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ABSTRACT

Dual polarization radar signal processing is thecessing of data with a horizontal and a
vertical component obtained from received radanag Several issues such as clutter, range
ambiguity, and velocity ambiguity need to be adskeeswhen processing data from radars. Joe
Hoatam is studying clutter, Aaron Nielsen is stadyrange ambiguity, and Josh Merritt is
studying velocity ambiguity. Radar signal procegsis important and utilized in military,
weather, and civilian applications.

In the first semester, we studied the basics of dakarization radar signal processing in depth
and then began to research techniques to solvisgbes involved in the area. Ground clutter
can be tackled by using notch FIR or IIR filtei&.technique called GMAP can also be utilized

in the removal of clutter. Range ambiguity canaderessed using phase coding. Phase codes
such as systematic codes and random phase codesisezt in the past and today, SZ codes are
being implemented for better results. For the femmbof velocity ambiguity, multiple pulse
repetition frequencies (prf) can be used in corfjoncwith clustering algorithms and the
maximum likelihood algorithm.

In the second semester, we proceeded by analyhagechniques first hand, whether by
simulation or actual data analysis. Using datalect#d from the CASA radar, clutter
suppression was studied using the GMAP algorithAs for lowering the effects of range
ambiguity, data collected by the CHILL radar wasagd coded and conclusions were drawn
from the results. Finally, velocity ambiguity ngiéitions were researched and simulated via
clustering and maximum likelihood algorithms.
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1 Introduction

Radar systems today have many different uses. ifitlisdes applications in weather,
military, and civilian areas. This project focusesthe use of radar in weather applications, as
used by CSU’s CHILL weather radar.

RADAR, as an acronym, stands for RAdio DetectiordARanging. The basic idea
behind radar systems is to send out a signal atehlior an “echo” of this signal off of a target.
The first experiments that lead to radar occumetid87 by Heinrich Hertz who experimented
with wave propagation in air. These experimerdst¢éeChristian Huelsmeyer’s public
demonstration in 1904 by successfully detectingip ® the nearby harbor. During World War
I, there was extensive research performed by Acaarand British agencies, who eventually
combined efforts to improve upon existing radahtexdtogies. Following the war, surplus radar
systems were picked up for use by other agencieaffikated with the military, which led to the
eventual discovery of Doppler radar systems in 1968day, radar is used extensively in

applications beyond military, including weatheredsion.
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DI2002 HowRuliWor

(Figure 1)



In radar systems, there are two main types oktarg point targets and distributed
targets. Point targets are more centralized inesfia, airplanes), while distributed targets are
less centralized (ie, weather patterns). Thegedistinction between stationary targets (ie,
buildings) versus moving targets (ie, cars), as.wiékhe target is moving, usage of the Doppler
effect can determine how fast the object is trangli

The Doppler effect, in a nutshell, is a noticedbdguency shift depending on the relative
velocities of the target and the observer, uswglign as:

VvV +V
fr=f g

Ov-v,
where § is the initial frequency,s the velocity of the observer, anglis the velocity of the
source. An example of this would be a passingcpatar, blaring its’ sirens. As the car nears
you, the pitch of the siren will seem to increas®] once it passes, it appears to drop in pitch.
However, the siren’s frequency didn’t change at &tis phenomenon is useful in radar
systems, specifically Doppler radar systems. Hawnegwor weather radar, the shift in reflected
frequency is very, very small, and thus hard t@det In this case, there is actually a very large
shift in the phase of the returned signal in relato the transmitted wave. By using this idea,
we can relate the Doppler effect to phase by reglithat:

_ AGCPRF
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where 4€

Is the difference in phase between the receivddramsmitted signals, c is the speed
of light, and f is the operating frequency of taéar transmitter. The PRF of a radar system
only relates to a pulsed-Doppler radar systent, iaghe rate at which pulses from the radar are

transmitted. The velocity is also able to be dal®a in continuous wave systems, but our focus

will be exclusively on the pulsed-Doppler radarteyss. The signal itself can be modified with



different properties depending on the applicatiseds CSU’s CHILL radar is a pulsed Doppler
radar.

Some newer pulsed-Doppler radar systems are oksegithe use of dual wave
polarization. By broadcasting a horizontally paad wave, followed by a vertical polarized
wave, reflected signals can be compared to bettgenstand the shape of the target. CSU’s
CHILL is currently doing research in these dualgpaation techniques.

Some inherent problems with radar detection argez] range ambiguity, and velocity
ambiguity. Clutter refers to noise received byrdgar in addition to reflected signals. This
noise can come from anything (usually stationafeas), as we witnessed during our visit to
CHILL. Jim George pointed the radar towards thlghhiay, not transmitting anything, and
showed us the noise created just by passing cagthar type of clutter is from stationary
objects such as the ground or buildings.

Range ambiguity is a situation in radar signacpssing where received signals from
different ranges appear to have the same range.mBximum range can be determined by the

following:
cT
[ max=——
2

where T is the pulse repetition period (which is itfiverse of the PRF). The maximum range
can be increased by decreasing the PRF, but sogdalcreases the maximum velocity that can
be detected without ambiguity.

Velocity ambiguity is problem in radar data prasieg where received signals from
different velocities have a phase shift of gre#éttan 2, thus overlapping and giving false
velocity readings. The maximum velocity can beedwined by:

A
V max=—
4T



wherel is the wavelength of the transmitted signal. As gan see, from the two equations

above, there is a tradeoff between maximum randevalocity, as seen below:

C
I max-V max=——

We will be discussing techniques to address thesees, both currently practiced and
theoretical, later in the paper as researched ¢fimawt both semesters. Data from CSU-CHILL
radar and CASA radar systems, as well as compueraions, were used to research and

implement these solutions.



2 Simulation Results

After learning about the basics of radar, we bdgamin some simulations in Matlab to
get some experience with the data processing af isignals. Our first simulation was to
simulate a radar signal with and without cluttéfter simulating these results, we plotted them
using a variety of windows, including rectanguldgmming, and Blackman windows. The use
of a variety of windows is important to accuratelierpret radar data. Below are figures of our
simulations of radar data with clutter (in blueflamithout clutter (in red) using three different

windows.
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Since a rectangular window has a relatively smalth for the main lobe in the

frequency domain (compared to a Hamming or Blackmigwdow), there are sharper peaks
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Since Blackman and Hamming windows have a largen fole width, these windows result in
smoother results (as seen above). Also, sincsidedobes of a rectangular window are
relatively large (approximately -13 dB for peakesidbe), clutter will affect the total signal more
than the Blackman or Hamming windows (approximatBlydB and -41 dB, respectively). See
Appendix A for details on Matlab code used for simulation.

Our next simulation involved altering the numbésamples used and viewing the
effects on power and velocity calculations. Speaily, we determined the mean and standard
deviation of power and velocity for sample sized®fto 256 with a step size of 16. Below are

the generated simulation results.
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(Figure 8)
As seen above, as the sample size increases;dhraay of the mean power and mean
velocity increases. Additionally, as the samphke shcreases, the standard deviation of power
and velocity decreases. These results matchegredictions of how sample size should affect

these parameters. Appendix A contains Matlab ¢odthis simulation.
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Now that we’ve simulated radar signals and haveraterstanding of various
calculations performed on simulated received dagacan begin to analyze our specific

problems — clutter, range ambiguity, and velocinbayuity.
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3 Clutter

3.1 Overview

Clutter is unwanted radar echo. These echoesdatatter” the radar output and make it
hard to detect wanted targets. In particular, gdociutter is undesired radar echoes that come
from the ground. Ground clumoartter is difficldtquantify and classify since radar echoes from
land depends on many variables that need to bedmyed before doing anything. Getting rid of
clutter or compensating for the loss caused byeariumight be possible by applying appropriate
filtering and enhancing techniques [2].

In the past, most weather radar processors havelhek using the approach of a fixed
notch-width infinite impulse response (lIR) cluttéter followed by time-domain
autocorrelation processing called pulse pair maduiaAlthough this method was widely used
there were many drawbacks in using this cluttération method. The impulse response of an
lIR filter acts just like it sounds, infinite. Thimeans that any perturbations that are encountered
such as a very large point clutter target or changlee pulse repetition frequency (PRF), will
affect the filter output for many pulses, sometirafecting the output for several beam widths.
The use of clearing pulses or filter initializatioan diminish its effect at the cost of reducing th
number of pulses. Another problem is that theifiwidth used to remove the clutter depends on
the strength of the clutter. If the strength of theter is very strong then a wider filter must be
used. This would be problematic because the filtauld either be not aggressive enough for
strong clutter or overly aggressive in removing theaechoes.

Others have approached the clutter problem by udsstg~ourier transform (FFT)

processing. The advantage of an FFT approattaighe ground clutter filtering can be made
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adaptive by searching in the frequency domain terdene the boundary between the system
noise level and the ground clutter. The FFT is gusequency impulse response (FIR) block
processing approach that does not have the sarblepr®that the IIR filter has. Just like an lIR
filter, the FFT approach has two distinct disadages. First, spectrum resolution is limited by
the number of points in the FFT, which has the tan# that it must be a power of two.
Operational systems are normally either a 32 qudat FFT, so if the number of points is low,
then clutter will be spread over a bigger parthef Nyquist domain which can obscure weather
targets [1]. The second disadvantage is when adioneain window is applied to the in-phase |
and quadrature-phase Q (IQ) components of the gaboto performing the FFT in order to get
the best performance. The drawback of using windewisat they reduce the number of samples
that are processed, which will make the estimadws la higher variance.

The Gaussian model adaptive processing (GMAP) desvimany advantages over pulse-
air processing with fixed IIR or FIR filters. GMARB a frequency domain approach that uses a
Gaussian clutter model to remove ground clutter aweariable number of spectral components
that is dependent on the assumed clutter widthasigower, Nyquist interval, and number of
samples. The GMAP approach makes certain assursloout clutter, weather, and noise.
These assumptions include the weather signal’dspeavidth is greater then that of the clutter,
the Doppler spectrum consists of ground cluttesrehs only a single weather target and noise,
the width of the clutter is approximately knowndahe shape of the clutter and weather is a
Gaussian. The way that GMAP works is by applartdamming window to the 1Q values and
then a discrete Fourier transform (DFT) is therfqgrared. The Hamming window is used as the
first guess - after analysis is complete, a degiganade to either accept the results or use a

more aggressive window based on the clutter toasigrio (CSR). Next, the power in the three
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central spectrum components is summed and compathd three central components of a
normalized Gaussian spectrum. The Gaussian is@xtedown and all spectral components that
fall within the Gaussian curve are removed. Ontéhalcomponents are removed, a Gaussian is
fitted to fill in the clutter points that were rewexl. This step is repeated until the computed
power does not change more then .2dB and the weldoes not change by more then .5% of the
Nyquist velocity. Finally, GMAP determines the iopal window based on the values of the

clutter to signal values.

3.2 Solution Resear ched

In order to understand GMAP better, for our secesmiester we began by trying to
figure how to effectively use GMAP on data receitiesn CASA and LAWTON radar. We
first figured out how to get GMAP to work on simtéd data that we had used from the first
semester when we added ground clutter to the sgg®ad in figures 4. We then applied GMAP
to the data to see the effectiveness of the cltittering done by GMAP. As seen below, we can
see that the original signal generated and gertecatéter around zero velocity. The Black line
shows that GMAP effectively removes the signal tha@round clutter and models it to a
Gaussian and the rest of the signal. In the figuskso shows that the signal that is below the

noise floor is also removed.
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The next step that we took was to see how effe@GMAP would be with data received
from CASA radar. The problem with getting this detas converting the raw data into a form
that we could use in order to find the effectiveneSGMAP. To do this we used Matlab to
convert the raw data into a time series to finthestions for the velocity and power. From the
power we were able to get the reflectivity of teeaived data. Seen below is a plot of the raw

data received from LAWTON radar on thé™& March at 2:29 of power versus velocity.
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We can see here again that effect of GMAP work#ypveell with the data received from the
radar we can see that it takes about 20 dB ofeclotit from the signal and replaces it with a
Gaussian.

The next step that we took was to take our finsliagd apply it on a larger scale to see
how much GMAP would help with data received fromWAON radar. To do this we had to
understand how the radar collected the data. Wed@ut that when a signal is sent out the
radar starts at a certain azimuth degree and alsgyeent out. The signal is broken into 700
gates and each gate is sampled 54 times the nwhfate and samples depend on how the user

wants to receive the signal. Then the azimuthekeg changed and the same process is done
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again. From there the raw data is saved for thetas#o research. In order for us to see the
effects of GMAP on LAWTON radar we had to apply GMAo each gate of every azimuth
degree. Below is the result from the radar turrd6@ degree on March 13, 2007 at 2:29pm with

no filtering.

LAWTON.OK Unfiltered reflectivity
Radar : lawton.ok
13-Mar-2007 14:29:47 UTC
Wavelength : 3.1881 cm
Latitude : 34.8128 deg
Longitude : -97.9305 deg
Altitude : 4359 m

Scan mode : PPI
Elevation : 1.00 deg
Range ring : S km

Max range : 32.7708 km
Gates : 683 X 48 m

Pulse width : 63 m

Beam width : 1.8 deg

Antenna gain : 38 dB

Transmit power : 67.6 dBm
PRF : 2.4 kHz
:1.6 kHz

Radar & Communication Grou
Colorado State University

(Figure 11)

In the figure above is a reflectivity plot of theeather we can see that there is a lot ground clutte
in the selected areas. But with GMAP filtering @an see that it takes a lot of this clutter is
taken out so that better models of this weathetbeataken. The figure blow is the same data

taken from LAWTON radar but GMAP filtering is apgdl to the signal.
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LAWTON.OK GMAP Filtering
Radar : lawton.ok
13-Mar-2007 14:29:47 UTC
Wavelength : 3.1881 cm
Latitude : 34.8128 deg
Longitude : -97.9305 deg
Altitude : 4359 m

Scan mode : PPI
Elevation : 1.00 deg
Range ring : 5 km

Max range : 32.7708 km
Gates : 683 X 48 m

Pulse width : 63 m

Beam width : 1.8 deg

Antenna gain : 38 dB
Transmit power : 67.6 dBm
PRF : 2.4 kHz

1 1.6 kHz

Radar & Communication Grou
Colorado State University

(Figure 12)

We can see that in the areas that were highliginted above that a lot of it is removed from the
figure and what is left is mostly from the weath&howing how effective GMAP can be at
removing ground clutter. In order to demonstraie Imuch clutter is removed we also plotted
the difference of the figure 11 and figure 12 towtihe removed power that GMAP actually did

in the plot seen below.
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LAWTON.OK Reflectivity Difference

18.3333

13.3333

11.6667

(Figurel3)

Radar : lawton.ok
13-Mar-2007 14:29:47 UTC
Wavelength : 3.1881 cm
Latitude : 34.8128 deg
Longitude : -97.9305 deg
Altitude : 4359 m

Scan mode : PPI
Elevation : 1.00 deg
Range ring : 5 km

Max range : 32.7708 km
Gates : 683 X 48 m

Pulse width : 63 m

Beam width : 1.8 deg

Antenna gain : 38 dB
Transmit power : 67.6 dBm
PRF : 2.4 kHz

:1.6 kHz

Radar & Communication Gro
Colorado State University

We can see here in this figure that on average GNaBtly took out around 11.5 dB- 13.33 dB

of ground clutter from the received signal. Althbu@MAP doesn’t take out all the Ground

clutter we can see how it helps with only keepimg signal from the weather target.
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3.3 Conclusion and Future Work

Based on what we can see from these figures weamthat GMAP is good at taking out
the unwanted ground clutter but we still see thate is some ground clutter left in the figures.
We can also see that GMAP is an adaptive filteraudpnique that is effective in removing the
ground clutter. Future work can be done by runmioge data sets to see the true effectiveness
of ground clutter or to see if there is an everndratay to remove ground clutter that distorts

wanted signal received by radar.
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4 Range Ambiguity

4.1 Overview

Range ambiguity is a situation in radar signal psstng where received signals from
different ranges appear to have the same rangeen\Wipulse is sent from the radar, it must
travel, hit an object, and return before the neMs@is sent to avoid range ambiguity. When a

pulse is sent and a reflection is not receivedraeioe next pulse, an ambiguity in range occurs

as illustrated below.
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L am ~
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(Figure 14)
As seen above, target B appears to be closer éingettA, when in fact, target A is closer than

target B.

The maximum range can be determined by multiplyinregperiod of the PRF by the

speed of light (speed of propagating waves) andlidig by two to account for a roundtrip.
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Below is the general relationship between maximange and the period of the pulse repetition

frequency.

cT
[ max=——
2

As seen above, maximum range is directly relatatiggeriod of the PRF and inversely related
to the PRF. Allowing the period of the PRF to bbmeovery large will increase the maximum
range, but will introduce greater velocity ambiguifAs a result, there is a trade off between
range and velocity ambiguities when processing fitata radars. Depending on the application
of the data, one of the two measurements may be mmgortant. Typically, MTI (moving

target indicator) radars operate with unambiguangie measurements, but with ambiguous
velocity measurements [2]. Pulsed Doppler radamd to operate with unambiguous Doppler
measurements, while having ambiguous range measuatemin our studies, weather data
received by the CHILL radar needs to have strongsmements in range and velocity to
accurately model weather patterns. Velocity ambyguill be discussed more in depth later in
the chapter.

Techniques have been devised to lower the eftdatange ambiguity including a
technique called “phase coding”. Phase codingsattee phase of the radar signal before
transmission in an attempt to reduce range amiguifThis phase difference, & determined
by a value¥, which is determined by the type of phase coding.

ak=exp (jyk)

Phase coding consists of an encoding and a decstiitey In the encoding stage, the
signal to be transmitted is multiplied by the phaset, a. The next signal received is then
multiplied by a*. If the signal is a first trip signal, then thasll make the signal coherent. If,

however, the signal is a second trip signal (it waginally multiplied by @1), then it will now
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be phase modulated by ckza*. We will be considering only first and secondinal trip

signals, as this technique can be extended to cosapefor further order trips. Additionally, we
will consider the first round trip signal to haveegter power than the second round trip.

Analysis is nearly the same if the opposite is.trilew, depending on the type of code used, one
is able to alter the spectra of the two signalswveilcer, before individual codes are examined, a
few useful properties of codes will be examined.

Given the situation where a first round trip angeaond round trip signal are overlaid, it
is helpful if the autocorrelation at lag T is eqt@kero (ie, R(1) = 0). Since velocity can be
calculated by finding the arg[R(1)], the velocitiytbe first signal can be calculated without
interference from the second signal (as it willdénéag T and thus zero autocorrelation). A
second useful property when designing codes isdpability to reconstruct signal spectrum
from a small part of the original spectrum. THsiseful because some filtering of the first
signal may occur before the second signal’s specisueproduced. Types of codes will now be
examined.

The first types of phase coding introduced weré¢esgatic phase coding and random
phase coding. In a systematic phase coding proeethe phase difference between successive
pulses is uniform. An example of this is usinghage offset of 0 on the first transmitted pulse, a
phase offset ot/4 on the second pulse, and a phase offset2obn the third pulse. This is the
most intuitive type of phase coding, but anotheetgf phase coding was introduced called
random phase coding. Depending on the applicatemom phase coding may be superior to
systematic phase coding. Random phase coding\sumspk a phase offset that is random

between pulses.

26



A new type of phase coding was developed in regearts called SZ coding developed
by M. Sachidananda and D. Zrnic [3]. In this tgge@hase coding, the phase offset is
determined by the number of samples M and a factorbe chosen, which will affect the period
of the code. Below is the formula determining pi@se offset in this code.

Qo=Wk1—Wu= nmk*/M
For example, the SZ(8/64) code, has 64 samplesegedts every8Bsample. The SZ code was
constructed to have the two properties discussedeatautocorrelation at lag T equals zero and
possible spectrum reconstruction from a small partf the original spectrum. In the case of
the SZ(8/64) code, autocorrelation is one at ld@s @6...64 and autocorrelation is zero at all
other lags. From this property, one can effecyiwallculate velocity estimates on the first signal
without error from the second signal. Once the@®y of the first signal is determined, a notch
filter around this velocity can be implemented bea tomplete signal spectrum. From the
resulting signal, the velocity of the second tignsl can be estimated. Simulations conducted
by Sachidananda and Zrnic have shown this techriabe superior to random phase coding
and systematic phase coding. Velocity ambiguity tchniques to reduce the effects of

velocity ambiguity will now be examined.

4.2 Solution Resear ched

In the second semester of this project, real rddta was collected using different coding
schemes. Using the CHILL radar on December 286 20@erent coding techniques were
utilized on data collected from a snowstorm arolihtb4 PM. There were two intended goals

when analyzing the data. The first goal was temheine if there were second trip signals
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present and the second goal (if there were secgnsdignals present) was to analyze the
effectiveness of the coding techniques to supmessnd trip signals.

To effectively compare the coding techniques, eata collected in VH and VHS mode
without coding. VH mode switches polarizationswe#n subsequent pulses, while VHS mode
broadcasts both polarizations on all pulses. Sutéenode will effectively have twice the range
of VHS mode, VH mode can be used a standard ferahating if second trip signals are
present.

Using VH mode with no coding as a standard to cmapther coding techniques,
different metrics were needed to effectively conegaie results. Two such metrics were used:
comparison of reflectivity (dBZ) plots and compansof mean velocity plots. First, reflectivity
will be introduced.

Reflectivity is a measure of the energy beinge#td by a given target. It is measured
using units called dBZ and is calculated usingftiimula below.

Z(dBZ) :=P(dB) + Gr+ C + 20dog()
where Z = reflectivity in dBZ, P = received powerdB, Gr = receiver gain, C = radar constant,
and r = range in km. Reflectivity is importantanalyzing radar, as it can be an indication of the
type of precipitation (if one is present). Valw#l0+ dBZ indicate rain with higher values
indicating heavier rain and values of 30 — 40 dBdicate snowy conditions. Since data
collected on December 28, 2006 was during a snomstiowas expected that data collected
would be in the range of 30 — 40 dBZ. Below ida&ivity in VH mode using a RHI (row

height indicator) plot.
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As seen above, data in the range of 40 — 80 kna hefiectivity value between 15 and 35
indicating a snowstorm is occurring. This plotrotworates with the physical conditions that
were present on December™28A few distinct characteristics can also be saehe above plot.
First, precipitation is occurring below a heightddkm. This is where precipitation is expected
to occur. Second, ground clutter near the radatbeaseen between 0 and 10 km near the
ground. Finally, the storm appears to be stronge80 km (with a reflectivity value of
approximately 35 dBZ). This reflectivity plot in/mode is used as the standard for comparing
other coding techniques.

The first coding technique compared is VHS modé&wit coding. This is the situation

where the energy being sent is dual polarizedidonibt phase coded in any way. Below is a
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reflectivity plot in VHS mode.
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Seen above, the data collected in VHS mode isdifit than the data collected in VH
mode, though the differences appear to be minOtee specific area where reflectivity
measurements differed was at a range of 20 km deigat of 4-6 km. The VH mode
reflectivity plot shows values of 10-20 dBZ in tlasea, while the measurements are less than 0
dBZ in the VHS mode. Overall, however, differenbesween the plots seem to be very small.

Next, random phase coding was analyzed by attg@hnandom phase component to dual
polarized signals before they were to be analyadgon their retrievals, the signal would be
made coherent by adding the complex conjugateeobtiginal random phase. Below is a

reflectivity plot of the random phase coding.
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Random phase coding appears to be most simithet'HS mode (which is expected),
but generally, pretty similar to the VH mode. Thasult either implies that random coding is

ineffective in this study or there are not secarmidignals present. Before these questions are

analyzed, SZ coding will be studied.

As described earlier, SZ coding is believed toebazeed the effectiveness of random
phase coding, based on simulations. In this stwéyexamined how effective it was in real data

collected by the CHILL radar. Below is the refigity plot of SZ coding.
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(Figure 18)
Again, SZ coding appears to be very similar todhdier plots with its greatest similarity
to random coding and the no coding (VHS mode) plots
Based on reflectivity metric, it appears that f@any) second trip signals are distorting
the received data. This can be seen, as therd&td mode and VHS mode appear to be very
similar. There are some notable differences imthts, but they seem to be inconsequential.

Next, a different metric using average power wadiag to help justify the previous

conclusions.

Average power (in dB) at different ranges waswaked in VH mode and compared to

similar measurements for the different coding tégives. Before this was completed, data

collected for two different sweeps in VH mode wplatted for comparison and shown below.
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(Figure 19)

The first plot shows a scatter plot of the meawgroat different ranges for the data
collected in the first sweep of VH mode versus datéected in the second sweep of VH mode.
Linear regression was completed on this scattergoid was shown to be .99x+.76. Ideally, if
the measurements were exactly the same, thendpe of best fit would equal 1, but in our case,
.99 seems more than satisfactory for justifyinguke of this metric. Additionally, the mean
square error (norm of the residuals) was foundetedpual to 13.2366.

The first coding scheme analyzed using this metes the VHS mode (no coding)

method and the results are seen below.
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(Figure 20)
In the above plot, the slope is .97, which inddsatot quite as good of correlation as the
correlation between two VH mode sweeps. Additinahean square error was found to be
29.7908, which was far greater than the previolisevaf 13.2366. Next analyzed was the

random coding scheme.
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(Figure 21)

With the use of random coding, the slope calcdlatgng linear regression was nearly
identical to the value obtained in the case ofauiryg (.9775 for random, .9794 for no coding).
The norm of the residues was smaller than the puswtase with a value of 27.3908. Finally,

SZ coding was analyzed using this metric.
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the residues decreased to 26.44. Below the remd@tsummarized in a table.

Case Slope of Best Fit Norm of the residues
VH mode vs. VH mode .99 13.2366
VHS mode vs. VH mode 9794 29.7908
Random coding vs. VH mode 9775 27.3908
SZ coding vs. VH mode .98 26.44

(Table 1)
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Using the data provided above, clearly SZ codimigperforms random coding and no
coding (VHS mode) techniques by minimizing the mequare error. The difference between

the methods seems to be very small; however, imglghe test was somewhat inconclusive.

4.3 Conclusion and Futurework

Based on the two metrics, reflectivity and avernageer correlation, it was determined
that second trip signals were either not presetd@iveak to exhibit an influence on the rest of
the signal. This determination successfully cortguleéhe first objective of this section of the
project: determine if second trip signals were @neés The second objective was to determine the
effectiveness of the different coding schemesg@osd trip signals were present). This
objective was null, as it was determined that sddap signals weren’t present. Based on the
data of the average power scatter plots, it appgbatsSZ coding slightly outperformed the other
coding methods, but these results could be conmpletsubstantiated since the differences were
so small.

For future research into this topic, there areva $uggestions that are made for
continuation of this project. First of all, the PRhould be increased substantially to increase the
likelihood of second trip signals. Once it is detaed that second trip signals are present,
effective analysis of the different coding techraguwould be completed. The second suggestion
regarding future research is that many data setsdlected and analyzed to corroborate any
initial results. The study completed this yearyantluded one set of data collected in
December 2006. To effectively support any conolusj more data should be analyzed for

validation of any conclusions that are drawn.
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5 Velocity Ambiguity

5.1 Overview

Velocity Ambiguity is a problem in radar signal pessing where received signals from
different velocities have a phase shift of gretttan 2. If this were to happen, the phase from
the received signal would end up giving a negatslecity, causing anomalies in the data.
When a signal is sent from the radar, it has aip@hase and power. When it encounters an
object, a fraction of the power is reflected angl phase is offset by some amount. This phase
shift is measured when the signal is returned eom ft, we can figure out the velocity the target
is moving at from an earlier discussed equation.

The maximum velocity that can be measured by arradgiven by:

A
V max=—
4T

wherel is the wavelength of the transmitted pulse, amsltihie pulse repetition period.
Typically, pulsed Doppler radar systems operateedium to high pulse repetition frequencies
(PRFs), which can offset measurements receivetidoyadar. In past years, there have been
techniques that have been developed to help cdhrese ambiguities, such as a clustering
algorithm, which will be discussed here.

A popular choice for radar systems has been thieeSa Remainder Theorem. For
accurate measurements, this theorem provides decesults. However, if there is some range
error, then the result could have a very largegrirect value. To help correct this, a clustering
algorithm has been researched and implementedsponse to this, a clustering algorithm has
been researched and has been shown to performmetteln than the Chinese Remainder

Theorem.
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5.2 Solution Resear ched
This clustering algorithm takes an array of measants:

-y}
V=Vt KV i K=

where \4j is the Nyquist velocity for a certain PRF, K isalar value from the given range, and

Vmax IS the maximum magnitude of the target velociBnce this vector has been created, we

order it from smallest to largest and then finddkerage squared error of the function by:

where m is the number of consecutive ordered ranggss the ordered vector of velocity
measurements, and V is the median value of thewvgatar. The minimum value of this
resulting vector represents the best grouping t# dad by taking the ratio of this to the second
lowest value, we can find out the overall prob&pihat its' estimate is correct or not [5]. This
algorithm has already been implemented over thensmby Joe Weismann and has been
checked over.

How clustering performs given different number®&Fs (between 3-6 different, spaced
relatively evenly between 1 — 2 kHz) was researcBemnparing 6 PRFs to 3 didn’t show too
much improvement overall when looking at mean earad standard deviations between multiple
realizations. 50 velocities between -45 to 45 n@/sies were simulated. Thus, if clustering
were to be incorporated into radar systems, a maxiof 3 PRFs should be used over the CRT

algorithm, as even with 3 PRFs, it performs mudten¢han the CRT, as seen below.
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Estimation Error (m/s)

(Figure 23)

The above plot is generated versus the true vedecithe overall error is very, very close to O.

Plotting the estimation error (true velocity — psdted velocity) of the CRT gives a graph in

which the clustering algorithm’s performance canm®seen, from the large error generated by

as seen in the foligngraph:

the CRT unfolding technique,
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The CRT algorithm works fine between -30 to 30 ro(d,then generates very, very large errors
beyond those velocities.

Next, it was planned to look at implementing thaximum likelihood technique, which
takes an array of data and discriminates betweestghsults (ambiguities) and real targets. The
results presented in tiAembiguity Resolution of Multiple Targets Using Pulse-Doppler
Waveforms looked promising, as the calculated probabilitgatcessfully resolving up to 4
targets for a medium-PRF waveform was essentiallif s also extendable to high PRF
applications, with promising success [4].

Going over the algorithm itself, the total likedid is a function of the probability of
detection, the probability of a false alarm, theasweement error characteristics, and the

probability of target resolution on a single PRHRjeh is a function of the target separation from
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other targets [6]. This was very difficult to callate, since some of these factors are unknown,
and implementation was difficult — so much so thaas unfortunately unable to implement this
algorithm.

What was understood of the maximum likelihoochest the total probability that a radar
detection is an actual target, and not a “ghostjdf is given as the probability of obtaining a
specified number of false alarms at some veloesywell as the probability of a false alarm at a
given range and the range measurement likelihoodlftargets. All of this is performed after
clustering the resulting detections into two “gretips one set of “feasible targets” — super
targets, which are composed of more than 3 targatsanother group that consists of 3
measurements, both of which have the smallestIpessiean squared error, as per the clustering
method.

To calculate the resulting probability, certaipests need to be known about the radar
system, in general. For example, the probability &dlse alarm in a given range-Doppler cell
and the velocity measurement error variance asgaocwith a given target need to be known.
How these are actually calculated or estimatechatenentioned anywhere in the paper — the
only comment about these parameters is that irod galse-Doppler radar system the
probability of false alarms should be small.

Another part of this maximum likelihood method atwes calculating various “target
combinations” for the given set of feasible targees calculating the probability that all
detections are false alarms, calculating the prtibabf one-target combinations, and so forth.
For example, for a given two-target combinationsiderations are made that neither are a
“super target,” that only one is a “super target,that both are, reordering the targets within

these sets while keeping both targets’ mean squaredto a minimum. This process is repeated
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for every possible target combination within thedfdeasible targets. It's assumed that we are
to arbitrarily assign these target combinationa sort of linear search pattern as we go through
the detection set, but no details were given.iff line of thinking is correct, then a programmer
would be doing a large number of combination catahs that are very time consuming, as the
number of feasible targets is not known until tlgoathm is run. Generally, you can set a
maximum number of detections that have 3 targetts asminimized squared error, but the set of
super targets isn’t limited, so depending on youitéd set of numbers, the resulting
calculations could take a very long time, or a v&mgrt time. However, the higher your limit is,

the more accurate the algorithm is. The paper ctwase 10 as the maximum size of targets.

5.3 Conclusion

In the end, there were too many unknowns in tbability equation that were
glossed over in the research paper, and was unfidly unable to get the maximum likelihood
algorithm running. The clustering portion that wa#ten works fine, however actually
calculating the probability is the portion that wasclear. If possible, the maximum likelihood
algorithm should be investigated a bit more to tinelse vague parameters and see if it performs
well enough to warrant actual implementation omfethardware updates. Until then, clustering
works very well and should definitely be implemehtence CHILL or other radars are equipped

with the ability to send and receive 3 or more PRFs
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6 Conclusions and Future Work

This year we have barely scratched the surfackeoptoblems that others must face on a
daily basis. The problems of clutter, range amibygand velocity ambiguity are not topics that
we had learned already in the electrical engingedtgpartment but with the help of Professor
Chandrasekar, Cuong Nguyen, and Nitin Bharadwajyvese able to analyze radar data and
draw conclusions from this data.

As we have discussed in detail previously, theeed#fferent techniques that can be
utilized to lower or eliminate the effects of ckritrange ambiguity, and velocity ambiguity.
With clutter, FIR and IIR notch filters can be ugeckliminate low frequency noise. Also, FFT
and GMAP techniques can be used for effectiveriiiteof clutter. Analysis shows that a very
effective way of removing ground clutter without ssong about removing wanted signal is the
GMAP adaptive filtering. Although not proven to &&ut all the ground clutter, it is shown that
it can be very effective. Research on differenad®ts can be implemented to exactly see how
effective GMAP is with weather targets.

Range ambiguity can be dealt with using phase godiithough different types of
phase coding have been introduced in the past yweatrs, today, SZ coding has shown in
simulations to be the most effective. Analysisamfar data collected from the CHILL radar in
late 2006, showed inconclusive evidence to sugpereffectiveness of random or SZ phase
coding. Two suggestions were made for future omatiion of studying range ambiguity:
increase the PRF to a frequency which clearly atehdeecond trip signals and analyze much
more data. Using these two suggestions wouldylikegult in a clearer picture of the efficiency

of phase coding.
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Finally, velocity ambiguity effects can be lowenesing multiple pulse repetition
frequencies in conjunction with clustering algamihand the maximum likelihood estimator. It
was impractical to run these methods using rea, éet gathering data with more than 2 PRFs is
difficult to do, and would require a lot of time teconfigure the radar to do so. In the end,
simulations were run to test the effectivenessallef clustering and the maximum likelihood,
if it could have been coded to work. Due to a foambiguity in the research paper, the
maximum likelihood algorithm was unable to be codad tested, although clustering was
analyzed a bit more, and it was concluded thatemintation in real radar systems should be
done, if the potential to gather more than 2 PRés®

Over the course of the past school year, we wdeetalfirst learn the basic problems
involved in processing data obtained from raddigtér, range ambiguity, velocity ambiguity)
and then learned about methods to minimize thesess These problems will always exist
when processing radar data, but with more resesardidata analysis, it will be possible to

significantly reduce their negative effects.
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Al Relevant M atlab codes

File: bimodal.m

% This file creates radar clutter for a given signa | that is similar

% to example.m.

% This file calls the simSIG.m file that was provid ed to us

clc

clear all

close all

96************************************************** kkkkhkkkkhkhkkkhkhkkkkhkkk

% Input parameters for S-band radar data

f0=3e9; % Radar frequency in Hz ( X-band ~10 GHz,
S-band ~3 GHz)

c=3e8; % Velocity of light m/s

lambda=c/f0; % Wavelength in m

prt=1e-3;

prf=1/prt;

fmax=1/(2*prt); % Nyquits freq.

va=lambda/(4*prt); % Unambiguity radial velocity

rmax=c*prt/2; % Unambiguity range

m=64; % Sample size

pn=15; % Noise power (in dB)

SNR=20; % Signal to noise ratio (in dB)

p=pn+SNR; % Signal power (in dB)

v=5; % Signal velocity (in m/s)

w=4; % Signal spectrum width (in m/s)

% Dual-polarization parameters

rhoco_P=0.99; % Co-polar correlation coefficient of
signal
phidp_P=-50; % Differential propagation phase in deg
zdr_P=2; % ZDR for precipitation in dB
win_flag=1; % Set window effect for simulation program
(1: apply window effect on the data; 0:
no)
noise_flag=1; % Indicate wheather noise is included in
simulated data or not (1: yes; 0: no)
warning  off ;
format short ;
96************************************************** kkkkhkkkkhkhkkkhkhkkkkhkkk

% Generate data

% h_ts: time series for H polarization signal

% v_ts: time series for V polarization signal
[h_ts,v_ts]=simSIG(f0,prt,m,p,pn,v,w,zdr_P,phidp_P, rhoco_P,noise_flag,win_fla
9);
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pn=15;

SNR=40;

p=pn+SNR;

v=0;

w=.1;

[h_clut,v_clut]=simSIG(f0,prt,m,p,pn,v,w,zdr_P,phid p_P,rhoco_P,noise_flag,win
_flag);

h_temp=convn(h_ts,h_clut, 'same’ );
v_temp=convn(v_ts,v_clut, 'same’ );

% *kkkkkkkkk *kkkkkhkkkhhkk *kkkkkkkkk *% *kkkkkkkkk *%

% Plot PSD of the signal (Hamming Window)

[Phh,faxis] = periodogram(h_ts,hamming(m),m,fmax);
vaxis=fliplr(linspace(-va+2*va/m,va,m));

Phh=fftshift(Phh);
% Signal with Clutter
[ph_temp,fax_temp]=periodogram(h_temp,hamming(m),m, fmax);

vax_temp=fliplr(linspace(-va+2*va/m,va,m));

ph_temp=fftshift(ph_temp);

figure

subplot(2,2,1), plot(vaxis,dbs(Phh), - ,vax_temp,dbs(ph_temp)
legend( 'Red line: Without Clutter' , 'Blue line: With Clutter'

grid on;

xlabel(  'Velocity (ms”{-1})' )

ylabel( 'Power (dB)' )
titte(  'Hamming window' )

%
% Plot PSD of the signal (Blackman window)

[Phh,faxis] = periodogram(h_ts,blackman(m),m,fmax);
vaxis=fliplr(linspace(-va+2*va/m,va,m));

Phh=fftshift(Phh);
% Signal with Clutter
[ph_temp,fax_temp]=periodogram(h_temp,blackman(m),m ,fmax);

vax_temp=fliplr(linspace(-va+2*va/m,va,m));

ph_temp=fftshift(ph_temp);

subplot(2,2,2), plot(vaxis,dbs(Phh), - ,vax_temp,dbs(ph_temp), b-" )
legend( 'Red line: Without Clutter' , 'Blue line: With Clutter' );

grid on;

xlabel( 'Velocity (ms~{-1})' )

ylabel(  'Power (dB)' )
title(  'Blackman Window' )

% *kkkkkkkkk *kkkkkhkhkkhhkk *kkkkkkkkk *% *kkkkkkkkk *%

% Plot PSD of the signal (Rectangular Window)
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[Phh,faxis] = periodogram(h_ts,rectwin(m),m,fmax);
vaxis=fliplr(linspace(-va+2*va/m,va,m));

Phh=fftshift(Phh):

% Signal with Clutter
[ph_temp,fax_temp]=periodogram(h_temp,rectwin(m),m, fmax);
vax_temp=fliplr(linspace(-va+2*va/m,va,m));

ph_temp=fftshift(ph_temp);

subplot(2,2,3), plot(vaxis,dbs(Phh), - ,vax_temp,dbs(ph_temp))
legend( 'Red line: Without Clutter' , 'Blue line: With Clutter'

grid on;

xlabel( 'Velocity (ms~{-1})' )

ylabel( 'Power (dB)' )

title(  'Rectangular Window' )
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File: spectrumage.m

% DESCRIPTION: creates time series data with length
mean power and mean velocity, as well as the variat

m; calculate and plot the
ions of both; uses the

simSIG.m file provided to us for signal generation

% INPUT: power of noise; SNR; velocity; spectrum wi dth.

96 * * * * * * * * * * * *

% Input parameters for S-band radar data

f0=3e9; % Radar frequency in Hz ( X-band ~10 GHz, S-band
~3 GHz)

c=3e8; % Velocity of light m/s

lambda=c/f0; % Wavelength in m

prt=1e-3;

prf=1/prt;

fmax=1/(2*prt);
va=lambda/(4*prt);
rmax=c*prt/2;

m=64;
pn=15;
SNR=20;
p=pn+SNR;
v=5;

w=4;

% Dual-polarization parameters
rhoco_P=0.99;

phidp_P=-50;

zdr_P=2;

win_flag=1;

% Nyquist freq.
% Unambiguity radial velocity
% Unambiguity range

% Sample size

% Noise power (in dB)

% Signal to noise ratio (in dB)

% Signal power (in dB)

% Signal velocity (in m/s)

% Signal spectrum width (in m/s)

% Co-polar correlation coefficient of signal
% Differential propagation phase in deg
% ZDR for precipitation in dB

% Set window effect for simulation program (1:

apply window effect on the data; 0: no)

noise_flag=1;

simulated data or not (1: yes; 0: no)

warning  off ;
format short ;

g@**************************************************

% Generate data in a two-dimensional array, h_signa

% Indicate wheather noise is included in

kkkkkkkkkhkkhhkhhhhkk

[(row,column)

% h_ts: time series for H polarization signal
% v_ts: time series for V polarization signal
% Also calculate Mean Power, Mean Velocity

% psd_ts: Mean Power
% vel_ts: Mean Velocity

temp=1,
n_samp=16:16:256;
psd_ts=zeros([1,5]);
vel_ts=zeros([1,5]);
std_p=zeros([1,5]);
psd_temp=zeros([25,5]);
vel_temp=zeros([25,5]);
std_p=zeros([1,5]);

% Sets our X Axis in # of samples
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std_v=zeros([1,5]);

for i=16:16:256;
for j=1:25

[h_ts,v_ts]=simSIG(f0,prt,i,p,pn,v,w,zdr_P,phidp_P, rhoco_P,noise_flag,win_fla
9);
[h_temp,h_lag]=xcorr(h_ts,1);
psd_temp(j,temp)=h_temp(2)/i;
vel_temp(j,temp)=phase(h_temp(3));
end
temp=temp+1,
end
vel_temp=abs(vel_temp * lambda/(4*pi*prt));
psd_ts=mean(dbs(psd_temp));
vel_ts=mean(vel_temp);
std_p=std(dbs(psd_temp));
std_v=std(vel_temp);

%

% Plots

%

figure

plot(n_samp,psd_ts, ‘o' );
grid on;

xlabel(  'Number of Samples' );

ylabel( 'Mean Power (dB)' );

figure

plot(n_samp,vel_ts, ‘o' );
grid on;

xlabel( 'Number of Samples' );

ylabel( 'Mean Velocity' );

figure

plot(n_samp,std_p, ‘o' );
grid on;

ylabel( 'std(P)" );

xlabel(  'Number of Samples' );
figure

plot(n_samp,std_v, ‘o' );
grid on;

xlabel(  'Number of Samples' );
ylabel( 'std(Velocity)' );
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A2 Additional Considerations

The project was split into three subprojects Witk Hoatam studying clutter suppression,
Aaron Nielsen studying range ambiguity, and JoslriMetudying velocity ambiguity
mitigations. Additional guidance on these spedibigics was provided by Cuong Nguyen, and
Nitin Bharadwaj.

Though project cost might be an important consitie@n in other projects, our project
was focused around researching improvements tedftieare analyzing the radar data. No
project costs were involved in this research. Faitwsts involved in this project would only
involve software updates.

This project was geared towards weather radardgigtal processing, thus the target
audience is quite limited. Some of the methodstioeed earlier could be extended to other

radar uses such as military projects.
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