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ABSTRACT

Fronts are significant meteorological phenomena of interest. The
extraction of frontal systems from observations and model data
can greatly benefit many kinds of research and applications in
atmospheric sciences. Due to the huge amount of observational
and model data available nowadays, automated extraction of front
systems is necessary. This paper presents an automated method to
detect frontal systems from numerical model-generated data. In
this method, a frontal system is characterized by a vector of
features, comprised of parameters derived from the model wind
field. K-means clustering is applied to the generated sample set of
the feature vectors to partition the feature space and to identify
clusters representing the fronts. The probability that a model grid
belongs to a front is estimated based on its feature vector. The
probability image is generated corresponding to the model grids.
A hierarchical thresholding technique is applied to the probability
image to identify the frontal systems and a Gaussian Bayes
classifier is trained to determine the proper threshold value. This
is followed by post processing to filter out false signatures.
Experiment results from this method are in good agreement with
the ones identified by the domain experts.

Categories and Subject Descriptors
J.2 [Computer Applications]: Physical Sciences and Engineering.

General Terms
Design, Experimentation.
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1. INTRODUCTION

Our daily weather is described by the atmospheric state variables
and parameters such as temperature, pressure, wind, cloud amount
and precipitations. However, it is the significant meteorological
phenomena that catch most of our attention since these
meteorological phenomena indicate weather changes and even the
onset of severe weather that may affect our daily lives. These
significant atmospheric phenomena of interests include hurricanes,
tornados, and fronts. A front is a narrow transition zone at mid-
latitudes where two air masses with different properties meet. A
frontal system causes significant changes in temperature, wind,
pressure, precipitation and even triggers severe weather. Global
distribution of frontal systems can be obtained from satellite
observations using cloud patterns and other measurements.
Frontal systems information is also contained in the numerical
model simulations that predict the atmospheric state and its
evolution. Experienced domain experts can visually detect frontal
systems in observational and model simulation data. However,
with the advances in data collecting technology and computational
power, the enormous volume of data collected by the
observational platforms and generated by model simulations
render such manual analysis impossible.

Data mining allows analysis and information extraction from large
volumes of multidimensional data and has been successfully
applied in the business domain. Scientific data mining has also
developed as an application area of interest. Mining earth sciences
data is one such example and is an important application area due
to the huge volumes of data available and the spatial and temporal
nature of the data. Over the years, data mining applications in
Earth science range from mining framework development [6] to
information extraction such as discovering ocean climate indices
[7] and feature detection [2], [4], [S] using various kinds of data
mining techniques. In this paper, we present an automated method
to detect frontal systems in numerical model outputs using data
mining techniques. The identified frontal systems will be used to
evaluate the performance of a data assimilation system. Based on
our knowledge, this is the first application of data mining
techniques to detect frontal systems.



Section 2 provides a description of the numerical model data used
in this study. Section 3 describes the methodology and data
mining techniques used to extract frontal systems from the model
data. Section 4 shows the results and discussions. Finally, the
summary and future research work is presented in section 5.

2. DATA

The data used for the data mining experiment is the output from
the Goddard Laboratory of Atmosphere’s finite volume
Community Climate Model (fvCCM). As part of the Observing
System Simulation Experiments (OSSEs) research project, the
fvCCM baseline model run, referred to as the Nature Run (NR),
was generated for the time span from September 11 through
December 31, 1999. The output fields have a horizontal resolution
of 0.5 ° Latitude x 0.625 ° Longitude with a vertical resolution of
36 levels including the surface. The output fields were generated 4
times daily (every 6 hours) and included 3-D fields such as
pressure, temperature, wind field, cloud amount and surface
variables such as wind field, and temperature.

The data used in this study are the surface wind and potential
temperature fields of nature run outputs from September 12, 1999
to September 19, 1999. A total of 31 data sets, corresponding to
31 time steps during this time period were used. The area of study
is 20°N - 70°N Latitude and 100°W - 10°E Longitude. Figure 1
shows the surface wind field at September 12, 00Z Universal
Time (UT). The solid lines in the figure represent the locations of
frontal systems identified by the domain experts and the numbers
are the front indices. These frontal system locations are
considered as “ground truth” information and are used to evaluate
the performance of the automated frontal system detection
methodology developed here. The ground truth information
covered 8 time steps between September 12, 00Z and September
13, 18Z.

3. METHODOLOGY

The method of automated frontal system detection contains four
major steps: 1) identifying features to characterize frontal systems,
2) partitioning feature space to identify front clusters and to
generate probability image for frontal systems, 3) detecting frontal
systems based on hierarchical thresholding, region merging and
shape classification, and 4) post processing to filter out false
frontal systems detected and to smooth and skeletonize the frontal

Figure 1. Surface wind field from fvCCM model output at
09/12/00Z, 1999. Solid lines indicate identified front locations.
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regions. These steps are described in details in each of the
following sub-sections. An overview of the methodology is
shown in Figure 2. The horizontal dash lines in the diagram
separate the flow diagram into the four steps and the vertical dash
line separates the flow diagram into the development phase and
operational phase.

3.1 Identifying features to characterize frontal

systems

A front represents a narrow transition zone between two air
masses. Due to the different natures of the two air masses,
atmospheric state variables change dramatically in the zone,
including pressure, temperature, and moisture content. Also
accompanying a frontal system is the formation of clouds,
precipitation and wind direction changes. The two of the most
significant characteristics of a frontal system are the large
temperature gradient across the zone and the significant changes
in wind direction. When a cold front passes by, temperature can
drop more than 10°C and the wind direction will always veer.
Since temperature variation also occurs across coastal zones, it is
difficult to determine whether the significant temperature
variation is due to a frontal system or due to land-water transition.
Thus, the features used to characterize a frontal system are
derived only from the model wind fields. Two of the features used
are vorticity and confluence. These two features characterize
different aspects of wind variations in a zone. Vorticity is helpful

Operational
phase

U,i/' wind

Feature vector

Development
phase

: generation
Feature vector Step 1
sample set ¢ T Feature vector
Step 2 v
Partitioning feature . Probability
space by k-mean —— P image calculation
clustering Cluster
centers Probability
image
! y ™
Step 3 Hierarchical
thresholding
Shape
data sel Shape of
regions
Classifier v
Training shape parameters| Optimal front
classifier P detection by shape
classification
Front
candidates
Step 4 v
Post-processing
(Temperature filtering
Morphological Closing
Thinning)
¢ Final results

Figure 2. Flow diagram of the automated front detection method
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in identifying the veering of wind direction change where as
confluence characterizes the convergence zone of wind field and
is appropriate for describing the stationary fronts. The third
feature is the wind direction variation (WDV) and characterizes
the wind direction change at a grid. It is calculated using the wind
parameter of its eight neighboring grids using equations 1 and 2
for grid point (i,j):

WDV (i, j) = L > Awdir(k, m),
k,m
where k,m=[-1,1] and N=8 and

(M

Awdir(k,m) = |wdir(k +i,m+j)— wdir(i,j)| , ()

where wdir(i,j) indicates wind direction at grid (i,j). If Awdir(i,j) is
larger than 180, then Awdir(i,j) is set as 360 - Awdir(i,j).

Combined with the wind speed, a total of four features are used to
characterize a frontal system. These features are calculated for
each model grid and are grouped as a feature vector. Each feature
vector is a point in the 4-dimensional feature space.

3.2 Partitioning feature space using K-means

clustering method

Each model grid is represented with a feature vector for front
detection purpose. A grid point may be a part of a frontal system
or not, depending on the values of the feature vector. It is assumed
that the distribution of feature vectors for front and non-front grids
are significantly different. Therefore, they will form clusters at
different regions of feature space. A feature vector data set is
generated using the wind field at 09/18/00Z and 09/19/00Z. The
two time steps are randomly taken and the generated data set is
assumed to be representative of all feature vectors. The feature
vector at each model grid point for the two time steps contributes
to the data set. Consequently, the feature vector data set contains
both front and non-front information in these samples. The K-
means clustering [8] is applied to the generated data set to
partition the feature space into individual clusters. The purpose of
applying K-means clustering is to identify the clusters in feature
space that represent frontal system. Since the number of cluster k
has to be supplied to the clustering algorithm, the value of k is
determined using following heuristic approach. The K-Means
clustering algorithm is applied iteratively to the data set with k
values ranging from 3 to 25. The overall root-mean-square (RMS)
error is calculated for each k value. The overall RMS error
decreases monotonically with increasing k value. The final value
of k is the one at which the decrease of relative RMS error is less
than 1%. Experiment shows that the heuristic k value for the data
set is 19 and is used in the K-means clustering. The 19 cluster
centers from K-means algorithm are shown in Table 1. A frontal
system is normally characterized by moderate to high values in
wind speed, vorticity, confluence, and wind direction variation.
As a result, the clusters 6, 7, 8, 11, and 18 are labeled as the ones
representing the features of frontal systems based on the domain
knowledge. The rest of the centers in Table 1 represent the
features of non-frontal systems.

Similar to the membership function used in the Fuzzy C-Mean
clustering [8], a membership vector M is calculated for a feature
vector based on the distance of the feature vector to each of the
cluster centers. The size of the membership vector is K and each
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Table 1. Cluster centers from K-Means clustering algorithm,
K=19. In the table, Conflu stands for confluence. ID represents
cluster ID.

1D Wind | Conflu | WDV | Vorticity Cluster
Speed | (x107) | (°) (x10°s™h Labels
(m/s)
1 5.9 -5.2 7.9 28.5 | No front
2 1.9 -6.4 35.5 -13.3 | No front
3 1.3 4.9 70.5 10.3 | No front
4 4.2 -12.2 9.3 -10.7 | No front
5 3.9 -0.7 4.7 -1.5 | No front
6 34 19.4 28.3 33.2 Front
7 5.4 52.4 35.3 105.4 Front
8 29.9 160.6 46.4 397.8 Front
9 4.8 13.8 9.2 6.2 | No front
10 11.2 -6.2 2.0 -7.0 | No front
11 9.2 21.5 8.0 54.7 Front
12 7.7 6.4 3.1 -13.3 | No front
13 5.7 -29.9 13.2 -39.8 | No front
14 6.0 1.4 6.5 -32.6 | No front
15 20.1 -254 5.3 9.2 | No front
16 8.3 2.4 2.1 -0.4 | No front
17 2.7 1.5 17.5 -12.9 | No front
18 24.0 52.9 11.9 63.0 Front
19 12.9 7.7 2.8 10.9 | No front

vector element M; represents the probability that the feature vector
belongs to the ith cluster center. The membership vector M for
feature vector V is calculated using equations 3 and 4:

©)

._(z

where N is the dimension of the feature space, K is the number of
clusters, and M; is the ith element of the membership vector.

4
Dzst(k) @

Based on the membership vector information, the probability
image is generated corresponding to the model grid. The value of
an image pixel is the probability that it belongs to a frontal system
and is determined as the summation of the membership elements
corresponding to the front clusters, that is, clusters 6, 7, 8, 11, and
18. Figure 3 shows the probability image at 09/12/00Z. Dark
pixels indicate high probabilities that they belong to a frontal
system. It is seen that regions identified as frontal systems by the
experts coincide with the grid points with high probabilities in the
image.

3.3 Detecting frontal systems using

hierarchical thresholding technique

Frontal systems are detected by applying thresholding technique
to the generated probability image. Figure 4 shows the binary
image with threshold value of 0.15 at 09/12/00Z. Clearly, the
frontal systems identified by the domain experts are observed in
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Figure 3. Probability image at 09/12/00Z. The value at each grid
represents the probability that it belongs to a frontal system.

this binary image. Applying a region growing [1] technique to the
binary image, we obtain a number of individual regions. Since the
probability values are different for different frontal systems due to
their intensity differences, it is not possible to properly detect all
frontal systems using a single threshold. If threshold value is too
low, the detected region may be too large to accurately represent
the true frontal system. If threshold is too high, a frontal system
may be broken into pieces or not be detected. For instance, the
region detected over Iceland in Figure 4 is too large for the front
identified and labeled as index 6 in Figure 1. Higher threshold is
needed to detect this front. As a result, instead of using a global
thresholding technique, a hierarchical thresholding is used in this
method. It is important to note that all the detected regions are not
the true frontal systems.

Fronts normally appear as elongated strips or curves due to their
narrow transition zones. Therefore, a region can be identified as
frontal or non-frontal regions based on its shape. Many kinds of
shape descriptors are available for shape description. In this study,
the following eight shape descriptors based on the region and its
convex hull [1] are used: 1) perimeter of the region; 2) area of the
region; 3) perimeter of the convex hull of the region; 4) area of
the convex hull of the region; 5) aspect ratio of the region, defined
as the square of the region perimeter divided by the 4 times the
area of the region; 6) the ratio of the two principle axes of the
region [3]; 7) ratio of the perimeter of the region to the perimeter
of its convex hull; and 8) ratio of the area of the region to the area
of'its convex hull. A Gaussian Bayes classifier is trained to

]
r
[ ]
“r' #
Figure 4. Thresholded binary image of the probability image at
09/12/00Z. The threshold is set as 0.15.
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Figure 5. Identified frontal systems
hierarchical thresholding technique.

at 09/12/00Z wusing

classify a region as front or non-front based on its shape
descriptor. The sample data set of shape descriptors used to train
this classifier is generated by hierarchical thresholding of
probability images. Each of the detected regions is labeled as front
or non-front based on the truth data. Frontal regions are identified
at each threshold level. If, over the same geographical region,
more than one fronts are detected at different threshold levels, the
front that shows maximum likelihood based on the Bayes
classifier is considered as the final front.

The generated data set had a total of 1045 samples with 386
samples are labeled as fronts. The generated sample data set was
randomly split into two subsets, one for training classifier and the
other for testing classifier performance. Training subset had total
of 563 samples while testing subset had total of 482 samples. The
accuracies of training and testing set are 90.2% and 91.5%,
respectively. The overall accuracy of the classifier is 90.8%.
Figure 5 shows the detected front regions at 9/12/00Z using
hierarchical thresholding and Bayes classifier.

3.4 Post processing

The potential temperature field from the model output is used to
further filter out false signatures detected during the hierarchical
thresholding process. Since significant temperature gradient is a
prominent feature of a frontal system, the standard deviation of
potential temperature (STD_PT) of an identified region is
calculated and is used to determine if it is a frontal region or not.
If the STD_PT value of a region over water surface is less than
0.9 K or the region over land surface is less than 1.5 K, the
identified frontal region from hierarchical thresholding is tagged
as a non-frontal system. The differences in potential temperature
criteria over land and water are because the temperature over
oceans is more uniform than that over land surfaces. Figure 6
shows the result of applying the temperature filters. Compared
with Figure 5, a couple of regions erroneously labeled as frontal
systems have been filtered out.

A morphological closing operation [1] is further applied to clean
up the frontal systems detected by smoothing the boundaries of
the fronts and filling the holes in the front regions. The template
size used for the closing operation is 3 x 3. The smoothed frontal
regions are then thinned using the Zhang-Suen algorithm [9] to
obtain the skeletons of the frontal systems. The skeleton of a
frontal system indicates the location center of the system.
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Figure 6. Frontal systems identified at 09/12/00Z after noise
filtering using potential temperature parameter.

4. RESULTS AND ANALYSES

The frontal system detection methodology is applied to all 31 data
sets, of which the ground truth of the frontal systems is available
from 09/12/00Z to 09/13/18Z. Figures 7a, 7c, 7e, and 7g show the
wind field and expert labeled frontal systems at the time steps of
00Z and 12Z of 09/12, and 00Z and 12Z of 09/13, respectively.
Figures 7b, 7d, 7f, and 7h show the detected frontal systems at
these corresponding time steps.

There are total of 34 frontal systems identified by the experts in
these 8 time steps. Fronts with indices 4 and 5 in Figures 7a and
7c are counted once at each time step since they are too close to
each other and are detected as a single frontal system by our
method. Our method detects 27 of the 34 frontal systems and the
detection rate is 79.4%. The major frontal system at the east coast
of the U.S., which is indexed as 1 in these figures, is precisely
detected by the method at each of the time steps. This method also
detects the other major frontal system, indexed as frontal system 9
in the figures, which moves across from the West to the East of
the U.S. In addition, this method detects this frontal system at the
early stage of its development at 09/12/00Z that was not identified
by the domain experts. Experts did not identify this front at this
time step because it is located at the boundary of the area of the
study. Front with index of 7, located at southwest of the
Greenland, is missed at 09/13/00Z, though part of the frontal
system is detected at its two adjacent time steps, 09/12/18Z and
09/13/06Z (Figures are not shown due to space limitation). The
method does not identify the front at 09/12/00Z over the north of
the Iceland, which has front index of 6 in Figure 7a. Also, the
front over the northeast of Canada, which is indexed as 8, is not
detected at time steps 09/12/06Z, 09/12/12Z, and 09/13/00Z.
However, it is identified at time steps 09/12/18Z and 09/13/06Z.
This is a weak front compared to fronts 1 and 9. The frontal
systems that are missed by the classifier are probably because of
the weak shape descriptors defining these systems. This method
also persistently detects regions over Spain and northwest of
Africa, even though there are no weather fronts identified by
domain experts over these regions. The wind conditions due to
orographical effects are most likely causing this detection. Special
treatment and additional information is needed to filter out these
false frontal systems identified over the regions.
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5. SUMMARY

An automated frontal detection methodology is developed in this
study that utilizes a number of data mining techniques. Three
feature components in addition to wind speed are derived from the
model wind field and are used to characterize frontal systems. A
K-Means clustering algorithm is used to partition the feature
space into clusters and the clusters for the frontal systems are
identified. The probability that each grid point belongs to a frontal
system is calculated based on its feature components and is used
to create a probability image. A hierarchical thresholding
technique is applied on this image to identify the frontal systems
and a Gaussian Bayes classifier is trained to help determine the
proper threshold value for a particular frontal system. Model data
fields such as temperature are used to help filtering out some of
the false frontal systems detected. Experiments results show that
our method identifies most of the frontal systems labeled by the
domain experts. It also identifies some of the systems that were
missed by the domain experts. Some of the frontal systems
identified by the automated method are false signatures.
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Figure 7 (a) — (h) Comparisons of frontal systems detected using the automated data mining method with the ground
truth frontal systems identified by the domain experts. (a), (c), (¢), and (g) show the ground truth fronts at 09/12/00Z,
09/12/12Z, 09/13/00/Z, and 09/13/12Z, respectively. (b), (d), (f), and (h) show the automatically detected frontal
systems at 09/12/00Z, 09/12/12Z, 09/13/00Z, and 09/13/12Z, respectively.
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