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Abstract

Weather is a major contributing factor in aviation accidents, incidents and delays.

Doppler weather radar has emerged as a potent tool to observe weather. Aircraft carry

an onboard radar but its range and angular resolution are limited. Networks of ground-

based weather radars provide extensive coverage of weather over large geographic regions.

It would be helpful if these data can be transmitted to the pilot. However, these data are

highly voluminous and the bandwidth of the ground-air communication links is limited

and expensive. Hence, these data have to be compressed to an extent where they are

suitable for transmission over low-bandwidth links. Several methods have been devel-

oped to compress pictorial data. General-purpose schemes do not take into account the

nature of data and hence do not yield high compression ratios. A scheme for extreme

compression of weather radar data is developed in this thesis that does not significantly

degrade the meteorological information contained in these data.

The method is based on contour encoding. It approximates a contour by a set of

systematically chosen ‘control’ points that preserve its fine structure upto a certain level.

The contours may be obtained using a thresholding process based on NWS or custom

reflectivity levels. This process may result in region and hole contours, enclosing ‘high’ or

‘low’ areas, which may be nested. A tag bit is used to label region and hole contours. The

control point extraction method first obtains a smoothed reference contour by averaging

the original contour. Then the points on the original contour with maximum deviation

from the smoothed contour between the crossings of these contours are identified and

are designated as control points. Additional control points are added midway between

the control point and the crossing points on either side of it, if the length of the segment

iv
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between the crossing points exceeds a certain length. The control points, referenced with

respect to the top-left corner of each contour for compact quantification, are transmitted

to the receiving end.

The contour is retrieved from the control points at the receiving end using spline

interpolation. The region and hole contours are identified using the tag bit. The pixels

between the region and hole contours at a given threshold level are filled using the color

corresponding to it. This method is repeated till all the contours for a given threshold

level are exhausted, and the process is carried out for all other thresholds, thereby

resulting in a composite picture of the reconstructed field.

Extensive studies have been conducted by using metrics such as compression ratio,

fidelity of reconstruction and visual perception. In particular the effect of the smoothing

factor, the choice of the degree of spline interpolation and the choice of thresholds are

studied. It has been shown that a smoothing percentage of about 10% is optimal for

most data. A degree 2 of spline interpolation is found to be best suited for smooth

contour reconstruction. Augmenting NWS thresholds has resulted in improved visual

perception, but at the expense of a decrease in the compression ratio.

Two enhancements to the basic method that include adjustments to the control

points to achieve better reconstruction and bit manipulations on the control points to

obtain higher compression are proposed. The spline interpolation inherently tends to

move the reconstructed contour away from the control points. This has been somewhat

compensated by stretching the control points away from the smoothed reference contour.

The amount and direction of stretch are optimized with respect to actual data fields to

yield better reconstruction. In the bit manipulation study, the effects of discarding

the least significant bits of the control point addresses are analyzed in detail. Simple

bit truncation introduces a bias in the contour description and reconstruction, which is

removed to a great extent by employing a bias compensation mechanism. The results

obtained are compared with other methods devised for encoding weather radar contours.
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Chapter 1

Introduction

1.1 General

Recent years have seen tremendous advances in the area of digital communication and

storage systems. However, there is a simultaneous explosion in the volume of data

generated and transmitted in various applications. This necessitates the development of

techniques for reducing the volume of the data. Many schemes have been proposed to

compress data by exploiting the redundancy therein. Imagery or pictorial data comprise

a large fraction of digital data handled today, and its contribution is expected to rise

in the coming years. Compression of pictorial data while retaining its visual content is

therefore a subject of serious research.

1.2 Compression of Digital Data

Early schemes designed for image compression were based on classical information theory.

These techniques were pixel-based and did not utilize the nature of pictorial data itself

[9]. Hence these schemes offered very low compression ratios. Lossless and lossy schemes

have been proposed to compress pictorial information [10, 11]. Lossless compression

schemes offered compression ratios of the factor of 2, while lossy schemes could offer a

factor approaching 10 at the expense of some image quality.

1
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Recent schemes exploit the human visual system to achieve higher compression ratios

without perceptually degrading the image quality [12, 13, 14]. These methods classify

parts of an image into visually significant and insignificant components and apply ap-

propriate compression techniques to these parts.

Several approaches have been proposed to identify visually important pictorial infor-

mation. Edges of objects or features within imagery have been considered to be critical

to human perception and thus convey maximum information. Many techniques have

been proposed to preserve edge information while encoding. These techniques separate

information into edge and texture and encode them independently.

Many situations demand lossless image compression e.g., medical imaging. Lossless

coding retains an image as is without any reduction of information. Certain lossy tech-

niques can be made lossless if the stage where loss of information occurs is handled

appropriately.

1.3 Ground-Air Transmission of Digital Data

Exchange of digital information between the cockpit and ground is critical for modern

flight operations. The typical information transmitted comprises:

• Near-real-time tracking and reporting of aircraft position

• Text messaging to and from the cockpit

• Air-ground-air data transmission via the data center

• Data from aircraft systems such as engine health, etc.

However, the bandwidth of ground-air data links is very limited and even when

bandwidth is available it entails significant cost. Hence information transferred over

these links is required to be highly compacted.
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Figure 1.1: Schematic showing the geometry of operation of a weather radar [1]

1.4 Basics of Weather Radar

RADAR is the acronym for RAdio Detection And Ranging. Radars use radio waves

to determine the size, strength and location of a target. Typically, transmitted radio

waves appear as a sine wave. A radar emits a coherent train of microwave pulses along a

directed beam and processes the reflected pulses or echoes to derive the parameters of the

scatterers within its detection range [15]. The volume within the radar beam sampled

at a given instant constitutes a resolution volume or bin. A radially contiguous set of

bins is termed as a radial or ray. The angle of a radial with respect to a fixed reference

(typically north) is called its azimuth. A weather radar beam generally scans circularly

at a fixed elevation angle; a set of the successive rays accumulated at an elevation angle is

called a sweep. Azimuthal scans are usually performed at a sequence of elevation angles,

resulting in a volume scan. The choice of the elevation angles, the resolution of azimuth

scan, and the number of bins depend on the type of radar used, the mode of operation,
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Figure 1.2: Schematic showing the operation of a Doppler weather radar [2].

and the intended application. Figure 1.1 shows a schematic of the geometry of operation

of weather radars.

Weather radars have been a primary source of weather information due to the ca-

pability of microwaves to penetrate cloud and rain and generate detailed and accurate

depiction of weather fields [16]. Cameras placed on satellites cannot probe the internal

structure of clouds and the hazardous phenomena embedded in weather events such as

storms.

Doppler radar is the only instrument that can remotely detect and trace winds and

measure their radial velocities. The Doppler effect can be described as the observed

change in the frequency of sound or electromagnetic waves due to the relative motions

of the source and observer [17].

The operation of Doppler weather radars is illustrated in Fig. 1.2. Doppler radar is

capable of detecting the changes in frequency resulting from the motion of atmospheric

scatterers toward or away from the radar. This is the principle behind the generation

of all velocity data products which are extremely useful to weather observers, pilots,

meteorologists and researchers. Such observations permit weather forecasters to provide

better warnings and help them in understanding the life cycle and dynamics of weather

events such as tornadoes, cyclones, microbursts, and other storm hazards.
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Table 1.1: NWS Reflectivity Thresholds

Level Reflectivity Interval dBZ Rainfall Category

1 18 - 30 Light
2 30 - 41 Moderate
3 41 - 46 Heavy
4 46 - 50 Very heavy
5 50 - 57 Intense
6 > 57 Extreme

1.5 Nature of Weather Radar Data

The composite echoes from hydrometeors constitute a weather signal. Many radar data

products are available to meteorologists. These are classified as base and derived prod-

ucts. A base product is the digital data obtained after initial processing of radar echoes

from each resolution volume. Base products are used for direct and instantaneous view-

ing of weather patterns and analyzed for significant meteorological features. Derived

products are obtained after application of meteorological algorithms to base data and

often entail significant delay or data latency.

The product legend is generally displayed alongside weather radar products. The

information typically includes the name of the product, current date and time, location,

maximum and minimum data values, range resolution, elevation angle, centre of the

display (i.e., radar location coordinates relative to display), data value range and the

corresponding color codes.

Doppler weather radars generate three important base products: reflectivity, radial

velocity and spectrum width [15]. These parameters are explained in the following sub-

sections.

1.5.1 Base Reflectivity Product

Reflectivity is a scalar parameter indicating the strength of the echo returned from a given

radar bin, and is used as a measure of the intensity of the instantaneous precipitation rate
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Figure 1.3: Sample reflectivity field

at the location [16]. The reflectivity factor Z has a very large dynamic range and hence

it is normally represented in decibels dBZ. A sample radar reflectivity field is shown in

Fig. 1.3. The reflectivity intervals depict various levels of rainfall intensity. Table 1.1

shows the classification of reflectivity intervals for various levels of rainfall activity as

specified by the U.S National Weather Service (NWS) [18].

1.5.2 Base Velocity Product

Weather radar captures the radial component of wind velocity relative to the radar,

commonly called radial velocity. In the base velocity product, inbound and outbound

velocities are assigned negative and positive signs respectively. A true wind velocity

vector can be constructed when base velocity data from three or more non-collinear

radars are available at a given point [19, 20]. Products derived from velocity provide

exact location of high wind speeds, wind shear and microburst activity, and also help

predict their movement. This helps Air Traffic Controllers (ATC) to anticipate hazards,

and aids in managing airfield and terminal area traffic. Fig. 1.4 shows a sample radial
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Figure 1.4: Sample radial velocity field

velocity field.

1.5.3 Base Spectrum Width

Spectrum width is a measure of radial velocity dispersion among scatterers in spatial

of scales upto the dimensions of the resolution volume. It provides a measure of the

variability of the radial velocity estimates primarily due to turbulence, with contributions

from wind shear, insect/bird movement, etc. It is commonly used to estimate turbulence

associated with thunderstorms and mesocyclones. Fig. 1.5 shows a base spectrum width

display.

1.5.4 Display Formats

Visualization of 3-D weather radar data is important for analysis and interpretation [21].

Volume scan data are generally spatially sparse since certain elevation angle intervals
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Figure 1.5: Sample spectrum width field

are usually skipped during the scan cycle in order to perform the volume scan within

reasonable time limits. Further, the tangential distance between the centroids of resolu-

tion volumes in successive radials in a scan increases with the range, effectively reducing

the spatial resolution. Since display formats have at best two dimensions, 3-D data are

commonly visualized by taking appropriate planar cross sections. Three popular planar

display formats of weather radar data are briefly explained in the following sections.

1.5.4.1 Plan Position Indicator

Since radar generates data along radials, each of which is along a distinct azimuth,

individual resolution volumes within the radar’s field of view are readily designated in

(r,θ) coordinates. A convenient and highly informative display is therefore achieved by

depicting a radar-derived parameter corresponding to the resolution volume in the same

(r,θ) coordinates about a designated ‘origin’ on the display. Such a display is known

as Plan Position Indicator (PPI) and effectively displays a plan view of the distribution
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Figure 1.6: Schematic of CAPPI generation. O is the centre of the Earth, D is the radar
location on the surface, and E is a point vertically above the radar.

of radar scatterer parameters in an area around the antenna. The parameter displayed

on a PPI may be any of the base or derived radar products. On a color display the

parameter is usually color-coded while on a monochrome display the modulation is in

terms of intensity or gray scale.

Radar scan data may be converted to a 2-D format appropriate for presentation in

polar coordinates with respect to a radar location. In a centered PPI mode, the antenna

location is mapped at the center of the circular area of the display. In an offset PPI

mode, the antenna location is represented at a distance from the center of the display

area. The offset may in general have both x and y components. Figures 1.3, 1.4, and 1.5

show the PPI displays of the three base parameters corresponding to the same weather

scene.
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Figure 1.7: Sample CAPPI display of reflectivity

Figure 1.8: Sample CAPPI display of velocity
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Figure 1.9: Schematic showing need for multiplanar offset RHI along a flight path

1.5.4.2 Constant Altitude Plan Position Indicator

At all beam elevation angles other than zero, an increasing range (distance from radar)

also means a greater height with respect to the radar location. In order to display

weather at a constant height, a Constant Altitude Plan Position Indicator (CAPPI)

display may be synthesized from the volume scan data [22]. For CAPPI display, a

horizontal slice is taken through the radar volume scan data, i.e., the display parameter

data are retrieved from the 3-D scan data at a constant altitude above the earth’s surface

(Fig. 1.6). These 2-D constant-altitude data are presented in polar coordinates on a

computer display, paper printout, or any other surface. Since there are significant gaps

between the intersections of the CAPPI surface (designated horizontal surface at which

CAPPI data are extracted) with the actual radar scan surfaces (cones generated by the

scanning radials), an appropriate algorithm is used to fill in the data over these gaps.

Sample CAPPI displays for reflectivity and velocity parameters are given in Fig. 1.7 and

Fig. 1.8 respectively.

1.5.4.3 Range Height Indicator

Aircraft flight paths can be represented as straight lines or curves (typically straight-

segmented) on a PPI or a mosaiced PPI (Fig. 1.9). Such a plot enables the visualization

of the expected weather along flight paths planned to be flown by pilots. Because flight
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Figure 1.10: Schematic of radial RHI generation

Figure 1.11: Sample radial RHI synthesis

operations cover a range of altitudes, information on the vertical variation of weather

parameters is important for aviation. However, PPI displays are incapable of depicting

the vertical dimension of weather fields. To display the vertical structure of weather,

a common format employed is the range height indicator (RHI) which shows the radar

data along each azimuthal direction as the beam sweeps through various elevation angles

in a vertical plane (Fig. 1.10).

The conventional RHI depiction essentially represents a vertical section of the 3-D

weather field through the radar location (Fig. 1.10). However, in practice an aircraft

flight path may have any general orientation and offset with respect to a given radar.

A long flight path would typically consist of multiple straight segments each of random

heading and length (Fig. 1.9). It is extremely useful to pilots, controllers and aviation

meteorologists to be able to see displays of weather parameters along a vertical surface

passing through the aircraft flight path. Accurate and efficient schemes for the generation

of such displays have been designed [23]. Figure 1.11 shows a sample radial RHI picture.
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1.6 Need for Extreme Data Compression

Because of the strong role played by weather on aviation, weather surveillance systems

are an integral part of aviation infrastructure [24]. The Doppler Weather Radar (DWR)

[15, 16] is a potent tool for obtaining accurate and high-resolution weather data which

can be used by pilots and meteorologists for hazard assessment and flight planning.

Extensive 3-D weather data are generated by numerous ground-based radars such as

the US WSR-88D network and similar radars installed or planned in other areas of the

world. To be useful to the pilot, these data must be transmitted to the cockpit in real

time via air-ground communication links. Most large aircraft also carry weather radars

on board which provide a view of the local weather at the flight altitude. These data

may be transmitted to the ground via air-ground links for viewing by meteorologists and

also for integration with ground radar and other meteorological data.

Bandwidth is a premium resource for data transmission between ground and air-

craft. Since DWR data is inherently voluminous, its transmission over such links is

very expensive, if possible at all. It also generally involves significant data latency when

transmitted over commonly available links. It therefore becomes necessary to compress

radar-generated weather pictures as far as possible for transmission to and from aircraft.

Airborne weather radars have become more powerful and versatile in recent years.

They are now fitted on most large and many medium aircraft. With Doppler capability

(in addition to rainfall detection and estimation) and significant range of observation,

they can act as independent sensors for detecting hazardous weather infront of the air-

craft. Specifically, they can sense and estimate the severity of rain and hail, wind shear,

and turbulence in a sector in front of the aircraft. However, by the very nature of airborne

radars and certain constraints imposed by airborne operations, a stand-alone airborne

weather radar has the following limitations:

1. Relatively limited range, due to limits on onboard power and antenna size (power-

aperture product)

2. Limited angular coverage, confined to a sector ahead of the aircraft. A more
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complete picture may be desirable under certain conditions, e.g., maneuvers.

3. Relatively wide beam (e.g., 30 cone in case of Honeywell RDR-4B airborne radar,

compared to <10 for ground-based WSR-88D), resulting in poorer angular resolu-

tion, which translates to poorer absolute (spatial) resolution at longer ranges.

4. Relatively high frequency of operation (typically X-band, i.e., transmitted wave-

length of the order of 3 cm, as in the case of Honeywell RDR-4B), causing rapid ab-

sorption of electromagnetic energy by rain. Absorption reduces the storm penetrat-

ing power of the radar beam, resulting in underestimation of reflectivity (rain/hail

intensity) deep inside storms. In extreme cases, deep interiors of large storms or

entire storm cells in the lee of large and heavy rain patches may not be detected

at all.

5. The high operating frequency also proportionately aggravates the range-velocity

ambiguity problem whereby the radial velocity is folded and appears to be much

lower than its actual value if a useful unambiguous range is desired. Compared to

ground-based long-range weather radars which typically operate at 10 cm wave-

length, the ambiguity problem is over 3 times worse, i.e. for a given unambiguous

range of operation, the unambiguous velocity will be over 3 times less, and vice

versa. For this reason the Honeywell RDR-4B airborne radar has a maximum range

of 40 nm for turbulence observation and even less for wind shear detection.

6. Degraded ability to observe and estimate the parameters of hazardous weather

(rain rate, wind shear, turbulence) close to ground, where such observation is of

critical importance.

7. Ability to observe only the radial component of the wind relative to the aircraft.

Cross-components of the wind will be missed by the radar.

8. Corruption of wind velocity and turbulence estimates by navigational errors and

aircraft body motions. This is especially significant for small and less sophisticated

aircraft.
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These limitations notwithstanding, airborne radar data has some advantages over

ground-based weather radar data, which itself is of high quality and is often integrated

(mosaiced) over national or regional scale radar networks. The advantages are:

1. Proximal View: the airborne radar has opportunity to see the weather from close

quarters, which is a distinct advantage, especially if the aircraft is flying far away

from ground radars

2. Flight-level Observation: The airborne radar observes weather as it exists at the

flight altitude. The ground radar (network) often has a spatially sampled view of

the weather at altitude, with a constant-altitude picture (CAPPI) generated by

data synthesis.

3. No-break Observation: Ground radars usually have blind zones overhead, which

may extend to tens of kilometers at the flight altitude in case of normal long-range

radar scan cycles. Airborne radars, in contrast, continuously observe the weather

ahead.

4. Turbulence Detection: Airborne radars have short range capability for turbulence

detection, but ground radars also have limitations in detecting turbulence (though

their range is more than that of airborne radars). Hence airborne observation of

turbulence can usefully supplement observation by ground radars.

In summary, airborne radar provides useful local weather data at the flight scene,

while the ground radar (network) provides accurate, reliable and extensive weather pic-

ture. It is useful to be able to combine data from both types of radars. There is need

for two-way transmission as follows:

Ground-Air Transmission (Data Uplinking): Availability of ground-based weather

radar data / images / mosaics in the cockpit enables the pilot to be aware of the larger

weather scenario and helps him/her to plan route changes and take evasive action in

advance. This transmission mode will be especially important in the emerging free-flight

scenario where the pilot is expected to have complete situational awareness. For aircraft



Chapter 1. Introduction 16

without on-board radar, ground-transmitted radar data are the only source of real-time

pictorial weather information for the pilot.

Air-Ground Transmission (Data Downlinking): The availability of airborne radar

data on the ground and its fusion with ground radar data helps in creating composite

pictures of greater current utility to aviation. Airborne radar data can fill in gaps in

ground radar coverage, provide data of higher resolution (than ground radar alone) over

terminal areas and along flight paths, and improve the quality of flight-altitude weather

data. Data from radar-equipped aircraft can aid the flight of small aircraft (without

weather radar) immediately preceding or following them.

Transmission of raw weather radar data, however, is bandwidth-intensive. At present

and into the foreseeable future, bandwidth is and will remain a premium resource in air-

ground and ground-air links. This limitation all but precludes the up/downlinking of raw

weather radar data. In view of the above-listed advantages of such data transmission, it

is necessary to process the data carefully to be able to transfer its maximum information

content within the limited bandwidth available or affordable. This constitutes the goal

of this thesis.

1.7 Approach to Extreme Data Compression

General-purpose digital data compression methods lend themselves for ready use in re-

ducing weather data bandwidth. However, the compression factors achievable by such

methods are not adequate to accommodate Doppler weather radar data within the avail-

able bandwidth for real-time transmission. It is therefore necessary to take into account

the nature of these data, their mode of usage, and their intended application to achieve

very high compression ratios. Such an approach is taken in this thesis.



Chapter 1. Introduction 17

1.8 Scope of the Thesis and Organization

An extreme compression scheme for weather radar data that achieves compression ratios

over an order of two is presented. This method, based on contour encoding, extracts

control points from the contours of the imagery and transmits them to the receiving end.

A B-spline interpolation is used to reconstruct the contours from the control points.

Enhancements to improve the compression ratio and quality of reconstruction are also

presented.

The thesis is organized as follows. Chapter 2 summarizes some of the general purpose

image compression schemes and prior work on weather radar data compression. An

overview of the techniques used in this work is given in chapter 3. The basic scheme

for encoding weather radar data is discussed in chapter 4. The method is extensively

studied and the observations are presented in chapter 5. Enhancements to the basic

method are explained in chapter 6. Finally, conclusions are drawn in chapter 7 along

with suggestions for future work.

1.9 Summary and Conclusion

Weather is a critical factor affecting the operation of flights. The network of ground-

based weather radars provide detailed weather picture and it will be helpful if these data

are transmitted to the cockpit. The basic operation of weather radars and parameters

of data captured by them are explained. Various display formats for these data are

presented. The need for compressing these high-voluminous and information-rich data

by high orders is discussed in detail.
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Literature Survey

2.1 Introduction

Compression of images, besides being lossless or lossy may also be classified as trans-

form-based and non-tranform-based. The choice of a particular compression scheme

depends on the application. For example, lossy methods may not be helpful in com-

pression of handwritten scripts as any degradation may impede character recognition.

However, lossless methods do not in general permit high orders of compression. General

lossy methods, though offering higher compression, are also limited in their performance.

Hence lossy methods that exploit the psychovisual redundancy of an image have been

devised over the years to achieve even greater compression. A broad overview of image

compression methods can be found in [10, 11].

2.2 Lossless Compression

Lossless compression schemes are based on principles of information theory. The entropy

of an information source S as defined by Shannon is

H(S) =

n
∑

i=1

pilog2

(

1

pi

)

(2.1)

18
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where pi is the probability that a symbol Si in S will occur. H(S) is the lower bound

on the bit-rate that can be achieved with any lossless compression method. The term

log2(
1
pi

) denotes the number of bits needed to code Si.

2.2.1 Huffman Coding

Huffman coding has been shown to the achieve minimum bit-rate among the entropy

encoding algorithms [25]. This method uses a variable-length code for encoding a source

symbol based on the estimated probability of occurrence of each possible value of the

source symbol. It uses a particular method for choosing a bit representation for each

symbol, which results in prefix-free code (i.e., the bit string for a particular symbol is

never used as the initial part of the bit string for any other symbol). It assigns shorter

and longer strings to frequently occurring and less frequent source symbols respectively.

The efficiency of Huffman coding depends strongly on a good a priori estimate of the

probability of each input symbol. Several variations of this method namely adaptive,

limited-length, template, n-ary etc. have been proposed [26, 27].

2.2.2 Run-length Encoding

The run-length encoding (RLE) scheme stores runs of data (i.e., sequences in which the

same value occurs in successive data elements) as a single data value and count instead

of the original run. This method is very useful for encoding graphic images and binary

images, e.g., transmission of data in facsimile machines. However, this method is not

well suited for continuous-tone images such as photographs.

2.2.3 Lempel-Ziv-Welch Method

The Lempel-Ziv-Welch (LZW) method generates a string translation table from the data

being compressed [28]. This table maps fixed-length codes to strings. First, the string

table is initialized with single characters. Next, the method examines the text, character
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by character, and stores every unique two-character string into the table by code con-

catenation: The code is mapped to the corresponding first character which is displayed

when each two-character string is stored. This scheme is repeated for incremental string

lengths (i.e., three, four and so on). The decoding scheme uses the compressed data as

input and builds an identical string table from the compressed data as it is recreating

the original data. This method is designed for fast implementation, but does not analyze

the input data and hence may not offer optimal performance.

2.3 Lossy Compression

Certain lossy compression schemes take into account the human visual system to achieve

higher levels of compression [29]. These systems are usually evaluated by the perceptual

quality. Hence, the features that have higher impact on psychovisual perception are

given priority. These techniques can be broadly classified as transform-based and non-

transform-based.

2.3.1 Transform based Compression

Transforms decorrelate the image data and represent it in a compact form suitable for

efficient encoding. They better preserve subjective image quality, and are less sensitive

to statistical image property changes.

2.3.1.1 Karhunen-Loeve Transform

An optimal transform is the one that minimizes the distortion between the original

and reconstructed images. This transform is the Karhunen-Loeve Transform (KLT)

[30, 31, 32]. KLT is a linear transformation that maps a sample of points in L-dimensional

space into another orthogonal space that exhibits the property of the sample most clearly

along the coordinate axes. The sample variances are the extrema along the new axes

and are uncorrelated. KLT uses the dispersion matrix calculated as
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cij =
1

N

∑

[(xi − µi) (xj − µj)] (2.2)

where xi is the ith component of the point coordinates, µi is ith component of the mean

of the sample, and the sum is over the N points of the sample. The eigenvectors and the

eigenvalues of this matrix correspond to the principal axes and the variance along each

one of them respectively. KLT reduces the dimensionality by discarding less significant

eigenvectors and thus achieves compression.

KLT, however, is highly data-dependent and does not permit fast implementation. It

also requires the knowledge of the second-order statistics of an image. Since this is not

always available, sub-optimal techniques that approximate KLT have been developed

[33].

2.3.1.2 Discrete Cosine Transform

The discrete cosine transform (DCT) converts a signal into elementary frequency com-

ponents [34, 35]. The two-dimensional DCT is a sequential extension of one-dimensional

DCT, i.e., the one-dimensional DCT is applied to each row and then to each column of

the result. This transform for a two-dimensional sequence f(x, y) of size N ×N is given

by

C(u, v) = α(u)α(v)
N−1
∑

x=0

N−1
∑

y=0

f(x, y)cos

[

π(2x+ 1)u

2N

]

cos

[

π(2y + 1)v

2N

]

(2.3)

for u, v = 0, 1, . . . , N -1 where

α(u) =











√

1
N

for u = 0
√

2
N

for u 6= 0

(2.4)

The two-dimensional DCT is called separable since it can be computed by applying one-

dimensional transform independently to the rows and columns. The image is retrieved

by applying the inverse DCT (IDCT) as:
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f(x, y) =

N−1
∑

u=0

N−1
∑

v=0

α(u)α(v)C(u, v)cos

[

π(2x+ 1)u

2N

]

cos

[

π(2y + 1)v

2N

]

(2.5)

for x, y = 0, 1, . . . , N -1.

DCT is an orthogonal transform and offers excellent decorrelation and energy com-

paction. For this reason it is chosen in the popular JPEG standard for image compression

[36]. Instead of applying the DCT to an entire image, it is usually applied to separate

n×n blocks of an image; this is commonly called blocked DCT. JPEG, for example, uses

blocks of 8 × 8 pixels. However, blocking in DCT introduces certain artifacts.

2.3.1.3 Discrete Wavelet Transform

The Discrete Wavelet Transform (DWT) offers a multi-resolution representation of an

image. It uses two basis functions φj,k(t) and ψj,k(t) to decompose an image. The

function φj,k(t) is a basis for vector space Vj where Vj = Vj−1 +Wj−1. ψj,k(t) is a basis

for Wj−1, where Wj−1 is the difference signal lost in moving from a finer scale to the

next coarser scale. The input signal x(t) in Vj can thus be expressed as

x(t) =
∑

k

cA0(k)φj,k(t) (2.6)

=
∑

k

cA1(k)φj−1,k(t) +
∑

k

cD1(k)ψj−1,k(t)

The coefficients A0(k) at scale j are analyzed to produce two sets of coefficients A1(k)

and D1(k) at scale j− 1 and this step is commonly referred to as wavelet analysis or de-

composition. The inverse procedure reconstructs A0(k) using the two sets of coefficients

A1(k) and D1(k) and this process is termed as wavelet reconstruction or synthesis.
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2.3.2 Non-transform based Compression

2.3.2.1 Vector Quantization

Vector Quantization (VQ) is a classical method of image compression and is based on the

principle of block coding [37, 38, 39]. The input to a VQ is a set of m× n image blocks.

The goal of VQ is to design a codebook consisting of codevectors that can faithfully

represent an image. The design of a codebook is not unique and several methods have

been proposed for this purpose. VQ exploits the linear and non-linear redundancies

inherent in an image and is optimal among block encoding schemes. However, the

computational and memory complexity of VQ increases with the size of the codebook

and the dimensions of the codevectors. Several schemes have been proposed to reduce

these costs [40, 41, 42].

In its initial days, the design of a vector quantizer was considered to be a challenging

problem as it required multi-dimensional integration. The use of a training sequence for

VQ design was proposed by Linde, Buzo and Gray [43] thereby eliminating the need for

multi-dimensional integration. Since then several variants of VQ have been proposed.

2.3.2.2 Shape Encoding

Shape is a concept which is widely understood and yet difficult to define [44, 45]. Shape

can be considered to be a function of the position and direction of a simply connected

curve. In a two-dimensional field, every point on a simply connected curve has at most

two neighbors that lie on the curve. The coding of shape involves encoding its boundary

and/or the pixels that lie inside it.

The boundary of a shape has to be detected before coding can be performed. This is

commonly obtained by either edge detection or segmentation. Further, the shape has to

be described in mathematical terms, and this definition is application-dependent. Shapes

in general are stored for two primary purposes – recognition and data compression. For

recognition purposes, it is enough to employ a description that is sufficient to distinguish

a given shape from similar ones within the competing family. However, it is not necessary
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Figure 2.1: A typical lossy image encoder

to be able to reconstruct the original shape from its description [38]. In the case of data

compression, it is essential to faithfully reconstruct the original shape from its compact

representation.

Lossless or lossy encoding methods may be employed depending on the application.

Chain coding is a convenient way for lossless representation of a boundary. Shape descrip-

tors may be classified as either internal or external depending on whether they encode

the area inside the boundary or the boundary itself. Object encoding in MPEG-4 uses

both these modes of compression [46].

2.3.3 Hybrid Methods

The current generation of image compression schemes employs a combination of the

methods described in the previous sections to achieve maximum compression with min-

imum degradation in quality. These systems comprise three steps, namely, signal de-

composition, quantization and lossless coding, as shown in Fig.2.1. The goal of signal

decomposition is to decorrelate the signal and concentrate the energy into a few coef-

ficients. The quantization step represents the decomposed coefficients with a relatively

small number of symbols. This step is typically lossy (nonlinear and noninvertible). The

lossless compression step minimizes bit requirements by assigning codewords with a few

bits to more likely symbols and more bits to less probable symbols.

KLT, DCT and DWT are commonly used techniques for signal decomposition. Meth-

ods such as scalar quantization and vector quantization are generally used for the quan-

tization process. Huffman coding and LZW are popular choices for lossless compression.

The JPEG standard [36] uses DCT while the more recent JPEG-2000 [47] is based on

DWT. VQ is a favored choice to encode subband coefficients [48, 49, 50, 51].
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2.4 Encoding of Weather Radar Data

General purpose image compression methods may not be suitable to encode weather

radar pictures, especially for transmission over low-rate data links and high-density

archival. These methods do not take into account the specific characteristics of the data

and hence may not yield the desired compression ratios for such applications. Higher

compression ratios can be achieved if the nature of the data and their utilization scenario

are factored in effectively during the encoding process. Attempts have therefore been

made to devise effective schemes to compress weather radar data. These include several

lossless and lossy methods [52, 53, 54].

It is common to represent weather radar reflectivity data in binary form using certain

threshold values. Meteorologists, airline pilots and air traffic controllers are trained to

interpret these thresholds or contoured displays in order to infer weather phenomena

and their hazard potential. Further, thresholding imparts a certain degree of neatness to

weather radar imagery which otherwise often present a randomly granular or cluttered

texture.

The contours of these binary regions may be encoded for further compression gain. A

contour and its associated threshold are sufficient to construct a binary image. Once the

contour is delineated the region inside the contour can be filled with a color corresponding

to the threshold value. Compression of a thresholded image consists of extracting only

that information of a contour which is necessary to represent it with a chosen level of

fidelity. Weather data contours are generally extremely random and these undulations

need to be maximally preserved in the encoded and reconstructed data besides the major

areas of the contours. Two methods have been recently proposed in the specific context

of encoding weather contours. These are based on polygon-ellipse representation [55] and

polygonal approximation [56]. The polygonal approximation scheme identifies contiguous

straight line segments of a contour, the end points of which are termed vertices. Only

the vertices need to be transmitted to the receiving end. The polygon-ellipse method

approximates a contour using straight-line segments and elliptical arcs.

Weather imagery contours in general display rapid and random undulations of various
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scales. Polygonal and polygon-ellipse approximations may not be ideal for modeling such

erratic contours. This thesis takes a different approach to the contour encoding and

retrieval problem which, in principle, is capable of capturing more generalized contour

shapes while yielding high compression ratios.

2.5 Summary

Many schemes for image compression have been proposed in the past. These methods

exploit the spatial redundancy in images to achieve compression. The psychovisual in-

formation present in an image should be preserved for faithful reconstruction. Many

hybrid schemes that use a transform(s) followed by a quantization procedure are embed-

ded in image compression standards. A summary of the important methods for image

compression has been presented in this chapter. It is inferred that while general-purpose

compression schemes can yield only modest to moderate degrees of compression, the

limited number of schemes developed for encoding weather radar imagery may have lim-

itations in capturing the random fine structure present therein. This gives rise to the

need for developing alternate and more versatile compression schemes for compressing

weather radar imagery. This forms the focus of the work presented in the thesis.
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Background

3.1 Introduction: Contour Tracing

This chapter explains some of the techniques used in this work for compressing weather

radar data. A review of general purpose contour encoding algorithms is also included.

A contour in an image is the locus of points on which a certain parameter, e.g., inten-

sity or color value, remains constant. It may also represent a sharp or rapid transition

of a given parameter.

In digital images the process of extracting boundaries of patterns is called contour

tracing. It is also known as boundary tracing or boundary following. The boundary of

a given pattern is the set of its border pixels. The boundary pixels may be classified as

4-border pixels (Fig. 3.1(a)) and 8-border pixels (Fig. 3.1(b)). Mere identification of

the boundary pixels of a pattern is not sufficient for contour processing. It is necessary

that an ordered sequence of the boundary pixels be obtained. In addition, the nature of

the boundary, i.e., what it encloses, may be necessary for further processing steps such

as retrieval of the image.

27
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(a) (b)

Figure 3.1: Schematic showing (a) 4-connectivity and (b) 8-connectivity. The central
black pixel is the pixel of current interest and the gray pixels are the neighboring pixels
considered.

3.2 Contour Extraction

Contour tracing is a common preprocessing step applied to digital images to extract in-

formation about their general shape. Different characteristics of a contour (e.g., aspect

ratio, perimeter etc.) may be used as features for pattern classification. Incorrect extrac-

tion of a contour leads to inaccurate feature points which may hinder proper classification

of a given pattern. Features of a pattern can be extracted directly from the input image.

However, the pixels on the contours of an image represent a small subset of the total

number of pixels representing a pattern. Applying a feature extraction method based

on a contour is usually much more efficient than performing the same on the original

pattern. Contours retain much of the significant information about a pattern and hence

feature extraction methods that operate on them will be generally accurate. Hence it

may be said that contour tracing is an essential contributor to any feature extraction

process. Several methods have been proposed for tracing contours.

3.2.1 Single Contour Techniques

3.2.1.1 Square Tracing Algorithm

The square tracing algorithm is one of the early methods to extract the contour of

a binary image. Given a digital pattern consisting of a group of black pixels on a
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Figure 3.2: Schematic showing progress of the square tracing algorithm [3]

Figure 3.3: Schematic showing progress of the Moore-neighbor tracing algorithm [4]

background of white pixels, the scheme first identifies a black pixel and designates it to

be the start pixel. Next, motion is initiated along a given cardinal direction (i.e., along

x or y). While moving forward, the method turns in the left (right) direction every time

a black (white) pixel is encountered (Fig. 3.2). This process is repeated till the start

pixel is revisited. The black pixels traversed will be the contour of the binary pattern.

The major weakness of the method is that it misses pixels lying diagonally with respect

to a given pixel.

3.2.1.2 Moore-Neighbor Tracing

The Moore neighborhood of a pixel is defined as a set of 8 pixels which share a vertex or

edge with that pixel (Fig. 3.1(b)). This scheme also finds a black pixel and labels it as

start pixel. The method then traverses the binary pattern in clockwise or anti-clockwise



Chapter 3. Background 30

Figure 3.4: Schematic showing progress of the radial sweep algorithm [5]

direction. Every time a black pixel is found, the scheme backtracks i.e., goes to the

white pixel that was previously hit. Then it goes around the black pixel in a clockwise

direction, visits each pixel in its Moore neighborhood, until a black pixel is hit (Fig.

3.3). This process is terminated when the search returns to the start pixel. The main

drawback of the method is the lack of an efficient stopping criterion. If this criterion is

based on visiting the start pixel for a second time, the method will fail for a large variety

of patterns.

3.2.1.3 Radial Sweep

Radial sweep is a popular algorithm for tracing contours [57]. This method also locates

a black pixel first and tags it to be the start pixel. The method designates the latest

boundary pixel located during the tracing operation as the current pixel P. An imaginary

line segment is drawn between P and the previous boundary pixel (Fig. 3.4). This

segment is then rotated about P in a clockwise direction until it hits a black pixel in

the Moore neighborhood of P sequentially. It should be noted here that rotation of

the segment is identical to checking each pixel in the Moore neighborhood of P. Two

stopping criteria are commonly used to terminate the algorithm. The first criterion

terminates the algorithm when the start pixel is visited for the second time. However,

the performance of the algorithm is greatly enhanced when the second criterion is used,

with the following two conditions:
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Figure 3.5: Schematic showing the three frontal search pixels in Theo Pavlidis’ algorithm
[6]

1. The current boundary pixel P i has appeared before, i.e., it has occurred previously

as pixel P j where j < i

2. P i−1 = P j−1

3.2.1.4 Theo Pavlidis’ Algorithm

Theo Pavlidis’ algorithm [58] is one of the recent methods designed for contour tracing.

The method first identifies a start pixel on the binary pattern such that its left adjacent

pixel (relative to a certain direction of assumed motion along x or y direction) is not

black. The scheme then considers three pixels: the one in front of it, P1, and the pixels

adjacent to it on the left and the right, designated as P2 and P3 respectively (Fig. 3.5).

The method first checks if P1 is black and if true, it is declared as the current boundary

pixel. If P1 is not black, then the method finds if P2 is black and if so, tags it to be the

current boundary pixel. If both P1 and P2 are not black and if P3 is black, the scheme

designates it to be the current boundary pixel. If all the three pixels are white, the

scheme considers the set of 3 pixels in front of the current pixel obtained after rotating

clockwise by an angle of 90o. If this process is repeated three times and still the next

boundary pixel cannot be located, the scheme designates the current boundary pixel

to be an isolated one, and the search process stops. The other, and more deliberate,

stopping criterion checks if the start pixel is hit for the second time. The method works
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Figure 3.6: Schematic showing a pattern containing pixels (P1, P2, P3, P4) that are
8-connected but not 4-connected [7]

very well for 4-connected patterns (Fig. 3.1(a)) but fails for 8-connected patterns that are

not 4-connected (Fig. 3.6). This can, however, be overcome by modifying the algorithm

in two ways. The stopping criterion can be applied when the start pixel is visited for a

third or even the fourth time. Another criterion is that the start pixel can be identified

by using a designated procedure [58].

3.2.2 Multiple Contour Technique

The schemes discussed in the previous subsection do not trace all the contours in a binary

image. The multiple contours traversal scheme described in [58] may be used for this

purpose. The algorithm assumes that an external contour obtained by using a contour

tracing method is placed in a queue Q. The availability of both x and y coordinates and

the chain code values is also assumed. It marks the pixels belonging to the contour on

the picture during the traversal process. The method assumes that the pixels of the

region (defined in Sec. 4.2.1) are marked by 1 and those not in the region are marked

by 0. The pixels on the contour are incremented by 1 during the tracing process, i.e.,

the pixels of the contour will have values 2 or greater at the end of tracing. The method

utilizes these values when the interior of the region contour is searched for holes. The

method avoids searching the picture outside the region of interest in an efficient manner.

The contents of the queue Q containing the pixels of the external contour are ex-

amined by removing one pixel at a time from it. If the current pixel is located on a
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downward arc, the search is conducted to the right. These pixels are characterized by

the chain code values: the previous element of the chain code must have values 4 to 7

while the next element should be in the range 5 to 7. However, the problem becomes

complicated when there are pixels common to both the external contour and hole con-

tour(s) inside it. To solve this problem, the search is carried out in the x-direction from

the current pixel by examining the triplets of successive pixels A, B, and C. If A is 0,

and B is 1, or if A is 0, B is 2, and C is 0, then B is used as the starting pixel for tracing

hole contour and its pixels are appended to queue Q; upon returning from this step the

search continues to the next pixel. Else if A is 0, B is greater than 2, and C is zero, or if

A is 1, B is 2, and C is zero, then the search continues to the next point. This procedure

is repeated till the queue Q is empty.

3.3 Contour Encoding methods

3.3.1 General Contour Encoding Methods

Several methods have been proposed for encoding contours. These may be broadly

classified depending on whether they operate on the chain code values (Fig. 3.7) or

the original contour points. A further classification is possible depending on whether

they use curvature or any other criterion. Many of these methods detect dominant (also

known as key or corner) points on the contours. The dominant points are transmitted to

the receiving end, where they are joined using an appropriate interpolation mechanism.

The common interpolation methods are linear segments, splines, and circular arcs. The

dominant point detection schemes identify points such that the chosen interpolation

method(s) yield(s) good reconstruction.

3.3.1.1 Chain Code Based Encoding

An early scheme proposed in [59] detects sharp corners in a chain-coded plane curve. A

corner is defined as the chain node to which an identifiable discontinuity in the mean

curvature of the curve can be associated. The method is based on the measurement of
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Figure 3.7: Schematic showing chain code

mean slope at every point of the curve. The mean slope is computed by the smoothing

the local slopes obtained over a certain length of the curve. A corner is characterized

by the presence of two runs of points at which the mean slope is below a threshold,

separated by a run of the appropriate length over which the curve makes a significant

turn.

A contour coding scheme based on the decomposition of the original chain code into

a smoothed code and its difference code is presented in [60]. Suitable schemes are used

to encode each of the decomposed data. The smoothed data consist of longer straight

line segments compared to the original one, and an appropriate fixed or variable-length

coding scheme is employed.

A simple algorithm for detection of significant vertices for polygonal approximation

of chain-coded curves is proposed in [61]. Four propositions are suggested to identify

these vertices: 1) No change in chain codes from the ith link to i+ 1th link implies that

the vertex is not a significant one. 2) If the absolute value of the difference between

chain codes of the ith and i+1th links is 4, then it is significant. 3) If the chain codes for

the ith and i + 1th links are such that the angle between the links is less than or equal

to 90o, then the vertex is significant. 4) If the chain codes for the ith and i + 1th links

are such that the angle between the links is obtuse, then no immediate conclusion can

be made and further steps are performed.

3.3.1.2 Curvature Based Encoding

A curvature based scheme for detecting dominant points is presented in [62]. This

method addresses two major problems associated with dominant point detection on
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digital curves – the precise definition of discrete curvature and the determination of

the region of support for the computation of curvature. The region of support for each

point is determined based on its local properties. Once the support region is determined,

various measures of significance for each point are computed accurately and the dominant

points are detected by a process of non-maxima suppression.

A method based on k-cosine is proposed in [63] to determine the region of support and

detection of significant points. A measure of significance based on k-cosine is proposed.

The procedure detects both maximal and minimal curvature points. A minimum curva-

ture point that falls within the region of support of a curvature maximum is discarded

while the maximal point is retained. The region of support implicitly fits a circular arc

in the neighborhood of each point.

A method of fitting circular arcs to a digital curve is presented in [64]. A Gaussian

filter is used to suppress noise and quantization error of the curve. An adaptive smoothing

scheme is used in order to avoid the drawbacks due to large and small standard deviation

values. A breakpoint is detected by calculating the curvature function of the smoothed

curve, then taking the absolute value of derivative of the curvature function, and finally

detecting the local maximum of the resulting function. Properly designated circular arcs

are used to join successive breakpoints.

3.3.1.3 Polygonal Approximation

A generalized encoding scheme for two-tone (e.g., black-and-white) image contours is

presented in [65]. This method detects digital line segments on the contour and encodes

them using codewords of fixed or variable length. The conventional contour run length

coding using 8- or 4- direction chain code is shown to be a special case of this scheme.

An efficient globally optimal approximation algorithm to find dominant points is

described in [66]. It finds an endpoint bounded polygonal curve such that the sum of

the errors over all its edges is minimum. A recursive formulation of this problem is

presented and a solution is derived using dynamic programming. It is shown that any

error measure can be used with the algorithm.
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A split-and-merge method for polygonal approximation is proposed in [67]. The

accuracy of this class of methods depends on the tolerance, i.e., the error threshold

value. An adaptive threshold value that depends on the grid constant and the length

of line in a collinearity test is used to reduce the quantization error while retaining the

original contour shape. A contour tracing method is also discussed in the paper.

The research reported in [68] addresses the problem of finding the optimal polygonal

approximation with the minimum number of segments using the sum-of-squared-error

measure. An efficient graph search strategy based on the A* framework is presented for

this purpose. The A* algorithm creates a graph with nodes corresponding to the end

points of possible line segments and with arcs corresponding to the costs of line segments.

The cost is defined as the sum of two terms: a high constant value associated with the

creation of a line segment, and the error of the line segment. The method determines a

path with minimum cost between the first and the last points of the digitized curve.

3.3.1.4 Hierarchical Representations

The method in [69] represents a curve at its natural scales. This approach makes the

scheme suitable for any reasoning process, e.g., matching. Instead of representing the

curve exhaustively over an entire range of chosen scales, the method identifies the sig-

nificant scales for a compact and efficient representation. The scheme first obtains a set

of descriptions of the curve by Gaussian-smoothing it over a range of scales. It then

calculates the significance of each scale, and the natural scales are identified using these

values. The natural scales are again ranked by a second significance criterion and the

near-duplicate ones are eliminated.

A hierarchical representation of digitized curves based on the detection of dominant

points is presented in [70]. The method uses integral square error (ISE), defined as

the sum of the squares of perpendicular distances of each point from its approximating

straight line. The method recursively splits a curve into two subcurves at such a point

where the ISEs corresponding to the two subcurves are equal, and hence is given the

name Equal Error Tree. However, the splitting procedure may not always be possible
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and hence the scheme is suitably modified. The splitting is performed at a point where

the absolute value of the difference between ISEs of the segments on its either side is

minimum. The following propositions are adopted to divide the curve into subcurves

recursively: 1) Determining if a subcurve requires further segmentation 2) Performing

no further subdivision of a subcurve if it is a straight line. Thus the method results in

a binary tree that is not necessarily balanced.

3.3.1.5 Circular Arc Approximations

A globally optimum approximation using circular arcs designed between each pair of

adjacent dominant points is proposed in [71]. The method uses dynamic programming

algorithm to detect these points. A circular arc can be designated to pass through three

consecutive points and hence a significant number of points can be represented without

error by an optimal choice of vertices. The approximation error is computed by using

the area of the curve instead of its length. The method is generalized to approximate

closed curves.

3.3.1.6 Straight Line and Circular Arc Approximations

A perceptually significant representation of digital curves is presented in [72]. This

method uses a perceptual error measure based on two subjective criteria instead of

a geometric error measure: 1) Straight-line segments are preferred over circular arcs;

circular arcs are adopted only if they significantly simplify the representation. 2) Longer

line segments or circular arcs are preferred, i.e., less segmentation is preferred in order

to produce simple and clear representations. The perceptual error is minimized using a

dynamic programming algorithm to find the optimal representation of contours.

A genetic algorithm based method for approximating digital curves with line seg-

ments and circular arcs is proposed in [73]. The representation task is considered to

be an optimization problem and the optimal break points are obtained using a search

process. The quality of such an approximation depends on the precise estimation of

the break points. The search process is performed using a technique called chromosome
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differentiation. The method does not require any threshold value to make a decision and

is independent of the starting point.

3.3.1.7 Other Methods

The method proposed in [74] first finds two points that are farthest apart on the contour

and joins them by a straight line. This divides the contour into two segments and the

points farthest away from the straight line in each segment are identified, further splitting

each segment into two. This process is applied recursively till the designated number of

dominant points is found.

A compact representation of contours on the basis of sets of coordinates of equidis-

tance points along the contour is reported in [75]. The method associates a vector with

an ordered set of points which are approximately equidistant on the contour. The com-

ponents of this vector consist of the angles between the straight lines passing thorough

successive points. A component of this vector extracts information about the local fea-

tures of the contour such as concavities, convexities, corners and straight lines.

A Bezier approximation to represent contours is proposed in [76]. This method

decomposes a contour into arcs and straight line segments, the end points of which are

designated as key pixels, to be transmitted. The reconstruction is based on the Bezier

method, using Bresenham’s line drawing algorithm [77] to fill in any gaps. Deletion and

shifting of undesirable pixels generated by the Bezier approximation and insertion of new

pixels is performed to maintain connectivity of pixels and to preserve the key points.

A parametric model to represent contours is presented in [78]. This method uses

superquadrics to approximate contours typically found in medical images. Superquadrics

model a wide variety of shapes by the introduction of tapering and bending deformations.

However, this scheme is suitable for representing smooth contours only, which is not the

case with contours obtained from weather data.
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Figure 3.8: Schematic showing polygonal-ellipse approximation

3.3.2 Contour Encoding Methods for Weather Radar Data

Two contour encoding schemes have been proposed specifically for compression of weather

data. These methods aim to describe contours as a chain of simple primitive segments

consisting either of straight lines only or of straight line segments and elliptical arcs.

This enables the contour to be described in terms of the parameters of each primitive.

These methods differ from each other in the technique used for selection of vertices.

3.3.2.1 Polygon-Ellipse Encoding

This method uses segments of ellipses or straight lines (Fig. 3.8) to represent a con-

tour [55]. It first determines which of the two shapes is suitable to approximate a given

segment of the contour. If an elliptical arc is found suitable, the scheme determines its

centre and major and minor axes. The contour segment is reconstructed at the decod-

ing end by using an ellipse drawing algorithm using these parameters. The polygonal

algorithm first identifies collinear points on the contour by using a maximum deviation

threshold. The collinear points thus identified are approximated by a straight line. The

scheme then checks for the next set of collinear points in the traverse direction (clockwise

or counterclockwise). Two or more successive line segments are merged into one when

two criteria are satisfied: 1) the angle between the current line segment and the previous

one is less than a specified threshold, and 2) the angle between the current line segment

and the initial segment (of the set sought to be merged) formed is within a tolerance

limit. However, since ellipses and straight lines are smooth lines, this method may not

be suitable to encode weather contours which are highly random.



Chapter 3. Background 40

Figure 3.9: Schematic showing polygonal approximation

3.3.2.2 Method of Burdon

The scheme in [56] encodes a contour as a polygon (Fig. 3.9). This method searches only

for collinear segments in a contour. The distance of the points between the current vertex

and the vertex candidate from the line joining these points is calculated. If this distance

is found to exceed a certain threshold, then the previous vertex candidate is added to the

polygon list. It also checks if the length of the side being developed is starting to decrease.

If so, the vertex candidate is added to the polygon list. Although proposed independently,

and has some differences in the details of straight line segment determination algorithm

relative to the corresponding step in the polygon-ellipse method, Burdon’s method may

be considered to be a special case of polygon-ellipse encoding. Like the polygon-ellipse

method, Burdon’s method may not be best suited for encoding randomly undulating

weather contours.

3.4 Spline Interpolation Method

In this thesis the contour is retrieved from the control points by using spline interpolation.

The principle of the interpolation method is outlined in this section.

3.4.1 Basic Principle

Spline interpolation is a popularly used form of interpolation where the interpolant is

a special type of piecewise polynomial called spline. It is preferred over other forms of

interpolation (e.g., polynomial) because the interpolation error is minimal even when a
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Figure 3.10: B-Spline representation of a curve

low degree polynomial is used for the spline.

The curve defined by a parameter t:

C(t) =
n

∑

i=0

PiNi,p(t) (3.1)

is a B-spline [79]. C(t) denotes the point on the curve at the parametric value t. The

curve is drawn for various values of t, ranging from tmin to tmax, typically having values

0 and 1 respectively. The shape of the B-spline curve can be controlled by (n+1) control

points, denoted by Pi, which are points in the object space. The positions of the control

points are chosen so as to achieve the shape of the curve being modeled. The B-spline

curve does not necessarily pass through the control points, but always lies within the

convex hull of these points (Fig.3.10).

3.4.2 Knot Vector

A ‘knot vector’ is defined as

T = {t0, t1, ..., tm} (3.2)

where the constants ti ∈ [0, 1], called ‘knot values’, are strictly in nondecreasing order.

The knot values tp+1, ..., tm−p−1 are called internal knots. A uniform B-spline curve is

one with equally spaced internal knots.
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3.4.3 Degree of Interpolation

The degree p of the curve is defined as

p ≡ m− n− 1 (3.3)

The curve becomes smoother as the degree of the curve increases. However, the departure

of the curve from the control points (Fig. 3.10) is likely to increase with p.

3.4.4 Basis Function

The basis function Ni,p(t) decides the extent to which a control point controls the curve

at a parametric value t.

Ni,0(t) =











1 if ti ≤ t < ti+1 and ti < ti+1

0 otherwise

Ni,p(t) =
t− ti

ti+p − ti
Ni,p−1(t) +

ti+p+1 − t

ti+p+1 − ti+1

Ni+1,p−1(t) (3.4)

These functions have a non-zero value only in the open interval t ∈ (ti, ti+p+1). The

sum of the control points is an affine combination, where the sum of all the basis function

values of the control points is equal to 1. However, the sum of basis function values is

not equal to 1 in the intervals [t0, tp) and (tn+1, tn+p+1] and no affine combination of the

control points is possible here. The curve is thus defined only in the interval [tp, tn+1],

and end point interpolation is not possible. However, interpolation at the ends may be

achieved by considering the first p+ 1 and last p+ 1 knots to be equal to tmin and tmax

respectively. A curve is p − k times differentiable at a point where k duplicate knot

values occur.
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3.5 Contour Filling

To reconstruct images from retrieved contours, a filling operation is necessary. Area filling

algorithms operate on a raster while being completely unaware of any other primitives

previously drawn [77].

3.5.1 Parity Fill Algorithm

The parity fill algorithm processes the raster one row or scan line at a time. Each

scan line starts at a point outside the figure. As it marches, the state of the scan line

alternates between the inside and the outside of the figure. The pixels along the scan

line are filled with the current fill color when it is inside. However the method suffers

from significant disadvantages. It processes each figure in isolation, works only for ideal

primitives, needs special handling for lines parallel to scanning direction, and does not

work for self-intersecting contours. However, it is popularly used because it is fast and

well suited for hardware implementation.

3.5.2 Seed Fill Approach

3.5.2.1 Boundary Fill

A boundary fill algorithm requires the coordinates of a starting point, a fill color, and

a background color. The method starts at a point inside the figure and paints it with

an assigned color. The filling process continues until a boundary color is encountered.

Four-connected and eight-connected algorithms are proposed for this purpose. These

are recursive routines that may call themselves four and eight times respectively. If the

current pixel was not on the boundary or already filled, then that pixel is first filled and

then its neighbors are filled. However, there are cases when these methods fail.

3.5.2.2 Flood Fill

The recursive flood fill algorithm replaces all connected pixels of a selected color with a fill

color. Four- and eight-connected versions of the algorithm exist. The algorithm requires
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that the old color be read before it is invoked. This is commonly overcome by dividing

the routine into parts that fill the east, south, north and west pixels of the current pixel.

The eight-connected version gets into the nooks and crannies that the four-connected

one cannot. But there are situations where the eight connected algorithm complicates

the filling process.

3.6 Summary

Some of the traditional techniques used for different aspects of the work reported later

in this thesis are explained in this chapter. Contour tracing has been found to be an

important step in many feature extraction methods and popular algorithms for this

purpose are discussed. General contour encoding methods are summarized and the ones

specific to weather contours are explained in more detail. In particular, the principles

and characteristics of popular and powerful spline interpolation method are explained.

Schemes to fill the interior of a contour with a specific color value are briefly discussed.
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A Novel Method of Contour

Encoding

4.1 Introduction

Weather radar data are often presented for visual observations in a contoured form. This

is especially true for reflectivity data which essentially depict the intensity of precipita-

tion. In such a depiction, contours of constant values are drawn through the reflectivity

distribution over a given area. The specific values for the contours are open to choice,

but a frequently used set of thresholds is the one stipulated by the US National Weather

Service (Table 1.1) [24, 16]. The contour at each assigned level is filled with a specific

color for visual appreciation of the intensity value. A sample of a reflectivity field and

its NWS-contoured representation are shown in Fig. 4.1. The arbitrary general shape

as well as the random undulations of the contours are clearly apparent in Fig. 4.1(b).

This illustrates the fact that weather contours have far less ‘structure’ compared to many

other classes of images, e.g., in the medical domain.

This thesis is premised on the observation that transmitting the contours in place

of all the pixels constituting a reflectivity field has the potential to offer high degree of

data compression. Contoured reflectivity data obtained in binary form may be trans-

mitted using general-purpose encoding schemes such as run-length encoding (Sec. 2.2.2).

45



Chapter 4. A Novel Method of Contour Encoding 46

(a) Reflectivity distribution

(b) NWS-contoured representation

Figure 4.1: Sample PPI reflectivity field from WSR-88D Doppler weather radar in Level
II format (elevation 0.35o, display 512×512 pixels with 8-bit depth)
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However, the degree of compression achieved in such methods is not very high. It would

be more efficient to transmit the contours as linear structures, which would demand far

fewer points than any 2-dimensional description. Further data volume reduction can be

achieved by encoding the contours themselves. This may be achieved in several ways as

discussed in Section 3.3.1. In this chapter a contour-based encoding method for highly

compressing weather radar reflectivity data is proposed [80].

4.2 An Extremum-Based Contour Encoding Scheme

4.2.1 Thresholding and Binary Image Generation

The 2-D reflectivity distribution is converted into a chosen binary image by applying a

threshold, e.g., one of the values specified by the US National Weather Service (NWS)

(Table 1.1) corresponding to different qualitative levels of weather phenomena [24]. The

first step in the processing chain is to convert the reflectivity image into a binary form.

This is achieved by assigning a value of 0 to all pixels where the reflectivity value falls

below the threshold, and a value of 1 to those pixels where the reflectivity equals or

exceeds the threshold. Symbolically,

Rb(x, y) =
1

2
[1 + sgn{R(x, y) − Rthreshold}] (4.1)

where (x,y) are the coordinates of each pixel, R is the original (raw) reflectivity value,

and Rb is its binary form. Rthreshold is the reflectivity threshold value.

The boundary separating an area of 0’s from an area of 1’s now becomes the contour

corresponding to the chosen threshold. Contours are of two types: those enclosing a

zone of 1’s are called ‘region contours’, and those that have only 0’s within are called

‘holes’. It is possible for region contours and holes to be nested, i.e. there may be region

contours within holes, and vice versa, multiple times (Fig. 4.2). The outermost contour

of a nested set, however, will always be a region contour.
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Figure 4.2: Sample binary image showing region contours, holes, and their nesting

4.2.2 Contour Tracing

4.2.2.1 Delination of Contours

To trace the contours of the binary images, the radial sweep algorithm of Sec. 3.2.1.3

is used [57]. This algorithm does not automatically trace internal structures of contours

such as holes, and region contours nested inside them. Further, it traces only one contour

at a time, and only after the contour has been initiated through a search procedure. To

overcome these limitations, the scheme proposed in [58] is used (Sec. 3.2.2), applying it

recursively to trace nested holes and region contours.

4.2.2.2 Initiation of Contour Tracing Scheme

Several methods can be used to locate a start pixel on a contour. In this work, the

binary image is scanned by starting from the bottom-left corner of the image, searching

through the column of pixels from the bottom to top, and searching subsequent columns

from the left to right until a ‘1’ is encountered. This pixel is labeled as the ‘start’ pixel

for the contour. This processing may be performed starting from any of the corners of

the binary image.
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Figure 4.3: Schematic showing extremal points

4.2.3 Extraction of Control Points

When trying to represent a contour by a relatively small number of points, the obvious

criterion would be to choose the dominant points, i.e., those points which would maxi-

mally retain the information contained in the contour. Attneave [81] made the profound

observation that information on the shape of a curve is concentrated at points having

high curvature. A large body of research and algorithms has been based on this crite-

rion (e.g., [62, 82]). The rationale for Attneave’s criterion is that arc segments between

points of high curvature would have relatively low curvature and hence can be approx-

imated by straight-line segments while reconstructing the contour. Such an approach

serves very well to describe the outlines of objects of daily life which are often relatively

smooth. Weather contours, in contrast, generally present a highly jagged appearance,

with random high-frequency undulations (Fig.4.1(b)). Determining local curvatures in

such cases becomes extremely cumbersome. Since radar display frames, each with nu-

merous contours, are generated every few seconds, real-time encoding of the contours

requires simple and fast algorithms. It may be noted that other natural contours such

as those derived from vegetation and topography are also fractally undulating, but their

static nature lends them to computation-intensive encoding on a one-off basis.

Algorithms based on distance measure are expected to be computationally more
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Figure 4.4: A raw contour (gray line) and its smoothed version (black line). The small
black squares are the control points.

tractable than those requiring curvature computation, especially for rapidly and ran-

domly undulating contours. This has been the basis of the previous methods for en-

coding weather radar contours [55, 56]. The proposed method is based on the premise

that vertices signifying local extrema in specified scales naturally define the perceptually

significant points in a contour [83]. Further, while high curvature points serve as good

key points for straight line reconstruction, the proposed approach utilizes a spline-based

reconstruction which permits curvilinear interpolation. Since a spline interpolation con-

fines itself to the convex hull of the control points (Fig.3.10), it will not track maximal

points, if non-maximal points are taken as control points (Fig. 4.3). We therefore use

the local extremum criterion to choose control points for encoding the contours.

4.2.3.1 Smoothing and Reference Contour Generation

The aim here is to capture the shape of each of the contours with a limited number

of significant points. A novel scheme for extracting the control points is developed in

this work. The scheme first obtains a smoothed version of a chosen (original) contour

by averaging the contour over a certain neighborhood of each point (Fig. 4.4). The

smoothed contour, also called reference contour is obtained as
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xs
p =

1
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p+ L

2
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2

yi (4.2)

where (xp, yp) are the coordinates of the pth point on the original (unsmoothed) contour,

L+ 1 is the number of points over which the contour is smoothed (also called smoothing

length), and (xs
p, y

s
p) are the coordinates of the pth point on the smoothed contour. The

smoothing length may be specified absolutely or as a fraction of the overall contour

length.

4.2.3.2 Distance Metric and Extreme Departure Detection

The deviation of each point on the original contour from the nearest point on the

smoothed curve is calculated. The Euclidean distance d defined as

d{(xi, yi), (x
s
p, y

s
p)} =

√

(xi − xs
p)

2 + (yi − ys
p)

2 (4.3)

is used to calculate the deviation.

To start with, the scheme determines a crossing point between the original and

smoothed contours by searching for a point where the distance between the two con-

tours is one pixel or less. Then a search is performed to find a point on the original

contour with maximum deviation from the smoothed contour before the next crossing

point is encountered. Such a point is designated as an extremal control point.

Since the control points constitute nearly the entire transmitted data, their number

for a given contour determines the compression ratio. This ratio may be altered within

limits by adjusting the number of control points. Control points may be prioritized

based on their distance from the smoothed contour, with higher importance given to

farther points. Elimination of the lowest-priority points would enable achieving higher
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Figure 4.5: Schematic showing low-priority and high-priority control points

Figure 4.6: Schematic showing addition of control points

compression ratios with minimal loss of contour fidelity (Fig. 4.5). The departure of a

control point from the reference contour may be used as a measure of its significance,

with priority being given to those that have more deviation.

4.2.3.3 Need for Additional Control Points

If the smoothing length were very high, successive crossing points may be far apart.

Extracting only one control point for the long segment between them may result in

sparse spatial sampling of the contour and hence poor reconstruction of the contour at the

receiving end, irrespective of the method of interpolation. To overcome this drawback,

an extra control point is added between the maximal control point as determined above
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Figure 4.7: Tagged region and hole contours

and the crossing points on its either side, if the length of the original contour between

any two crossing points exceeds a certain threshold (Fig. 4.6).

4.2.3.4 Control Points for Smooth and Small Contours

The scheme may not extract proper control points for smooth contours and small con-

tours (e.g. contours with < 20 pixels because they do not display pronounced departure

maxima). The control points for such contours are determined by considering uniformly

spaced points along the contour. This spacing may be taken to be a given absolute

length (in pixels) in case of large smooth contour segments. In case of small contours,

the control point spacing may be fixed at a fraction of the overall contour length in order

to ensure a certain number of control points to describe the contour.

4.2.4 Data Formatting for Transmission

The reflectivity thresholds used for generating contours are stored in a look-up table

(LUT) available at encoding and decoding ends, and only the indices need to be trans-

mitted to minimize bit requirements. Since there may be multiple closed contours for

any given threshold, each contour is numbered before transmission. To distinguish region
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Figure 4.8: Schematic showing the overall display coordinate system and the coordinates
used to minimize bit requirements

contours from hole contours, a tag bit of 0 and 1 respectively is used (Fig. 4.7).

To store or transmit the control points, each point would require {⌈log2(M)⌉ +

⌈log2(N)⌉} bits where M and N denote the width and height of the input reflectiv-

ity field respectively, in terms of number of pixels, and ⌈•⌉ denotes the ceiling value of

(•). Since control points constitute the maximum percentage of the data load, they are

referenced to top left corner (xmin,ymin) of the contour’s minimum bounding rectangle

(MBR) in order to save on the bit requirements (Fig. 4.8). Then each point would

require {⌈log2(xmax −xmin)⌉+ ⌈log2(ymax − ymin)⌉} bits where (xmax,ymax) are the coor-

dinates of the bottom right corner of the MBR. The coordinates of the top left corner,

however, have to be transmitted once for each contour.



Chapter 4. A Novel Method of Contour Encoding 55

4.3 Decoding of Compressed Weather Radar Data

4.3.1 Pre-Processing of Received Data

At the retrieving end the hole and region contours are identified using their appended tag

bits. The control points of each tagged contour are restored to the original coordinate

system (with origin at the top left corner of the entire original image) by adding the

coordinates of top-left corner of the MBR to those of the individual points.

4.3.2 Contour Retrieval

4.3.2.1 Closed Contour Reconstruction Using B-spline Interpolation

The contours are reconstructed from the control points using a B-spline interpolation [79].

As pointed out in Sec. 3.4, B-splines provide a common mathematical representation of

standard analytic shapes as well as free-form curves, and are projection invariant. Such

a representation is chosen here for the following advantages:

1. Changes to a control point only affects the curve only in its vicinity

2. Any number of control points can be added without increasing the degree of the

curve

3. Adding multiple points at or near a position draws the curve towards that position

4. Closed curves can be represented by making the first and last points of the point

sequence identical.

4.3.2.2 Choice of Knot Vector

The degree of spline interpolation and choice of the knot values determine the quality of

the reconstructed contour. The scheme developed in the thesis uses uniform knot vector

values for spline interpolation.
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4.3.2.3 Resolution of Interpolation Parameter

Let ki+1 denote the number of control points received for the ith contour. The parameter

t in equation (3.1) is incremented in steps of 1.0
k×(ki+1)

where k is an integer.

4.3.2.4 Filling of Missing Points

A low value for k may cause gaps between successive points. Any gaps resulting between

successive reconstructed points are filled using Breshenham’s line drawing algorithm [77].

4.3.2.5 Discarding Duplicate Points

Higher values of k generate duplicate points because of rounding off to integer pixel

values, which may be discarded. Through repeated numerical experiments, a range of

2-10 is found to be appropriate for k, and a ‘safe’ value k = 10 has been adopted, which

almost completely avoids gaps while generating some duplicate points.

4.3.3 Filling of Region Contours

After the contours have been reconstructed, their interiors have to be filled with a color

corresponding to the threshold value used for generating the contour. This is performed

using a region-filling algorithm. For weather radar data the region contours for smaller

thresholds are always larger than those of the higher thresholds. On the contrary, the

hole contours at lower thresholds are always smaller than those at higher thresholds.

An efficient scheme should fill these contours without any redrawing i.e., only the area

inside the region contours but outside the hole contours should be filled with the color

corresponding to the given threshold.

4.3.3.1 Contour Drawing

The proposed scheme first draws the region and hole contours at the lowest threshold

value and the next higher threshold, and fills the area between them with the color
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corresponding to the lowest threshold. This process is then repeated for each pair of

consecutive threshold values to generate the complete multi-threshold weather picture.

4.3.3.2 Identification of Seed Point

An arbitrary point inside a region contour at the lowest threshold value is first identified

[58]. Similarly an arbitrary point inside the hole contour at the next higher threshold

level is also obtained. These points are used as seed points for the first-level boundary

fill algorithm. This scheme is repeated for the next higher threshold, and so on. A

composite contoured image of the reflectivity is generated when all the thresholds are

exhausted.

4.4 Metrics for Performance Evaluation of the

Compression Scheme

The performance of a compression scheme may be evaluated using the resulting com-

pression ratio and the fidelity of reconstruction. Compression ratio is defined here as

the ratio of the number of bits required to store the raw reflectivity image to the num-

ber of bits required to transmit the contour-coded image. The fidelity may be eval-

uated quantitatively and qualitatively. The metrics commonly used for quantitative

assessment are Mean-Square-Error, Root-Mean-Square-Error (RMSE), Signal-to-Noise-

Ratio (SNR), and Peak-Signal-to-Noise-Ratio (PSNR) [84, 85, 86]. In this work, the

RMSE between the original and reconstructed contours is used as a quantitative metric

for evaluation of the scheme [84]. SNR and PSNR, which are of great importance in

continuous-tone image reproduction, are not appropriate criteria in the case of contour

reconstruction. For qualitative assessment, a visual comparison is made between the

original and reconstructed reflectivity fields.

The total number of bits B required for storing or transmitting the contoured and
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encoded image is given as

B =
P

∑

i=0

{ki

[

⌈log2(x
i
max − xi

min)⌉ + ⌈log2(y
i
max − yi

min)⌉
]

+ ⌈log2(ki)⌉}+

T × ⌈log2(T )⌉ + P × [1 + ⌈log2(M)⌉ + ⌈log2(N)⌉] (4.4)

where T , P and ki respectively denote the actual number of thresholds used for encoding,

the total number of contours traced (at all threshold levels), and the number of control

points in ith contour. The first term within the summation pertains to the bit requirement

for transmitting the control points, and the second term corresponds to the number of

control points. The remaining terms of equation (4.4) relate to the threshold indices,

tag bits, and the corner points of the contour MBRs. Equation (4.4) does not include a

few low-bit-rate terms that may have to be included in the file headers.

The compression ratio (CR) can then be expressed as

CR =
M ×N × ⌈log2(I)⌉

B
(4.5)

where I denotes the peak reflectivity value in the given image.

4.5 Application to Real Data

4.5.1 Application to Reflectivity

The compression algorithm has been tested using the Plan Position Indicator (PPI) im-

ages of radar reflectivity Level II data from a WSR-88D radar. The size of the image

considered is 512 × 512 pixels. The reflectivity values are represented with 8-bit resolu-

tion, yielding a scale of 0-255 corresponding to a maximum reflectivity interval of 0-64

dBZ. The NOAA standard color table (‘legend’) is used for displaying the reflectivity

distribution, with a slight modification to display the background as white, unlike the

black background in the original display (Fig. 4.9(a)).

The compression ratio for the scheme as evaluated from equation (4.5) is 112. This
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(a) Original PPI image

(b) Reconstructed PPI image using NWS thresholds

Figure 4.9: (a) Sample PPI Reflectivity field from WSR-88D Doppler weather radar in
Level II format, and (b) its reconstructed version in NWS-thresholded form.



Chapter 4. A Novel Method of Contour Encoding 60

Figure 4.10: The raw contour of Fig. 4.4 (black line), and its reconstruction using spline
scheme (red), polygonal method (Sec. 3.3.2.2) (green) and polygonal-ellipse method
(Sec. 3.3.2.1) (blue).
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level of compression, over two orders of magnitude is very high compared to any of the

general-purpose image compression methods. The reconstructed image (Fig. 4.9(b)) is

found to retain the meteorologically significant features of the original image.

The largest-area contour appearing in the 30-dB-threshold section of the picture is

encoded using 66 control points. A second degree spline fitted with these 66 control points

is shown in Fig. 4.10. The Root Mean Square (RMS) departure of the reconstructed

contour from the original is found to be 1.65. For comparison, the contours obtained by

the methods outlined in [55] and [56] are also included in Fig. 4.10. These contours yield

RMS departures of 1.95 and 2.12 respectively which are higher than the spline value.

4.5.2 Application to Other Data Fields

The contour-based compression scheme is readily applicable to other pictorial data fields

as well. Besides reflectivity, the most common data field in the Doppler radar context is

the distribution of radial velocities. Figure 4.11 shows a sample radial velocity field and

its retrieved form using threshold values of -14, -6, -1, 1, 6 and 14 m s−1. The compression

ratio in this case is ∼40. The radial velocities smaller than the chosen threshold are

used to generate a binary image for negative threshold values. The somewhat lower

compression ratio compared to the reflectivity field quoted earlier is because of the use

of a larger number of thresholds necessitated by the bipolar nature of radial velocity

data.

The same method can also be applied to the other important Doppler moment, the

spectrum width, in principle. However, in practice it does not yield an efficient solution

because of the usually noisy nature of such fields which results in a very large number of

small contours. Further, the operational utility of such a procedure for higher-moment

fields is limited because it is normally only the reflectivity field which is viewed and

interpreted by operators in the NWS-contoured form.
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(a) Original Velocity PPI

(b) Retrieved Field

Figure 4.11: (a) Sample PPI velocity field from WSR-88D Doppler weather radar in Level
II format (elevation 0.48o, display 512×512 pixels with 8-bit depth). Radar location:
Greer, SC, Date and time: 23 Jan 2006, 15:04:26 UTC [8], and (b) its reconstructed
version in custom-thresholded form.
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4.6 Qualitative Assessment of the Compression Scheme

The compression technique developed here is not lossless. Hence some very fine details

of the contours will be smoothed. The extent of loss of fine structure is a function of

the severity of compression, and methods for tradeoff between compression ratio and

loss of detail are presented. At extreme compression ratios of the order of 100 or more,

for which results are presented, the average fidelity of reproduction (rms departure of

the reconstructed contour from the original) is of the order of 1-2 pixels, but locally

the departure may reach a few to several pixels. Thus, kilometer or sub-kilometer scale

phenomena such as tornado signatures may be partially smoothed. This is true not

only for the proposed method, but also for the methods by Burdon [56] and Gertz and

Grappel [55] for comparable compression ratios, as shown in Fig. 4.10.

In aviation application, which is the primary motivation for this study, kilometer-

scale details are not of primary interest. This is because aircraft must avoid severe

weather zones by safe margins of distance. Accurate delineation of high-precipitation

areas assist the pilot and air traffic controller in planning detours around hazardous

zones and locating safe flight corridors between such zones. For such use, the extremely

fine structure of the contours is not of importance.

If, however, the contoured data are to be used for detection of fine features such

as tornadoes, then the method developed here would have to be adaptively applied for

compression. In such a method, the small feature of interest would first be identified

and its location delineated on the original data field (PPI display) either by a human

operator or by an automated recognition scheme [87]. Automatic recognition may be

based on sharp gradients in reflectivity and/or velocity parameters as well as presence

of characteristic patterns. Then a dense set of control points may be located on the

contour in the area of the hazardous feature. In extreme cases, all the pixels over the

critical segments may be included as control points. Since such areas are likely to be

small, the fractional increase in the number of control points in the overall field will not

be large, while the fidelity of the contour through the hazardous feature will be very

high. Intelligent or recognition-based contouring is not within the scope of this thesis.
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4.7 Summary

A novel method of compressing weather radar data for transmission over low-capacity

communication links between ground and aircraft is presented. The method, based

on contour encoding and spline reconstruction, achieves compression ratios over 100 as

against general-purpose methods that give modest levels of compression. The compres-

sion ratio may be varied by addition or deletion of control points with a resultant decrease

or increase in the reconstruction error. However, a drastic reduction in the number of

control points will significantly degrade the performance of the scheme.
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Effect of Parameter Variation

5.1 Introduction

A scheme for high compression of weather radar data was presented in the last chapter.

The performance of the scheme depends on the value of the parameters used in the

method. In particular, the quality of the reconstructed image depends on the choice of

the thresholds for contour generation, the degree of spline interpolation, and the extent

of smoothing of the reference contour. This chapter presents the results of systematic

variation in these parameters in order to help in optimizing the basic scheme, enabling an

explicit tradeoff between compression ratio and fidelity of retrieval, and devising variants

of the basic method.

5.2 Smoothing Length

An important parameter affecting the generation of control points is the length of the

arc over which the original contour is to be smoothed in order to act as the reference

curve for obtaining the control points (Sec. 4.2.3). Too small a smoothing length would

make the reference curve almost as jagged as the original contour, and the control points

obtained by the maximum departure criterion would not be reliable. Over-smoothing

would make the reference curve overly biased inwards such that its intersections with the

65
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original contour would be minimized, thus missing out many of the valid control points.

Tables 5.1 and 5.2 respectively show the overall compression ratios and the RMSE for

four reflectivity fields as function of the smoothing length, expressed as percentage of

the original contour length, while using the NWS thresholds. The results in Table 5.2

are based on a second-degree spline interpolation.

Table 5.1: Compression ratio as function of percentage of smoothing length (bold num-
bers indicate the ‘best’ values)

Percentage Field 1 Field 2 Field 3 Field 4

5 109.707 103.835 113.784 122.986
10 105.634 100.280 116.173 121.398
15 109.232 103.395 121.977 123.938
20 111.717 105.448 124.927 128.683

Table 5.2: RMSE of contour reconstruction as function of percentage of smoothing length
(bold numbers indicate the ‘best’ values)

Percentage Field 1 Field 2 Field 3 Field 4

5 1.249390 1.164300 1.13833 1.52562
10 0.884273 0.884022 1.31600 1.18894

15 1.292630 1.113530 3.78364 3.60833
20 1.405210 1.539360 3.19848 3.53206

An optimal choice of smoothing percentage should be such as to minimize the RMSE

while maximizing the compression ratio. The Tables show that these parameters are

data-dependent. However, as seen from Table 5.2, a smoothing length of 10% is found

to be optimum or near-optimum in most cases. Since the optimum values in Table 5.1

are found for the highest tabulated smoothing length of 20%, it may be tempting to

explore higher smoothing lengths in search of better compression ratios. However, such

is not attempted since Table 5.2 shows that smoothing higher than about 10% leads to

progressively worsening reconstruction errors.
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5.3 Degree of Interpolation

Upon reception at the destination or retrieval from a storage medium, the compressed

contour data need to re-composed into an actual contour. As mentioned before, a B-

spline interpolation is used to regenerate the contour from the control points. This

process offers some freedom of parameters which must be optimally chosen. Of im-

portance here is the degree of the spline. Table 5.3 shows the effect of the degree of

interpolation (over the range 1 to 5) on the RMSE of reconstruction of the contours for

four reflectivity fields obtained at a radar elevation angle of 0.35o. The standard NWS

thresholds have been used together with a smoothing length of 10% for obtaining the

respective reference contours.

Table 5.3: RMSE of contour reconstruction as function of degree of interpolation.

Degree Field 1 Field 2 Field 3 Field 4

1 0.785433 0.816937 1.21413 1.02699
2 0.884273 0.884022 1.31600 1.18894
3 0.993228 0.988289 1.49077 1.29947
4 1.115750 1.094810 1.51259 1.37056
5 1.212050 1.187960 1.62094 1.51071

The error of reconstruction is seen to increase monotonically with the degree of in-

terpolation. This is not unexpected, since the control points lie on the original contour

itself, and higher degrees of smoothing takes the reconstructed contour farther from

these vertices (Fig. 3.10). However, using a spline of degree 1 is not acceptable because

this amounts to joining the successive vertices (control points) by straight-line segments,

which gives the curve a jagged or saw-tooth-like appearance. It may therefore be con-

cluded that a spline of degree 2 is the best compromise for reconstructing the contours

smoothly while minimizing the error.
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5.4 Choice of Thresholds

Although the NWS thresholds are commonly used for contouring reflectivity fields, in

many applications these may be considered too coarse (i.e., too widely spaced). This is

especially true in cases where the maximum reflectivity is not too high, since only one

or two of the NWS thresholds may fall within the range of reflectivities present in the

field. In such cases the reconstructed picture may not convey the full visual impact of the

original reflectivity field. To obviate this difficulty, one may choose a higher number of

thresholds, i.e., space the thresholds closer. One convenient possibility is to augment the

number of thresholds by introducing an extra level midway between consecutive NWS

levels.

Table 5.4: Compression ratios as function of thresholds

Field NWS Thresholds Augmented NWS Thresholds

1 105.634 59.0498
2 100.280 56.4905
3 116.173 63.7161
4 121.398 69.0125

Table 5.4 shows the overall compression ratios achieved in four different reflectivity

fields by using the basic and augmented NWS threshold levels. As expected, the introduc-

tion of additional thresholds reduces the compression ratios since additional thresholds

amount to more ‘planar cuts’ through the 3-D reflectivity distribution, leading to more

contours and hence control points to be generated and transmitted for the same original

picture. This increase in the compressed data bandwidth is to be weighed against the

enhancement in the quality of visual reproduction as shown in Fig. 5.1.

5.4.1 Summary

The performance of the basic scheme is evaluated by various choices of the smoothing

lengths and thresholds employed during encoding, and the degree of spline reconstruc-

tion during decoding. The metrics used for comparing the various parameters are the
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(a) Original Reflectivity PPI (Field
1)

(b) Original Reflectivity PPI
(Field 2)

(c) Retrieved Field 1 (NWS
Thresholds)

(d) Retrieved Field 2 (NWS
Thresholds)

(e) Retrieved Field 1 (Augmented
NWS Thresholds)

(f) Retrieved Field 2 (Augmented
NWS Thresholds)

Figure 5.1: Fidelity of Reconstruction using NWS and Augmented NWS Thresholds
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compression ratios achieved, root mean square error of the retrieved contours, and the

visual fidelity of the reconstructed reflectivity images. A smoothing percentage of 10%

during control point extraction has been found to be optimal for most of contours of

significant size. A degree of 2 is found to be most suitable for spline reconstruction. The

addition of intermediate thresholds improves the quality of representation but with a

penalty on the compression ratio.



Chapter 6

Compression Algorithm

Enhancements

6.1 Introduction

Although the basic compression scheme works very well and yields compression ratios

better than two orders of magnitude while retaining all the vital meteorological infor-

mation, there is still scope for further improving the performance of the scheme both

in terms of compression ratio as well as fidelity of data retrieval by improving and fine-

tuning the basic method. Two methods of performance improvement are discussed in

the following sections.

6.2 Stretching of Control Points

A well-known property of spline interpolation is that for orders greater than unity, the

reconstructed curve does not pass through the control points themselves (Fig. 3.10).

The higher the order of interpolation, the smoother is the appearance of the curve but

greater its departure from the control points. Since the control points were originally

chosen from those lying on the contour itself, any departure of the reconstructed curve

from these points inherently introduces an RMS error into the retrieval of the contour.

71
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Figure 6.1: Schematic showing principle of control point stretch

This drawback may be partially overcome by stretching the control points artificially

about the smoothed contour prior to transmission. Figure 6.1 schematically depicts the

principle involved. The solid dots in Fig. 6.1 represent the original control points, and

the reconstructed contour passes by these points by a small distance. Systematically

displacing the control points farther from the reference line (smoothed contour) to the

positions indicated by the hollow dots tends to compensate for the miss distance and

pulls the reconstructed contour (dashed curve) closer to the original control points and

hence the original contour.

The basic contour encoding scheme used here has the freedom to introduce additional

non-extremal control points in situations where the crossing points between the original

and smoothed contours are far apart (Sec. 4.2.3.3). In such cases additional control

points are introduced half-way between the crossings and the extremal control points as

shown in Fig. 6.2. These additional control points are subjected to a different stretching

algorithm than the ‘regular’ or extremal control points. In Fig. 6.2, for example, the

additional points B and C are moved outward in the directions DB and DC respectively,

unlike the ‘regular’ point A which is moved out along the direction DA which is normal

to the reference line (smoothed contour). This strategy minimizes computation and

memory needs while not leading to any significant performance difference with respect
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Figure 6.2: Schematic showing the geometry of stretching the additional control points

to stretching along normal directions EB and FC.

Table 6.1: RMS contour retrieval error as function of percentage of stretch (bold numbers
indicate the ‘best’ values)

Stretch % Field 1 Field 2 Field 3 Field 4

0 0.884273 0.884022 1.31600 1.18894
1 0.884273 0.884022 1.31600 1.18894
2 0.884273 0.884022 1.31600 1.18894
3 0.881816 0.883848 1.31313 1.18822
4 0.877065 0.882626 1.30654 1.17727
5 0.875231 0.882975 1.30622 1.18185
6 0.874312 0.879651 1.29831 1.17509
7 0.865074 0.875698 1.29073 1.17757
8 0.861537 0.881052 1.29611 1.16144
9 0.858454 0.878862 1.27919 1.11312
10 0.855078 0.888546 1.26470 1.11003

11 0.854420 0.892701 1.26477 1.11581
12 0.854326 0.894082 1.26503 1.11573
13 1.459560 0.888893 1.27045 1.13251
14 1.460060 0.890193 1.27197 1.12598
15 1.461980 0.888199 1.27183 1.12651

Since the reconstructed contour weaves about the reference line at variable distances,

it appears logical to stretch the points away from the reference line by a certain factor of

their original displacements rather than by a fixed distance. A range of stretch factors

have been tried out in order to optimize the scheme. Table 6.1 shows the variation of

the overall quality of retrieval of a contoured image (as given by the RMS departure)
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(a) (b)

(c) (d)

Figure 6.3: Reconstructed contours for original and stretched control points (blue and
red respectively) compared with the original contour (black) at four stages of evolution
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with respect to the stretch factor using a second-degree spline interpolation. There would

obviously be an optimum stretch factor, since excessive stretching would overcompensate

the miss distance and pull the retrieved contour too far away from the reference line,

beyond the original control points. From Table 6.1 the optimum stretch factor appears

to be in the range of 7-12% and the corresponding improvement in the RMS departure

lies between 1-7% over the original unstretched contour fit. Figure 6.3 shows a retrieved

contour depicting the improvement in the fit due to stretching. If a uniform stretch

factor is to be employed then a figure of 10% may be adopted. However, since the

encoding process including stretching is carried out at the transmitting end where all

the information regarding the original contours and the control points is available and

high levels of computing power can be marshaled, it is possible to determine and adopt

the optimum stretching factor exactly with modest computational effort. The optimum

can be worked out for each data field, or even separately for each contour within data

fields.

Table 6.2: Compression ratio as function of percentage of stretch

Stretch % Field 1 Field 2 Field 3 Field 4

0 105.634 100.280 116.173 121.398
1 105.634 100.280 116.173 121.398
2 105.634 100.280 116.173 121.398
3 105.634 100.280 116.173 121.398
4 105.634 100.280 116.173 121.398
5 105.634 100.280 116.173 121.398
6 105.634 100.280 116.173 121.398
7 105.634 100.222 116.173 121.398
8 105.634 100.222 116.173 121.398
9 105.634 100.222 116.141 121.475
10 105.634 100.222 116.109 121.475
11 105.634 100.222 116.109 121.475
12 105.634 100.222 116.109 121.475
13 105.597 100.222 116.109 121.398
14 105.597 100.222 116.109 121.398
15 105.597 100.222 116.109 121.398
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(a) (b) (c) (d) (e) (f) (g)

Figure 6.4: Original contours taken from NEXRAD data at Greer, SC, 23 Jan 2006

It is worth mentioning here that the stretching process will have negligible effect,

if any, on the compression ratio of the contour coding scheme. This is because the

data volume of the transmission is overwhelmingly dependent on the ‘number’ of control

points, which is unaffected by the stretch process. There would, however, be a weak

effect on the data volume if any of the contour size(s) are on the borderline such that a

slight increase in their size would enhance the bit requirement of the bounding rectangle

(Sec. 4.2.4) by an extra bit. This fact is corroborated from the results in Table 6.2,

which shows small but discrete jumps in compression ratios.

Table 6.3: Comparison of RMS contour retrieval errors (bold numbers indicate the ‘best’
values)

Method Contour 1 Contour 2 Contour 3 Contour 4

(66) (69) (84) (66)
Spline 1.53863 1.60564 1.96551 1.97238

Polygonal 1.94767 1.83367 1.88074 1.77129
Polygonal-Ellipse 2.11772 1.61304 1.51504 1.25601

It is instructive to compare the quality of contour reconstruction obtained by the

current method (incorporating 10% stretch) with that of the earlier methods used for

reflectivity contour encoding. In particular the methods by Burdon [56] and Gertz and

Grappel [55] are referred to since these have been specifically developed for weather radar

contours (Sec. 3.3.2). Table 6.3 shows the RMS error of reconstruction of the contours

shown in Fig. 6.3 by using the three methods. Each of the four contours in Table 6.3 is

compressed to a common extent in the three methods. This is achieved by using, as far
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as possible similar number of control points to represent each given contour (indicated

in parentheses below the contour number) for all the three methods. However, it is not

always possible to retain exactly the same number of control points in each case because

these numbers are not directly selected but are indirectly determined by tailoring the

departure threshold value. The results are mixed, suggesting that the proposed scheme

performs better than the other two schemes for only two of the four contours.

Table 6.4: RMS contour retrieval error as function of percentage of stretch (bold numbers
indicate the ‘best’ values)

Stretch Contour Contour Contour Contour Contour Contour Contour

% 1 2 3 4 5 6 7

0 0.76912 0.71774 0.67766 0.75461 1.1098 1.4162 0.93498
1 0.76912 0.71774 0.67766 0.75461 1.1098 1.4162 0.93498
2 0.76912 0.71774 0.67766 0.75461 1.1098 1.4162 0.93498
3 0.76912 0.71774 0.67766 0.75461 1.1098 1.4162 0.93498
4 0.76912 0.71774 0.67766 0.75461 1.1098 1.4162 0.93326
5 0.76912 0.71774 0.67766 0.75461 1.1098 1.4162 0.93326
6 0.76912 0.71774 0.67766 0.75461 1.1098 1.4162 0.93326
7 0.76912 0.71774 0.67766 0.75461 1.1098 1.3860 0.93326
8 0.76912 0.71774 0.67766 0.75461 1.1098 1.3860 0.93326
9 0.76912 0.71774 0.67449 0.75461 1.0932 1.3798 0.92806
10 0.76299 0.72970 0.67130 0.76073 1.0630 1.3839 0.91581

11 0.76299 0.72075 0.66164 0.74845 1.0763 1.3757 0.92457
12 0.76299 0.72075 0.66164 0.74845 1.0763 1.3757 0.92457
13 0.87210 0.69941 0.67130 0.72648 1.0554 1.3819 0.95208
14 0.87210 0.69941 0.67130 0.72648 1.0554 1.3819 0.95208
15 0.87210 0.69941 0.67130 0.72648 1.0554 1.3819 0.95208
16 0.87210 0.69941 0.67130 0.72648 1.0554 1.3819 0.95208
17 0.91416 0.70864 0.75552 0.72008 1.0457 1.4281 0.99027
18 0.91416 0.70864 0.75552 0.72008 1.0457 1.4281 0.99027

The RMS error for contours in Fig. 6.4 corresponding to a different reflectivity field

are given in the Table 6.4, to show the effect of relatively smooth contours. As expected,

because of the smoothness of the contours, stretching only marginally improves the

fidelity of contour reconstruction. However, the best stretch even for this data set is
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around 10%.

6.3 Bit Manipulation for Higher Compression

The primary data load in the contour transmission process arises from the need to

designate the coordinates of the control points defining the contours. A certain minimum

number of information bits would be required to transmit these coordinates accurately.

For weather data intended for display, the required number of bits for each coordinate

is determined by the dimensions of the minimum bounding rectangle of each contour in

pixels. It is possible to save on storage and transmission bit requirements by truncating

the bit stream for each coordinate if the resulting loss of accuracy can be tolerated. Since

bit reduction would apply to all the points being transmitted, the gains in terms of data

compression can be significant.

Table 6.5: RMS contour retrieval error as function of bits truncated

No. of Bits Field 1 Field 2 Field 3 Field 4

0 0.884273 0.884022 1.31600 1.18894
1 1.046950 1.015760 1.42590 1.27986
2 1.432900 1.402440 1.66883 1.58341
3 2.915660 2.404190 2.81206 2.61941

It may readily be surmised that truncating the bit stream by dropping one or more

of the least significant bits would impact on the data accuracy by increasing the quan-

tization noise. However, since an efficient interpolating algorithm is employed at the

retrieving end, a certain level of truncation error is expected to be smoothed out by the

spline interpolator. Only when the quantization level is relatively severe will the overall

reconstruction accuracy be impacted significantly. To test this hypothesis the overall

RMS contour reconstruction error for 1, 2 and 3-bit truncation is calculated as shown

in Table 6.5, and the corresponding compression ratios are tabulated in Table 6.6. In

performing the truncation it is ensured that at least two of the most significant bits

are retained in the data field. For example, if the width of the bounding rectangle of a
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certain contour is 14 pixels, its minimum bit requirement is 4. Retaining the two most

significant bits would permit truncation of not more than 2 bits. If the same rectangle

has a vertical depth of 27 pixels requiring 5-bit description, that dimension would permit

up to 3 bits of truncation. Such adaptive truncation is implemented for generating the

results of Tables 6.5, 6.6 and 6.7.

Table 6.6: Compression Ratio as function of bits truncated

No. of Bits Field 1 Field 2 Field 3 Field 4

0 105.634 100.280 116.173 121.398
1 120.811 114.586 132.832 139.198
2 132.622 125.061 145.464 152.001
3 142.363 132.748 153.446 161.096

The results in Table 6.5 show that 1-, 2- and 3-bit truncation causes the RMS error

to increase by 8-18%, 27-62%, and 114-230% respectively among the four data sets

considered. It should be noted that although the increase in RMS errors is high in

percentage terms, especially for higher levels of truncation, their absolute values are still

modest, being of the order of 1, 1.5 and 3 pixels for 1, 2 and 3-bit truncation respectively.

Thus the reconstructed contours would still be fairly usable. Further, Tables 6.5 and 6.6

show that there is a direct correspondence between the increase in compression ratio

and the degradation of RMS reconstruction error. This gives the user the choice of an

explicit tradeoff between retrieval quality and extent of compression. In situations of

extremely limited channel bandwidth, the user may opt for 2 bits of truncation (or even

as much as 3 bits) and pack up to 25% more data (35% for 3 bits) while accepting an

error of 1.5 pixels (3 pixels) on the contour definition.

Fig. 6.5 shows the quality of the retrieved contours for various levels of bit trunca-

tion. As expected, higher levels of truncation increase the departure of the reconstructed

contour from the original. Further, it is also apparent that truncation shifts the recon-

structed contour in a preferred direction, i.e., it introduces a bias in the contour shape.

Again, this is expected as long as truncation is performed by simply dropping the least

significant bits, i.e., by always rounding off the control point coordinates downwards.
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(a) (b)

(c) (d)

Figure 6.5: Reconstructed contours for 0-bit (blue), 1-bit (red), 2-bit (yellow), and 3-bit
(green) truncation compared with the original contour (black) at four stages of evolution
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To compensate for this bias, the integer mean of the maximum possible quantization

error is added to the truncated bit stream. Thus, for 1-, 2- and 3-bit truncation the bias

compensation values are taken as 0, 2 and 4. Since this compensation is carried out at

the receiving end, the unbiasing procedure leaves the compression ratio unchanged.

Table 6.7 shows the RMS errors of the contours reconstructed from the truncated

control point bit streams after bias compensation. The RMS errors here for 1, 2 and

3-bit truncation are, respectively, 8-18%, 25-57% and 61-140% more than the retrieved

contour without any truncation in absolute terms. These translate to about 1, 1.5 and 2

pixels of error respectively. These are found to be much lower than the errors caused by

straightforward downward truncation (i.e., before bias correction). The improvement in

the quality of contour retrieval because of bias removal is depicted in Fig. 6.6.

Table 6.7: RMS contour retrieval error with truncated bits after bias removal

No. of Bits Field 1 Field 2 Field 3 Field 4

0 0.884273 0.884022 1.31600 1.18894
1 1.046950 1.015760 1.42590 1.27986
2 1.389160 1.304700 1.64999 1.53904
3 2.119670 2.126820 2.12012 2.12088

6.4 Summary

Two refinements to the basic scheme for weather radar data compression are presented.

A systematic method of adjusting the position of control points to compensate for

the smoothing introduced by spline interpolation is presented. The control points are

stretched away from the reference (smoothed) contour by a fraction of their distance from

it. An improvement of around 8% in the fidelity of contour reconstruction is achieved

with no or negligible increase in the compression ratio. Bit manipulations to obtain

higher compression ratios are also explored. An additional compression ratio of 25% or

even 35% is shown to be obtained if small errors of 1-2 pixels in contour representation
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(a) (b)

(c) (d)

Figure 6.6: Reconstructed contours for 0-bit (blue), 1-bit (red), 2-bit (yellow), and 3-bit
(green) truncation after bias removal compared with the original contour (black) at four
stages of evolution
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can be tolerated. A bias compensation method has been suggested to minimize the in-

crease in reconstruction error due to bit truncation while leaving the compression ratio

unaffected.



Chapter 7

Conclusions

7.1 General Summary

The high-volume and multi-parameter weather radar data have to be compressed sig-

nificantly for archival and transmission purposes. A lossy compression scheme would be

an obvious choice to compress these data but such a method is expected to preserve the

meteorological information in them even while delivering for more efficient compression

than general-purpose methods.

Weather radar reflectivity data are commonly expressed in contoured form and hence

a method for high compression based on contour encoding has been developed in this

thesis. The method achieves compression ratios over two orders with minimal degrada-

tion in the contour shapes. The method compares well with other encoding methods

developed for contour-based weather data compression. However, the loss incurred due

to the present as well as earlier methods should be carefully evaluated with regard to

the intended application.

The proposed scheme captures random undulations in a contour by extracting control

points using a method that calculates the deviation of the contour from a reference

derived from the contour itself through a smoothing process. The method can be scaled to

achieve a range of compression ratios by deletion of control points but with corresponding

degradation in the quality. The contour is reconstructed at the receiving end by spline

84
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interpolation for which a degree of two has been shown to be the best choice.

A study has been conducted to determine the optimum parameters of the compression

algorithm. A smoothing percentage of 10% is found to be optimal for extraction of

control points. A degree 2 of spline interpolation has been shown to be most suitable for

contour reconstruction. The addition of intermediate thresholds between the standard

NWS thresholds has enhanced the visual reproduction but with a significant reduction

in the compression ratio.

The basic scheme has been enhanced to offer better fidelity and compression ratios. In

one approach, the control points are stretched ‘outwards’ in order to compensate for the

smoothing introduced by the spline interpolation. As a second option, bit manipulations

on the control points are proposed to further enhance compression ratios with minimal

degradation in the fidelity.

7.2 Suggestions for Future Work

A uniform knot vector for B-spline interpolation is employed in the thesis to reconstruct

a contour from its control points. The knot vector is a critical parameter affecting

the interpolation process. Non-uniform rational B-splines (NURBS) offer a convenient

representation where the control points can be weighed according to their significance.

Methods may be designed to estimate appropriate weights for control points. However,

since the weight value also has to be transmitted for each control point, this would

significantly increase the data load and hence reduce compression ratios.

Uniform smoothing is used during the control point extraction process, i.e., each

contour point within the smoothing interval is given equal importance. It may be ap-

propriate to weight each contour point appropriately by using a smoothing windowing

function. A Gaussian smoothing filter or other appropriate smooth filters may be used

for this purpose. The resulting additional computing load can be easily handled on the

ground where nearly unlimited computing power is available.

The algorithms presented in the thesis compress 2-D weather radar data. Some of
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these schemes may be extended to compress 3-D weather radar fields. CAPPI slices

through the 3-D weather radar may be taken and the control points for the contours

in each slice may be obtained. B-spline method for reconstructing 2-D contours can be

extended to reconstruct surfaces from the control points extracted from each CAPPI

field.
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