktur. Das segmentierungsproblem wird hier als Klassifikationsproblem behandelt.
Der fuzzy c-means Klassifikationsalgorithmus wurde fiir die Segmentierungsaufgabe angepaflt, wobei ein Satz von vier
Merkmalsvektoren zum Einsatz kommt, die derart iiber cine Maske berechnet werden, dafl sie die Natur der lokalen
Grauwertverteilung charakterisieren. Die klassifizierten Bilder werden auch mit einem anderen Segmentierungsverfahren
verglichen. Die vorgestellten Ergebnisse zeigen die eindeutigen vorziige des vorgeschlagenen Verfahrens auf.

Résumé

Les enregistrements facsimilé de sodars fournissent des informations météorologiques sur la couche frontiére de
I’atmosphére (CFA). La segmentation d’images sodar (enregistrement de sodar numerisé) est vitale pour 1'interprétation
subséquente de la structure de la CFA. Le probléme de segmentation présenté ici est un probleme de classification. Un
algorithme de classification ‘c-means’ flou a été adopté pour cette segmentation, utilisant un ensemble de 4 vecteurs de
caractéristiques, calculés sur un masque défini de telle sorte qu’ils caractérisent la nature de la distribution locale des valeurs
de gris. Les images ainsi classées sont également comparées a une autre technique de segmentation. Les résultats présentés
ici prouvent les mérites manifestes de la technique proposée.
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1. Introduction

SODAR (SOnic Detection And Ranging) facsimile
record generates valuable meteorological information
of ABL (Atmospheric Boundary Layer) within 1 km
height vertically upwards from the Earth’s surface.
Meteorologist can qualitatively predict some form of
weather conditions by looking at the shapes (such as
plumes, inversion, multilayered, etc.) generated in the
sodar recorder. This prediction is based on the shape
of the signal and not on the overall signal quality. The
detection of the sodar signal pattern, therefore, should
be the frontend of any automated sodar data inter-
pretation system for generating a human-like weather
prediction system. This, however, needs separation of
pixels representing sodar signal and pixels represent-
ing background due to white portion of the facsim-
ile page. In this paper, the sodar facsimile record is
scanned and the resultant 2D digitised image is sub-
jected to such segmentation using fuzzy c-means ap-
proach. Two typical examples of sodar images are
shown in Figs. 1(a) and (b).

Unfortunately, the backscattered sodar signal con-
tains other environmental and atmospheric noises such
as noises due to horn of an automobile, chirping of
a bird or even rain noises. Therefore, the algorithm,
presented in this paper, segments pixels represent-
ing sodar information from the combined pixel class
representing noise and background. Methodology of
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segmentation is presented, and then followed by the
result and discussion.

2. Methodology

Different methodologies [7, 2] have been developed
for segmenting sodar images. In [7], the threshold
value has been manually selected by observing the
grey level histogram and the grey value correspond-
ing to the point in the valley (of the histogram) from
where the slope rises sharply is selected as threshold
point. A nonparametric and unsupervised method of
automatic threshold selection proposed by Otsu [6]
has been used in [2]. Based on local grey value distri-
bution, Mukherjee et al. [5] have developed a masking
technique which when added to the horizontal com-
ponents of edge detecting Sobel [3] mask, generates
almost segmented image in case of sodar image.

In this paper, fuzzy-c-means classification algo-
rithm [1] is used to segment the sodar image into
pixel clusters representing signal and background.
From the typical sodar images, it is clear that the
separation of different clusters are not well-defined,
rather fuzzy, and depends on the local grey value dis-
tribution. Because of noises (as stated in the introduc-
tion), additional fuzziness is introduced in the pixel
value while selecting it to be a member of either signal
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Fig. 1. Sodar images: (a) plume structure; (b} multilayered structure.
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class or noise and background class, clubbed together,
Keeping in mind these characteristics, we have se-
lected a set of feature vectors which are strictly lo-

cal in nature, that is, depends on 8-neighbourhood of

the pixel concerned. Since, fuzzy ¢-means technique
provides an iterative measure to minimize the classi-
fication error allowing each pixel to be the member
of all the possible classes with varying membership,
it seems appropriate to apply this algorithm. In the
next section we present fuzzy-c-means fundamentals
followed by the details of the feature vectors.

3. Fuzzy-c-means fundamentals

The clustering algorithm is based on a least-squared
error criterion
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where U is a fuzzy c-partition of data set X, a matrix
containing feature vector values for each pixel. Vec-
tor u;. contains the fuzzy membership value of kth
data point (pixel}) to ith class. The vector v;, whose
number of components depends on the number of fea-
ture vectors, is the cluster center of ith class of fuzzy
c-partitions, also called seed point for the particular
class. These are updated in every iteration based on
uy; and the distance d = || X, —v;||. between ith clus-
ter center of v and 4th data point of X. This continues
till the cluster centers become stable and there is in-
significant difference between cluster centers in two
consecutive iterations. The weighting exponent is m
where m € [1,0o0).

To minimize J,(U.v) subject to the condition
Souig = 1,0 < 3, uy < k and uy 20, applying
Lagrange multipliers to the variables u;, we obtain

% d,k)E(ml)
wy = 1 el 1)
' / :2 (dﬂf :

and Vi
S (i " X
Zk.z] (w Y™

In every iteration, u; is calculated using Eq. (1) while
v; is updated following Eq. (2) using the earlier u
value. In every iteration, the condition 37 |y = 1

vl‘—

(2)

is ensured while, initially, #; is generated using ran-
dom number function. The algorithm is terminated
for insignificant (1-2% of the current value) changes
between two consecutive v; values. From the imple-
mentational standpoint, the algorithm has two mod-
ules.

Training module. The fuzzy c-means clustering al-
gorithm is applied to a chunk of the original image.
The images with all the clusters present in significant
proportions are chosen. We find that the cluster seed
points stabilizes after 1012 iterations, The output of
v, gives seed point for ith class and nth feature vec-
tor for further classification while the u; gives the
fuzzy membership value of the kth data point associ-
ated with the 7th class. The cluster centers of difterent
feature vectors are matched with corresponding pixel
classes by visual inspection.

Classification module. To reduce processing time
in case of large image, the pixels are classified based
on their highest membership values in u; associated
with the particular class. Also the pixels could be clas-
sified based on the minimum distance d;; between the
feature vectors for the pixel and the seed points of the
classes.

3.1. Feature vectors

Since, we have no a priori information about the
cluster seed points, image texture or grey value dis-
tribution, we have selected feature vectors such that
they represent the closest possible nature or ho-
mogeneity of any image subregion. Using standard
masking techniques of image processing, for the
subimage,
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the following feature vectors are calculated for my,:
Fhe average grey values (A) of myy, A(my ) =

6 i=—0,j=0 Mij-

2. The busyness value (B) of ", Bim;) =

min( By, B, ), where B, = L, o lmig = my |+
|mi — m;>| and B, :Z; o | —my |+ — may).
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The busyness value is influenced by the (horizontal
or vertical) orientation of grey value distribution.

3. The absolute difference between the maximum
and minimum grey value of the subimage, a
local measure of contrast, (D) of myy, D(my,) =
|max(m;;) — min(m;)|, where i = [0,2] and j =
[0,2].

4. Entropy value [4] of my;. Borrowing the classi-
cal definition of entropy based on the mathemati-
cal expectation of the information concerning the
occurrence of one of the events, the entropy E; is
given by E(p1, pa,.., Pn) = — 2 pilog p;, where
pi > i, 3.7 pi = 1. Extending this in case of
2D image matrix with certain grey value distribu-
tion, E(my1} = fouFo Pj;log, Pij, where Py =

2.2
Myl 3 220 jmo Mij-

4. Results

Figs. 2(a) and (b) are the segmented images of
plume structure (Fig. 1(a)) and multilayered structure
(Fig. 1(b)), respectively, classified into two classes.
Note that the images are not preprocessed with any
filtering algorithm like neighbourhood or median fil-
tering; still the segmentation is clear with minimum
isolated small patches of pixels. In both the cases, the
desired plume shape and the multilayered structure are
clearly extracted using classification.
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Since, it is expected that the plume structure will
be having an envelope with signals of lower ampli-
tude (which corresponds to lower grey value in the
image), the image in Fig. 1(a) is subjected to classifi-
cation algorithm with three classes. The result clearly
supports the expected outcome as shown in Fig. 3.
Here an envelope is formed at the upper portion of the
plume, separating the core of the plume from its con-
tour. This happens because the total energy confined
at the center is being dissipated at its contour due to
atmospheric condition. This may help in finding the
region of energy dissipation of the plume. Also, the
stray pixel columns indicate the direction of energy
dissipation.

Fig. 4(b), a (two-class) classified plume structure
image of Fig, 4(a), demonstrates the potential of our
proposed approach. The seed vector used in this case
is the one generated from the training module while
classifying the plume image of Fig. 2(a). Therefore, in
classifying Fig. 4(a), only classification and no train-
ing is performed using instant seed point, developed
earlier for plume structure. This results in tremen-
dous saving of cpu time and turns the cpu-intensive
fuzzy c-means almost real time. Similar experiments
are performed for other plume and multilayered struc-
tures and it could be confirmed that for almost similar
weather conditions, ready-to-use seed point vectors,
evaluated using fuzzy c-means could be used for in-
stant classification of sodar images.
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Fig. 2. (a) Plume structure of Fig. 1(a); (b) multilayered structure of Fig. 1{b) are classified into two classes.
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Fig. 3. The plume structure of Fig. 2(a) is classified into three
classes. The energy fading at the plume envelope is detected as a
separate class.

4.1. Comparison with another method

We have observed that segmentation of so-
dar images using Otsu’s [6] thresholding criterion
gives satisfactory result [2] after image prepro-
cessing, that is, image noise cleaning using eci-
ther average, median or max-min filtering. This
approach is based on the evaluation of a mea-
sure of goodness of threshold and is detailed
in [6].

Figs. 5(a) and (b) arc the bilevel thresholded
images (thresholded at 206 and 204) of Figs. 1(a)
and (b), respectively, using Otsu’s [2] threshold-
ing criterion, Readers can compare this result with
the segmentation obtained by fuzzy c-means clas-
sification as shown in Figs. 2(a) and (b), respec-
tively.

Fig. 6 is given to compare the result of multilevel
thresholding (three classes) with that of Fig. 3. Sub-
Jectively, the results using Otsu’s method is compat-
able to that of fuzzy classification approach.
However, Figs. 5(a) and (b) or Fig. 6 contain
more number of isolated pixel patches, posi-
tton and size of which clearly indicate that those
are noisec patches misclassified as information
cluster,
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Fig. 4. (a) A plume structure. (b) The classification of (a} into two
classes using seed point vectors of the information and background
classes of Fig. 2(a).

Table 1 presents the classwise statistics of different
classes for all the figures presented so far. The table
clearly shows that the percentage of pixels grouped
into clusters (for comparable images) are a/most iden-
tical. The global class mean of grey value for classi-
fied images, considering all the pixels grouped into a
single cluster, are comparable though their standard
deviations, in case of fuzzy c-means, are higher com-
pared to that of Otsu’s method. Even though fuzzy
c-means approach allows for higher class variance,
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Fig. 5. (a) The plume structure of Fig. 1(a) is thresholded at grey value 206. (b) The multilayered structure of Fig. 1(b) is thresholded

at grey value 204 using Otsu’s [6] method.
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Fig. 6. The plume structure of Fig. 1(a) is segmented into three
classes using Otsu’s [6] method.

in this case, the feature vectors, particularly average
and busyness parameters have increasing influence
on the higher variance value. However, this possi-
bly reduces the small isolated patches of pixels com-
pared to the results obtained in case of thresholding
method.

5. Discussion

We have shown that fuzzy-c-means-based segmen-
tation technique has provided stable and attractive
result even avoiding the expensive pixel by pixel
noise filtering. However, the bottleneck is the sig-
nificant processing time of the order of 5min in
SUNSPARC 10 while performing the fraining con-
sidering four feature vectors and three classes. This
could be implemented in almost real time using
parallel hardware as subblocks of image could be
processed almost independently. However, possibil-
ity of using ready-to-use specific seed point vector
(refer Fig. 4(b) which is classified using cluster seed
vectors of Fig. 2(a)) under similar weather condi-
tions could make this segmentation almost instanta-
neous.
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Table 1

Classwise statistics of results using fuzzy c-means and Otsu’s method

Class 1 Class 2 Class 3

Figure % Mean Variance % Mean Variance % Mean Variance
2(a) (F) 43.96 181 796 56.04 228 639

5ta) (O0) 44.45 170 273 5555 235 191

2(b) (F) 32.52 191 1004 67.48 229 562

5(b) (O) 329 174 266 67.1 236 166

3(F) 34.75 176 652 40.55 233 410 247 208 965

6 (0) 34.43 163 118 42.38 242 67 23.19 206 131

Note: F denotes fuzzy c-means results whereas O denotes Otsu’s method,
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