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EXECUTIVE SUMMARY
This report provides continued analysis and evaluation of data quality issues for the National Weather Service’s network of WSR-88D radars. Specifically addressed are the crosspolar power technique for Zdr calibration, the Hybrid
Spectrum Width estimator and dual polarization polarization CMD (Clutter Mitigation Decision) .
NCAR continues to assist the ROC in evaluating and trouble shooting the Crosspolar Power (CP) techniques for
Zdr calibration. The CP technique is of interest since it is an external calibration; i.e., it does not require external
power sources or meters to execute the calibration. It has been shown to be on par with the well accepted vertical
pointing technique for Zdr calibration. The CP technique utilizes passive solar measurements and returns from ground
clutter. In this report we show data from both S-Pol and KOUN. The CP technique has been proven for S-Pol and it
shows promise for the WSR-88Ds. The KOUIN data sets examined thus far have displayed significant variance in the
solar and clutter variance, much more than is seen in the S-Pol measurements. We suspects that the "bugs" are still
being worked out the KOUN system and when the radar system is stabilized, the CP measurements will be similar to
S-Pol in data quality.
NCAR also continues to develop and support the Hybrid Spectrum Width (HSW) estimator. Both simulations
and comparison tests with experimental data show that the HSW estimator out performs the legacy spectrum width
estimator. The HSW estimator was approved for implementation by the NEXRAD TAC in November of 2009. Here we
report on a code comparison study and on a suggested hybrid width estimator for staggered PRT data. The comparison
study shows that spectrum widths estimates resulting from the ROC’s implementation of of thge HSW estimator
agreed well with NCAR’s implementation. Some bugs were found however. A new HSW estimator is developed for
staggered PRT and analysis shows it will significantly outperform the legacy spectrum width estimator for staggered
PRT data.
The discrimination capability of dual polarization CMD is investigated for CSRs less than 0 dB (Clutter-to-SignalRatio). Analysis with experimental data shows that CMD detects ground clutter signal about 50% of the time at
CSR = -12 dB. However, what is most relevant is the bias that results in the data from the undetected ground clutter. It
is shown for those data where the CSR is between -8 and -10 dB and the clutter was not detected by CMD, magnitude
of the mean of the resulting Zdr bias is less that 0.04 dB. In other words, for those clutter signals that go undetected at
these CSRs, the bias is very small if not negligible. Thus, in terms of bias of the polarimetric variables, CMD performs
better than the clutter detection statistics indicate.

Figure 1: Simulated Zdr bias versus intrinsic clutter Zdr for an input weather Zdr of 1 dB, Vr = 0 ms−1 and a
spectrum width of 2 ms−1 .

1
1.1

Dual-pol CMD performance
Clutter Detection at Low CSR

In the FY 10 final report (Hubbert et al., 2010) simulations were presented that characterized the errors in the dualpolarimetric radar data in the case of overlaid weather and clutter echoes. The simulations included various clutter to
signal ratio (CSR) values and various weather and clutter input values such as radial velocity, spectrum width and Zdr .
It was concluded that significant biases in the polarimetric data could occur at CSR values as small as -15 to -20 dB.
An example from Hubbert et al., (2010) is shown in Fig. 1, which shows the simulated Zdr bias (dB) at different CSR
values (colored lines) and different intrinsic clutter Zdr values (varies along the x-axis). For the simulation results
shown in Fig. 1 the weather echo characteristics were held constant: Zdr = 1 dB, Vr = 0 ms−1 , and SW = 2 ms−1 .
Figure 1 shows that significant Zdr biases can occur at low CSR values when the intrinsic Zdr values of the overlaid
clutter and weather are different enough. It is also clear from Fig. 1 that the Zdr bias is quite small for a given CSR if
the intrinsic Zdr values of the clutter and the overlaid weather are close enough. For example at -10 dB CSR (green
line) the Zdr bias is small for clutter Zdr values within about 3 dB of the weather Zdr , while at -15 dB CSR the Zdr
bias is not significant until the clutter Zdr is more than 5 dB different from the weather Zdr .
Also shown in Dixon et al. (2010) is the Zdr bias computed from simulations for pure weather spectra as well as
clutter mixed with weather due the application of the GMAP clutter filter. According to the simulations, the Zdr bias
due to GMAP can be 0.2 dB for weather echoes with 0 ms−1 radial velocity (Vr) and spectrum width (SW) values of
less than 2 ms−1 . For narrow spectrum width weather the Zdr bias due to GMAP is simulated to be 0.2 ms−1 for Vr
values of 2 ms−1 .
Analyses show that at low CSR values (e.g. below -10 dB) the GMAP clutter filter can cause larger Zdr biases than
the overlaid clutter if the clutter Zdr values are near enough to the weather echo Zdr , in which case it would be better
not to apply GMAP. However if the clutter and weather Zdr values are different enough, the bias in Zdr caused by the
overlaid clutter exceeds the Zdr bias caused by GMAP; in which case it would be better to apply GMAP. Therefore at
-10 and -15 dB CSR values it is optimal for the Zdr measurement to apply GMAP to only those range gates that have a
difference in clutter and weather Zdr of greater than about 3 and 5 dB respectively (Fig. 1). Given the results of these

Figure 2: PPI scan of Z and Vr from the S-Pol radar near Boulder CO, May 8, 2006 at an elevation angle of 0.5 deg.
simulations it becomes clear that there is not a single value of CSR which is an ideal cutoff between applying and not
applying GMAP. Even more the percentage of range gates that should have GMAP applied in order to obtain the best
Zdr measurements decreases with decreasing CSR. As an illustration consider the data shown in Fig. 2 and Fig. 3.
Figure 2 shows nearly clutter only PPI scans of reflectivity (Z) and Vr from the NCAR S-Pol radar near Boulder CO on
May 8th 2006. The two circles denote isolated weak clutter echoes. Figure 3 shows the Z, standard deviation of Zdr
(SDZDR) and standard deviation of PHIDP (SDPHI) from the same radar and elevation angle but with wide-spread
stratiform precipitation on April 24th 2007. Notice that the clutter echoes denoted by the circles are difficult to see in
the reflectivity shown in Fig. 3 due to the overlaid weather echoes. The CSR values range from about -5 to -15 dB.
Figure 4 shows the accompanying SDPHI field. The standard deviation fields, SDZDR and SDPHI, are high in Figs. 3
and 4 within the region of the weak clutter echoes. For the Zdr , this would be explained if the clutter Zdr values
were not close to the weather Zdr values resulting in the Zdr field having the same noisy characteristic as it would in
pure clutter. The SDPHI field is also elevated in the weak echo region denoted by the circles. In fact the SDPHI field
appears to generally agree with the SDZDR field.
The resulting CMD clutter identification is shown in Fig. 5. It can be seen that the CMD successfully chooses
the locations within the circles for filtering by the GMAP (or other) clutter filter despite the CPA in these cases being
lower than usually identified with clutter (not shown). The CPA is lowered by the presence of the relatively strong
weather echo.
In order to examine these ideas further we now expand on the CMD feature field analysis presented in the FY
2008 report Ellis et al. (2008). In Ellis et al. (2008) histograms of the dual-pol CMD feature fields were examined for
pure weather and clutter as well as clutter/weather mixed at various values of CSR. The histograms for pure clutter
and weather of the feature field SDZDR are reproduced in Fig. 6. It can be seen that the weather has small values of
SDZDR with a peak near 0. The clutter on the other hand has much larger values and its peak is near 5. There is only
a small overlap between the distributions. This implies that identifying pure clutter and pure weather with this feature
field is easy. The challenge is identifying clutter mixed with weather that is actually biasing the dual-pol fields. The
SDZDR histograms for mixed clutter and weather conditions at CSR values ranging from 0 to -10 dB that Hubbert et
al. (2008) presented are reproduced in Fig. 7. It can be seen that the distributions for CSR > -6 dB are very clutter-like
compared to Fig. 6, although the maximum for SDZDR is around -3 rather than -5 dB. For CSR values smaller than -6
dB the distribution is bi-modal with a clutter-like portion similar to the higher CSR curves and a weather-like portion
with a maximum near 0. For various ranges of values of SDZDR and a CSR between -8 and -10 dB we computed the
mean of the difference in Zdr between the mixed clutter and weather and the accompanying weather Zdr value, i.e.
the mean of the Zdr bias. The mean of the Zdr bias numbers at -8 to -10 CSR are shown in Fig. 7 at the top of the plot
within the SDZDR range for which it was computed denoted by the solid red lines. The mean Zdr bias is near 0 dB for

Figure 3: PPI scan of Z and SDZDR from the S-Pol radar near Boulder CO, April 24, 2007 at an elevation angle of
0.5 deg.

Figure 4: PPI scan of SDPHI from the S-Pol radar near Boulder CO, April 24, 2007 at an elevation angle of 0.5 deg.

Figure 5: PPI scan of the CMD flag from the S-Pol radar near Boulder CO, April 24, 2007 at an elevation angle of
0.5 deg.
SDZDR values less than 1, or in the weather-like portion of the -8 to -10 dB CSR histogram. As the SDZDR values
increase in Fig. 8, so does the magnitude of the mean Zdr bias values with a maximum of 3.44 dB at SDZDR greater
than 7. In other words, in the clutter-like portion of the distribution of SDZDR in mixed clutter/weather conditions the
Zdr is biased by the overlaid clutter while in the weather-like portion of the distribution the Zdr is nearly unbiased.
This can be explained in the context of the simulation results given in Dixon et al. (2010). In regions with similar
enough Zdr values in the clutter and weather to result in low Zdr biases the SDZDR field is similar to what it would
be in pure weather. Thus these regions result in the weather-like portion of the -8 to -10 dB CSR SDZDR distribution
of the histogram in Fig. 7. In regions with different enough Zdr in clutter and weather to cause higher Zdr bias
the SDZDR field resembles what it would be in pure clutter. Thus these regions result in the clutter-like portion of
the SDZDR distribution in Fig. 7. Therefore at a given CSR value, the SDZDR field can be used to differentiate
regions where the Zdr measurement would benefit from applying the clutter filter from regions where it would not.
This example illustrates that there is an advantage to using the characteristics of a measurement (in this case Zdr )
to determine the quality of the measurement itself. But SDZDR is not the only dual-pol feature field used in CMD.
Next we examine the Zdr bias as a function of the SDPHI feature field. Figure 8 shows the normalized histograms of
SDPHI in pure weather and pure clutter reproduced from Hubbert et al. (2008). The SDPHI in pure weather is smaller
than the pure clutter and has a maximum in the distribution near 0. The SDPHI in pure clutter is generally much larger
than in weather and has a maximum in the distribution around 50. The overlap of the two distributions is quite small.
The SDPHI histograms for mixed clutter and weather conditions at CSR values ranging from 0 to -10 dB that
Hubbert et al. (2008) presented are reproduced in Fig. 9. Similar to the SDZDR plot in Fig. 7, it can be seen that the
distributions of SDPHI for CSR > -6 dB are very clutter-like compared to Fig. 8. Again for CSR values smaller than -6
dB the distribution is bi-modal with a clutter-like portion with a maximum about 50 and a weather-like portion with a
maximum near 0. We computed the Zdr bias values for various ranges of SDPHI. This comparison was made in order
to gage whether or not both of the feature fields SDPHI and SDZDR identify regions of Zdr bias. The computed Zdr
biases are shown at the top of Fig. 9 for the ranges of SDPHI denoted by the vertical solid red lines. The magnitude of
the mean Zdr bias for values of SDPHI less than 10, corresponding to the weather-like portion of the distribution, is
0.06, i.e. unbiased. The bias numbers increase with increasing SDPHI similarly to the SDZDR case. The mean bias of
the Zdr is over 1.3 dB for SDPHI values greater than 40. This is an interesting result because it means that at a given

Figure 6: PPI scan of the CMD flag from the S-Pol radar near Boulder CO, April 24, 2007 at an elevation angle of
0.5 deg.Normalized histograms of SDZDR for pure weather (red) and pure clutter (blue). The black line indicates the
membership function.

Figure 7: Normalized histograms of SDZDR for pure weather (red) and pure clutter (blue). The black line indicates
the membership function.

Figure 8: Normalized histograms of SDPHI for pure weather (red) and pure clutter (blue). The black line indicates
the membership function.
CSR value (-8 to -10 here) the feature field SDPHI identifies in a general sense regions of Zdr biased by the overlaid
clutter as well as regions where the Zdr is not biased by the overlaid clutter.
Figure 10 shows the fraction of range gates filtered (solid lines) and unfiltered (dashed lines) for the dual-pol (thick
black lines) and single-pol (thin black lines) versions of CMD as a function of CSR that was presented in Hubbert et
al. (2008). The dual-pol version of CMD identifies the presence of clutter at lower CSR values and identifies 50% of
the range gates for filtering at a CSR of about -12 dB. However we know that not all of the data at a given CSR value
has biased dual-pol estimates depending on the characteristics of the clutter and weather echoes. Next we computed
the Zdr biases for data with CSR values in the range -8 to -10 dB based on the output of the CMD algorithm. The
mean magnitude of the Zdr bias was computed in range gates that CMD identified for clutter filtering and for range
gates that were not identified for clutter filtering for CSR values between -8 and -10 dB. For the range gates identified
as having clutter contamination and needing the clutter filter the mean magnitude of the Zdr bias was 0.35 dB. The
range gates that were not filtered at the same CSR range had a mean magnitude of the Zdr bias of 0.04 dB, or unbiased
overall. It should be noted that both versions of CMD identify close to 100% of data with a 0 dB CSR (i.e. the weather
and clutter have equal power).
These results indicate that in a general sense, in regions with low CSR values the dual-pol CMD algorithm identifies
areas that have a large Zdr bias caused by overlaid ground clutter and regions in which the Zdr is not significantly
biased by the overlaid ground clutter. This means that the GMAP clutter filter is applied in regions of contaminated
Zdr and not applied in regions where GMAP can potentially bias the Zdr more than the overlaid clutter. An important
outcome of the analysis presented is also to understand that there is not a single value of CSR that demarks the optimal
value above which 100% of the gates should have the clutter filter applied. Since at a given CSR value not all of
the data are biased by the clutter (at least in terms of Zdr ), it may do more harm to apply the clutter filter at all
range gates with that CSR. Therefore there is an advantage to utilizing feature fields that indicate the quality of the
radar measurements to determine if clutter contamination is significant enough to warrant applying the clutter with its
accompanying degradation of data quality. The analysis of the Zdr errors in terms of CSR, the feature field output
and final CMD results presented above is a good step in characterizing the performance CMD, but is not complete.
Similar analysis of the other dual-pol variables as well as Z and Vr should also be completed. Furthermore there are

Figure 9: Normalized histograms of SDPHI in clutter mixed with weather for various ranges of CSR values. The
numbers at the top are the Zdr (dB) bias for the ranges of SDPHI values demarked by the vertical red lines.

Figure 10: The fraction of range gates CMD flagged to be filtered (solid lines) and unfiltered (dashed lines). Shown
are the dual-pol CMD (thick black lines) and single-pol CMD (thin black lines).

Figure 11: PPI plots of Z and Vr taken from KOUN on November 29, 2010 at 0.5 deg. elevation angle.
difficulties in estimating the CSR using the GMAP output as described in Hubbert et al. (2008). It is planned to overlay
the time-series data of pure weather and pure clutter and test the dual-pol CMD on the resulting data. In this way the
CSR should be known. There are several difficulties with this approach. Due to the sensitivity of S-band radars to
Bragg scatter and insect echo, pure clutter echoes may be difficult to find. Also due to side-lob clutter it is difficult to
ensure that there is no ground clutter echo within weather echoes even at higher elevation angles. Therefore one must
use caution performing such an analysis to ensure accurate CSR estimates.

1.2

Data Examples on KOUN

The dual-pol CMD had been developed and tested using NCAR S-Pol data. The dual-pol CMD was run on several
KOUN data cases in order to verify that the algorithm, in particular the specific membership functions and weights,
were transferrable from S-Pol to the NEXRAD dual-pol testbed. The single-pol version of CMD was also run on the
KOUN data for comparison to the dual-pol results. Figure 11 shows PPI plots of unfiltered Z and Vr collected from
KOUN November 29, 2010 at 10:52 UTC. Ground clutter can be seen close to the radar as the high Z and 0 ms−1 Vr.
A line of convective storms and a region of convective activity are located to the south and east of the radar. There
are clear air echoes evident surrounding the ground clutter. The feature fields of SPIN and the Texture of Reflectivity
(TDBZ) are shown in Fig. 12. The CMD is tuned so that high values of SPIN and TDBZ indicate the presence of
clutter (Hubbert et al. 2008). It can be seen that both feature fields do generally well in separating out the region
of clutter from the precipitation and clear air echoes. The clutter region has significantly higher values of SPIN and
TDBZ while the weather and clear air have values closer to 0. Both the SPIN and TDBZ show scattered high values
within the convection as well as some lower values within the clutter region (seen as gray in Fig. 12).
Figure 13 shows the dual-pol feature fields of Standard Deviation of Zdr (SDZDR) and Standard Deviation of
PHIDP (SDPHI) for the same case shown in Figs. 11 and 12. The SDZDR and SDPHI feature fields show a good
general separation between the ground clutter and precipitation and clear air echoes with the clutter values being much
higher than the non-clutter. Both SDZDR and SDPHI have fewer high values within the precipitation echoes and fewer
low values within the clutter region compared with SPIN and TDBZ.
Figure 14 shows the Clutter Phase Alignment for the KOUN case. There is excellent separation of the clutter
echoes, with high values of CPA, and the weather and clear air echoes, with low values of CPA. As expected there are
elevated levels of CPA in the weather that has near 0 ms−1 Vr values, but the CPA in weather does not rise to the level
expected in clutter in this case.
Figure 15 shows the CMD output of both the dual-pol version and the single-pol version of the algorithm. The

Figure 12: PPI plots of SPIN and TDBZ taken from KOUN on November 29, 2010 at 0.5 deg.elevation angle.

Figure 13: PPI plots of SDZDR and SDPHI taken from KOUN on November 29, 2010 at 0.5 deg. elevation angle.

Figure 14: PPI plot of CPA taken from KOUN on November 29, 2010 at 0.5 deg. elevation angle.
CMD field varies from 0 to 1 with 1 indicating the highest likelihood of clutter and 0 indicating the lowest. Figure 16
shows the CMD flag (in yellow) indicating the final identification of clutter and triggering the clutter filter to be applied
for both versions of CMD. The CMD flag is set where the CMD field (Fig. 15) is greater than 0.5. Figure 16 shows
that in this case, neither the dual- nor single-pol CMD output flag any data points within the precipitation as clutter.
Within the ground clutter region it can be seen that the dual-pol CMD flag is more consistent in identifying the gates as
clutter and the single-pol version has more speckles of missed detections. The reflectivity after application of GMAP
on range gates indicated by the CMD flag for both the dual-pol and single-pol versions of the algorithm are shown
in Fig. 17. Comparing Fig. 17 to the unfiltered reflectivity field in Fig 11 shows that both the dual-pol and single-pol
versions of CMD identify the vast majority of clutter near the radar. However, the single-pol CMD contains a few
more missed detections of clutter than the dual-pol CMD.
The next example is also taken from November 29 2010 a little later at 14:15 UTC and the Z and Vr fields are
shown in Fig. 18. Comparing Fig. 18 to Fig. 11, it can be seen that the convective activity has moved to the east and a
region of anomalous propagation (AP) ground clutter has appeared to the south of the radar.
The CMD output for the dual-pol and single-pol versions are shown in Fig. 19 and the resulting CMD flag is shown
in Fig. 20. Similar to the previous example, both the dual- and single-pol CMD successfully avoid false alarms in the
convection to the east of the radar. The dual-pol CMD is again more consistent in identifying clutter with fewer missed
detections in the clutter region near the radar as well as in the AP clutter to the south. This is reflected in the filtered
reflectivity for both algorithms shown in Fig. 21.
The last example of dual-pol CMD on KOUN data is from November 25, 2010 and contains a squall line and an
outflow boundary overlapping with the ground clutter near the radar as seen in Fig. 22 The outflow boundary is the
east-west line of weak reflectivity to the southwest of KOUN. There is also a region of AP clutter to the southwest of the
radar. Figure 23 shows the filtered Z and the dual-pol CMD flag for this case. It can be seen that the CMD successfully
identifies the region of solid ground clutter near the radar as well as the speckles of clutter in the surrounding clear air
return and they are removed by GMAP. The AP clutter to the southwest of KOUN is also identified well and removed
by GMAP. The precipitation echo in the squall line to the east of KOUN is correctly not identified by CMD as clutter
and the GMAP not applied, thereby avoiding any clutter filter bias. Interestingly, the outflow boundary to the southwest
of KOUN is also not flagged by CMD for filtering, except in the region that it overlaps with the strong clutter near

Figure 15: PPI plots of dual-pol and single pol CMD output taken from KOUN on November 29, 2010 at 0.5 deg.
elevation angle.

Figure 16: PPI plots of dual-pol and single-pol CMD flag taken from KOUN on November 29, 2010 at 0.5 deg.
elevation angle.

Figure 17: PPI plots of Z filtered using the dual-pol and single-pol CMD flag taken from KOUN on November 29,
2010 at 0.5 deg. elevation angle.

Figure 18: PPI plots of Z and Vr taken from KOUN on November 29, 2010 at 0.5 deg. elevation angle.

Figure 19: PPI plots of dual-pol and single pol CMD output taken from KOUN on November 29, 2010 at 0.5
deg.elevation angle.

Figure 20: PPI plots of dual-pol and single-pol CMD flag taken from KOUN on November 29, 2010 at 0.5 deg.elevation
angle.

Figure 21: PPI plots of Z filtered using the dual-pol and single-pol CMD flag taken from KOUN on November 29,
2010 at 0.5 deg.elevation angle.
the radar. Obtaining good results running the dual-pol CMD that was developed on S-Pol without modification to the
membership functions or weights on KOUN is very encouraging and shows that the algorithm is robust. In the future
we would like to quantitatively evaluate the dual-pol CMD performance on KOUN and other WSR-88D radar that
have been upgraded to dual-pol capability.

Figure 22: PPI plots of Z and Vr taken from KOUN on November 25, 2010 at 0.5 deg. elevation angle.

Figure 23: PPI plots of dual-pol CMD flag and the Z filtered on the CMD flag taken from KOUN on November 25,
2010 at 0.5 deg.elevation angle.
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ROC HSW Verification and Validation

2.1

INTRODUCTION

In previous years, NCAR developed with direction and funding from the NEXRAD Radar Operations Center (ROC),
the Hybrid Spectrum Width Estimator (HSW) (Meymaris et al., 2009). The algorithm functional description for evenly
spaced pulses has been provided to the ROC (Dixon et al., 2010). In FY11, NCAR was tasked to assist in validating
and verifying the ROC HSW implementation. The tack taken was to simply compare the ROC implementation output
to NCAR implementation output using the same input I&Q data sets. Also, a subjective analysis was performed
showing the performance of HSW when the clutter filter is on as well as the performance of the NEXRAD Turbulence
Detection Algorithm (NTDA) output before and after HSW implementation.

2.2

Evaluations

Three separate evaluations were undertaken:
1. NCAR and ROC implementation comparison with clutter filtering off
2. Analysis of the ROC HSW performance when clutter filtering
3. NTDA Comparison before and after HSW
The evaluation of HSW was broken into these steps to simplify the analysis. The code path through HSW is the
same whether or not the clutter filter is turned on or off. Since NCAR does not have GMAP integrated into the C++
code, it was most expedient to test with clutter filtering off. When the clutter filter is off, the autocorrelation values
R0, R1, R2, and R3 (linear) are computed from the non-windowed time-series whereas when the clutter filter is on,
they are computed (again, linear) on the post-filtered time-series, adjusted for the window used. In other words, the
computations of the autocorrelation values are different, but HSW works the same.
To evaluate the performance when the clutter filter is turned on, an analysis was performed on the outputs from the
R0R1 and HSW when the clutter filter mode was set to all-bins (AB), CMD on, and no-clutter-filter (NCF). This was
really done as a sanity check since, NTDA, the main user of SW, does not use the SW if the clutter filter is turned on.
Finally, it was requested that a study be performed to show that HSW did not have a negative impact on NTDA. Of
course, one of the main goals of HSW was to improve NTDA performance and/or coverage so this was an important
study to perform.
2.2.1

NCAR and ROC implementation comparison with clutter filtering off

Methodology The difficulty here was to get the NCAR implementation to work as closely as possible to the ROC’s.
There are many minor details that would add to the difference in comparison if not matched up. For example, modifications to the NCAR implementation were required to adjust the beam centers which were 0.5° off from the ROC
implementation.
The steps performed were:
1. Level I data was run through the the NCAR implementation. All intermediate SW estimators of the HSW
method were also output.
2. ROC NCF level II data was converted to NetCDF.
3. Both datasets were loaded into MATLAB, rotated and trimmed so that azimuths go from 0-360.
4. The ROC data was regridded to the NCAR grid. The azimuths already matched so this is only done on the
ranges, which did not match precisely. For split-cuts with multiple trips, the ROC data was also re-range-folded
at this step. The NCAR implementation does not range-unfold so it was most expedient to re-range-fold the
ROC data.
5. The censoring from the ROC data was applied to the NCAR data.
6. The NCAR SWs are rounded to the nearest 0.5 ms−1 and clipped at the maximum value from the ROC data.

Case
1
2
3

Radar
KOUN
KOUN
KOUN

Date
2010/04/17
2010/02/14
2011/06/28

Volume start time (UTC)
02:00:00
17:55:27
13:09:53

VCP
21
32
12

Table 1: List of volume datasets used for the ROC and NCAR HSW comparison.
7. A best guess is made as to which intermediate SW was used as the output for the ROC and NCAR HSW output.
Since the NCAR data was stored at a higher precision, it is easier to determine this for the NCAR HSW output
than for the ROC data.
This procedure was run on 3 separate volumes. Because the NCAR implementation does not have the capability to
easily process data collected in batch mode, only the split cuts and continuous Doppler scans were processed. Since,
the HSW code does not actually depend on the data collection method, it was deemed that this test suite is sufficient.
The data sets used are shown in Table 1.
There was a problem with the Level I data for the VCP 32 case. The data seems to be missing some pulses.
Apparently, the differences in the way the ROC and NCAR software assembles pulses into beams coupled with the
missing pulses causes exaggerated differences between the two implementations.
The series of plots generated for each case is shown in Table 2. Several items warrant further explanation. The
HSW estimator works by computing several estimators and running through a simple decision logic to determine
which of 3 estimators (R1R3, R1R2, or R0R1) to output. The decision logic is a simple if-then-elseif-then-else
statement where the two if’s compare an estimator (different ones for each if) to a threshold. Thus when comparing
the NCAR to ROC implementations, if the NCAR and ROC estimators used in the comparisons (so-called decision
estimators) lie on opposite sides of the thresholds then different output estimators will be chosen, and thus the output
can be substantially different. So when comparing the NCAR and ROC implementations, if we see big differences
there could be three causes:
1. The slight differences in how the beams are assembled causes the NCAR and ROC decision estimators to lie
on opposite sides of the threshold which in turn causes different output estimators to be chosen. For example,
R0R1 might be the chosen output estimator for one but R1R2 is chosen for the other. If this is the case we
would expect that the NCAR decision estimator would be fairly close to the threshold.
2. The slight differences in how the beams are assembled causes the NCAR and ROC output estimators to be
different even though the estimator chosen is the same. For example, the R0R1 estimator is chosen for both,
but the NCAR and ROC versions differ substantially. If this is the case we would not necessarily expect that the
NCAR decision estimator be close to the threshold.
3. The implementations do not match. If this is the case we would not necessarily expect that the NCAR decision
estimator be close to the threshold.
The first two are OK, but the third is not. We are trying to verify that the implementations match. To try to distinguish
between these we look at several different plots. First, we can examine the first decision estimator in the cases that
the NCAR and ROC estimators differ substantially. The hypothesis is that if the ROC HSW is much larger than the
NCAR HSW, then the first decision estimator (NCAR) should generally be just below the threshold. Contrariwise, if
the NCAR HSW is much larger, then the first decision estimator (NCAR) should generally be just above. Of course,
if the first decision matched across the two implementations but the second one differed, we would expect the first
NCAR decision estimator to be below (anywhere) the threshold.
Second, we can examine the NCAR vs. ROC choices for the 2 cases (ROC HSW much bigger than NCAR HSW
and vice versa). If, for example, the ROC HSW is much bigger than NCAR HSW, then we would expect the ROC
HSW to have chosen R0R1 when the NCAR version chose R1R2 or R1R3, or the ROC HSW chose R1R2 and
NCAR HSW chose R1R3. In some of the plots, the chosen estimator is shown, represented as a number between 0
and 7. See Table 3 for the meanings for each value. If the reader is familiar with binary representations, then please
note that this encoding is an integer representation of 3 digit binary numbers where the least significant digit is a
flag indicating whether R1R3 matches, the middle significant digit indicates whether R1R2 matches, and the most
significant digit indicates whether R0R3 matches. Note that in Table 3, the least significant digit is represented on the
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HSW
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2-D Hist. of chosen estimators for ROC vs.
NCAR for larger NCAR HSW
2-D Hist. of ROC-decision NCAR HSW vs.
ROC HSW

Comment

gate by gate difference
smoothed gate by gate difference
Not regridded onto NCAR grid
best guess(es) as to which intermediate
estimator was used for the output (See Table
3 to decode chosen estimator number)
criteria: ROC>NCAR+2
criteria: ROC>NCAR+2
(See Table 3 to decode chosen estimator
number)
criteria: NCAR>ROC+2
criteria: NCAR>ROC+2
(See Table 3 to decode chosen estimator
number)
the ROC-decision NCAR HSW is the
estimator that results in applying the ROC
decision choices to the NCAR estimator (e.g.
if the ROC estimator was the R1R2 then
ROC-decision NCAR HSW would be the
NCAR computed R1R2)

Table 2: List of volume datasets used for the ROC and NCAR HSW comparison.

Value
0
1
2
3
4
5
6
7

Binary
000
100
010
110
001
101
011
111

Possible Estimator
No good matches
R1R3
R1R2
R1R3 or R1R2
R0R1
R1R3 or R0R1
R1R2 of R0R1
R1R3 or R1R2 or R0R1

Table 3: Chosen estimator number decoder.
left, and increases towards the right. This is opposite of usual representations, but is done this way since then the left
most digit corresponds to the smallest estimator (R1R3), etc.
Finally, we can try to apply the ROC HSW estimator choice to the NCAR estimators. We do not have access to the
ROC decision estimators since it is not stored in the Level II data. Since all of the intermediate NCAR SW estimators
are saved, it is possible to construct the so-called ROC-decision NCAR HSW. To do this we first try to guess which
estimator was used for the ROC output. Then we can apply that choice to the NCAR SW estimators.
Results All of the non-batch mode tilts of the 3 volumes in Table 1 were processed and examined, though only one
tilt from each will be shown in this report.
All the plots for case 1 (KOUN on 2010/04/17 02:00:00Z, VCP 21, 0.5° elevation, PRT= 1000 µs, N ≈ 86) are
shown in Figures 24-26. Z, V, and SNRs are shown in Figure 24. The PPIs of HSWs, differences, and NCAR estimator
chosen are shown in Figure 25. All histograms, both 1-D and 2-D are shown in Figure 26. We can see from the difference fields (Figures 25c and 25d) and from Figure 26a that there are some differences, though, relatively speaking,
not many and often not large. There are some larger differences, however, and these needed to be investigated. The
differences in general seem mostly randomly distributed spatially, though there does appear to be more differences
in certain radials than in others. This would indicate that the beam assembly differences are having an impact. It is
reassuring to note that the bigger differences are fairly symmetric in Figure 26a.
For the case where the ROC HSW is much larger than the NCAR HSW (Figures 26c and 26d), we can see in
Figure 26c that the NCAR decision 1 estimator is very often quite close to but below the threshold (represented by
the vertical red line). This supports the hypothesis that most of the biggest differences in these cases are attributable
to cause #1 on page 20. In Figure 26d, we can see that in the cases where the ROC chosen estimator is identifiable
(i.e. the y-value is not 000) the NCAR estimator is either R1R3 or R1R2 whereas the ROC estimator is identified as
R0R1 or as possibly either R0R1 or R1R2. This again is consistent with cause #1.
For the case where the NCAR HSW is much larger than the ROC HSW (Figures 26e and 26f), we can see in Figure
26e that the NCAR decision 1 estimator is very often quite close to but above the threshold (represented by the vertical
red line). This supports the hypothesis that most of the biggest differences in these cases are attributable to cause #1.
In Figure 26f, we can see that in the cases where the ROC chosen estimator is identifiable (i.e. the y-value is not 000)
the NCAR HSW picked a “bigger” estimator than did the ROC HSW. This again is consistent with cause #1.
The ROC-decision NCAR HSW vs. the ROC HSW (Figure 26b) shows exceptionally good agreement, again pointing to cause #1 as the source of the difference. The remaining differences, as there are so few, are likely attributable to
cause #2. If there were many of these, it would be hard to attribute them to cause #2.
All the plots for case 2 (KOUN on 2010/02/14 17:55:27Z, VCP 32, 0.5° elevation, PRT= 1000 µs, N ≈ 196) are
shown in Figures 27-29. We can see from the difference fields (Figures 28c and 28d) and from Figure 29a that there
are some differences, though relatively not many and often not large. The differences appear to occur more frequently
in certain radials than in others. This would indicate that the beam assembly differences are having an impact. Note
that this is the case in which there are many missing pulses so the beam assembly differences may be quite large. It is
reassuring to note that the bigger differences are fairly symmetric in Figure 29a.
For the case where the ROC HSW is much larger than the NCAR HSW (Figures 29c and 29d), we can see in
Figure 29c that the NCAR decision 1 estimator is very often quite close to but below the threshold (represented by the
vertical red line). This supports the hypothesis that most of the biggest differences in these cases are attributable to
cause #1. In Figure 29d, we can see that in the cases where the ROC chosen estimator is identifiable (i.e. the y-value is
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Figure 24: KOUN on 2010/04/17 02:00:00Z, VCP 21, 0.5° elevation, PRT= 1000 µs, N ≈ 86
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Figure 25: KOUN on 2010/04/17 02:00:00Z, VCP 21, 0.5° elevation, PRT= 1000 µs, N ≈ 86
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Figure 26: KOUN on 2010/04/17 02:00:00Z, VCP 21, 0.5° elevation, PRT= 1000 µs, N ≈ 86
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Figure 27: KOUN on 2010/02/14 17:55:27Z, VCP 32, 0.5° elevation, PRT= 1000 µs, N ≈ 196
not 000) the NCAR estimator is either R1R3 or R1R2 whereas the ROC estimator is identified as R0R1 or as possibly
either R0R1 or R1R2. This again is consistent with cause #1. There does seem to be many cases for which the ROC
HSW chosen estimator is not identifiable. Because it is known that this volume has missing pulses, differences due to
the beam assemblage process seems to be the likely culprit.
For the case where the NCAR HSW is much larger than the ROC HSW (Figures 29e and 29f), we can see in Figure
29e that the NCAR decision 1 estimator is very often quite close to but above the threshold (represented by the vertical
red line). This supports the hypothesis that most of the biggest differences in these cases are attributable to cause #1.
In Figure 29f, we can see that in the cases where the ROC chosen estimator is identifiable (i.e. the y-value is not 000)
the NCAR HSW usually picked a “bigger” estimator than did the ROC HSW. This again is consistent with cause #1.
The ROC-decision NCAR HSW vs. the ROC HSW (Figure 29b) shows good agreement, again pointing to cause
#1 as the source of the difference. The remaining differences, are likely attributable to cause #2.
All the plots for case 3 (KOUN on 2011/06/28 13:09:53Z, VCP 12, 8.0° elevation, PRT= 900 µs, N ≈ 38) are
shown in Figures 30-32. The results are pretty much the same as for case 1 and thus the discussion is omitted.
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Figure 28: KOUN on 2010/02/14 17:55:27Z, VCP 32, 0.5° elevation, PRT= 1000 µs, N ≈ 196
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Figure 29: KOUN on 2010/02/14 17:55:27Z, VCP 32, 0.5° elevation, PRT= 1000 µs, N ≈ 196
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Figure 30: KOUN on 2011/06/28 13:09:53Z, VCP 12, 8.0° elevation, PRT= 900 µs, N ≈ 38
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Figure 31: KOUN on 2011/06/28 13:09:53Z, VCP 12, 8.0° elevation, PRT= 900 µs, N ≈ 38
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Figure 32: KOUN on 2011/06/28 13:09:53Z, VCP 12, 8.0° elevation, PRT= 900 µs, N ≈ 38

Case
1
2
3

Radar
KOUN
KOUN
KMHX

Date
2010/04/17
2011/06/28
2011/06/24

Volume start time (UTC)
02:00:00
13:09:53
14:19:26

VCP
21
12
221

Table 4: List of volume datasets used for the ROC and NCAR HSW comparison.
Conclusions The evaluations based on VCP 21 (case 1) and VCP 21(case 3) support the hypothesis that all differences are due to causes #1 or #2. While cause #3 cannot be completely ruled out, it is unlikely. For example, in early
iterations of the above analysis, a bug was identified in the ROC implementation. This bug was identified by the fact
that there was a large asymmetry in the 2-D Histograms of NCAR and ROC HSW. It appeared that the ROC HSW was
choosing to not use R0R1 more often then the NCAR HSW. Close inspection of the ROC code revealed a minor bug.
2.2.2

ROC HSW analysis when clutter filter is turned on

Methodology The main issue here was that the NCAR implementation does not have GMAP incorporated and thus
it was not possible to do a head-to-head comparison. As NTDA (the main user of SW) does not use SW if a clutter
filter was applied, the goal was to do a subjective analysis to show that the effect of the clutter filter on the ROC HSW
is reasonable. This was done by:
1. Comparing the CMD R0R1 and CMD HSW
2. Comparing the AB R0R1 and AB HSW
3. Comparing NCF HSW to AB HSW where there is no clutter filter applied
4. Comparing NCF HSW to AB HSW where the clutter filter was applied
This procedure was run on 3 separate volumes. The data sets used are shown in Table 4. NCAR processed all available
tilts but AVSET was used in the ROC processing to generate the level II data, so some upper tilts were not available
for this analysis. Also, CMD was not apparently used on some tilts above the split-cuts, and therefore there was not a
good way of knowing where there was or was not clutter. Thus, these tilts were also excluded. However, all plots are
currently available at:
http://www.rap.ucar.edu/staff/meymaris/private/ntda/plotviewer.php?plotrun=hsw
The series of plots generated for each case is shown in Table 5. Several items warrant further explanation. Apparently, when all-bins (AB) clutter filtering is turned on, all gates are processed slightly differently then otherwise.
Likely, the AB data is being windowed whereas for the CMD data, the data is being windowed only in the cases where
clutter is found, and for the NCF, the data is not windowed at all.
On some plots, there was a desire to limit the data making up the plots base on whether there was clutter or not at
that location. The way used in this paper was to compare the moments from the NCF and CMD. If the moments were
the same, then it was assumed that CMD did not apply the filter there. This is not perfect but it gives us a good idea
of where the clutter filter was applied. Also note that the CMD CF flag is black if the gate was impacted from running
the clutter filter. Thus there may be many cases where the clutter was 1st trip, the weather 2nd trip, and so a black dot
appears in both positions. This is because the clutter filter does impact that gate because of range folding.
Results All of the non-batch mode tilts of the 3 volumes in Table 4 were processed and examined, though only one
tilt from each will be shown in this report.
All of the plots for case 1 (KOUN on 2010/04/17 02:00:00Z, VCP 21, 0.5° elevation, PRT= 1000 µs) are shown
in Figures 33-35. Z, V, and the CMD flag are shown in Figure 33. SWs are shown in Figure 34. Notice that in the area
near the radar where the clutter filter is applied, the spectrum widths increase dramatically. Also note that this happens
both for HSW and for R0R1. This is likely a clutter residue problem and is ultimately why NTDA does not use gates
that have had clutter filtering applied. One can see in the AB HSW case (Figure 34c) some positive biases in the area
of 150 km (range rings are 50 km) NNW of the radar. Difference fields and the 2-D histograms are shown in Figure
35. The positive bias in the AB data can be seen easily in Figure 35b. Comparing this to Figure 35c which shows the
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Table 5: List of volume datasets used for the ROC and NCAR HSW comparison.
radial velocity again (repeated here for easy comparison), one can see that these large biases are generally occurring
where the velocity is near 0. Looking at Figure 35d, it can be seen that in the places where CMD determined that
there was no clutter, there does not appear to be any consistent bias anywhere, just random spread. This is good since
it implies that if there is no clutter, the clutter filter generally does not bias the result except when the weather signal
is narrow and near 0 velocity. Figure 35e shows the effect of the clutter filter on HSW where there is clutter present
(determined via CMD). It is pretty clear that at many gates, after removing the clutter, the estimator is not useful. This
underlines the point that clutter filtered data should not used by NTDA1 . Finally, the effect of the clutter filter on the
HSW where there was no clutter (via CMD) as a function of CMD V is shown in Figure 35f
All of the plots for case 2 (KOUN on 2011/06/28 13:09:53Z, VCP 12, 4.0° elevation, PRT= 973 µs) are shown in
Figures 36-38 and case 3 (KMHX on 2011/06/24 14:19:26Z, VCP 221, 0.5° elevation, PRT= 987 µs) are shown in
Figures 39-41. The interpretation of the results is much the same so it will be omitted.
Conclusions The effect of the clutter filter on places where there is no clutter seems reasonable. Where there is
clutter, the performance can be fairly poor, but it is no worse than the same case where the estimator was R0R1. Thus
the problem is made no worse by changing to HSW. HSW performs the best when the system is run with CMD turned
on, and not AB. The other point is that SW is not used by NTDA in places where the clutter filter was applied. So the
final conclusion is that the estimator does not perform as well when the clutter filter is applied, but it is acceptable.
There is not much that the estimator can do about the problem as it is really something that must be addressed upstream
in the clutter filter, if it can be addressed at all.

1 One could argue that this is a failing of the clutter filter. However, SW will be very sensitive to clutter residue. It is likely to be a very difficult
problem to solve.
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Figure 33: KOUN on 2010/04/17 02:00:00Z, VCP 21, 0.5° elevation, PRT= 1000 µs
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Figure 34: KOUN on 2010/04/17 02:00:00Z, VCP 21, 0.5° elevation, PRT= 1000 µs
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Figure 35: KOUN on 2010/04/17 02:00:00Z, VCP 21, 0.5° elevation, PRT= 1000 µs
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Figure 36: KOUN on 2011/06/28 13:09:53Z, VCP 12, 4.0° elevation, PRT= 973 µs
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Figure 37: KOUN on 2011/06/28 13:09:53Z, VCP 12, 4.0° elevation, PRT= 973 µs
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Figure 38: KOUN on 2011/06/28 13:09:53Z, VCP 12, 4.0° elevation, PRT= 973 µs
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Figure 39: KMHX on 2011/06/24 14:19:26Z, VCP 221, 0.5° elevation, PRT= 987 µs
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Figure 40: KMHX on 2011/06/24 14:19:26Z, VCP 221, 0.5° elevation, PRT= 987 µs
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Figure 41: KMHX on 2011/06/24 14:19:26Z, VCP 221, 0.5° elevation, PRT= 987 µs

Case
1
2
3

Radar
KOUN
KOUN
KMHX

Date
2010/04/17
2011/06/28
2011/06/24

Volume start time (UTC)
02:00:00
13:09:53
14:19:26

VCP
21
12
221

Table 6: List of volume datasets used for the ROC and NCAR HSW comparison.
2.2.3

Effect of HSW on NTDA

Methodology
was done by:

The goal of this study was to evaluate the impact of the HSW on the existing version of NTDA. This

1. Convert CMD R0R1 and CMD HSW data to NetCDF.
2. Both datasets were loaded into MATLAB, rotated and trimmed so that azimuths go from 0-360.
3. Both datasets were then saved back into NetCDF and run through NTDA.
4. There were places where we wanted to look at spectra. To do this we took level I data for these cases and
loaded them into MATLAB, generating spectra from that data. Note that the MATLAB processing software
does not index beams, and so matching up the beams exactly was not possible. However, for our analysis, this
was sufficient.
This procedure was run on 3 separate volumes. The data sets used are shown in Table 6. We will examine, in two
cases, multiple tilts from these volumes.
It should be noted that NTDA was not altered in any way when processing R0R1 or HSW data. This is important
because NTDA was tuned to censor SW data that is likely to be biased or have unreasonable variance based on R0R1.
Thus places that are likely to have large biases are typically not shown. The developers of NTDA will be retuning the
algorithm based on HSW’s biases and variances, once it is available. Coverage will increase in the future as NTDA is
retuned to take advantage of the HSW.
So our expectations based on the performance of R0R1 vs. HSW are:
• Less variation overall for small and medium SW
• Increasing SW in places with low SNR
• Decreasing SW in places with low SW
• Larger values of SW should be largely unaffected
• For NTDA, the decrease in variation will be less noticeable since spatial averaging is taking place
• Since NTDA is tuned to try to remove regimes in which large biases would be present, there should be few large
bias changes

Results The main results are shown in Figures 42-46. In each Figure, Z, SNR, R0R1 SW, NTDA from R0R1, HSW,
and NTDA from HSW are shown. For the most part there are very minor changes between the NTDA from R0R1
and HSW. Some of the more noticeable differences are in places where the NTDA output is small; the output based on
HSW is slightly smaller. This can especially by seen for 15.8° tilt of case 2 (Figure 45).
One case that warranted further investigation was the 0.5° tilt of case 1. Figure 47 shows Z, SNR, and V, as well
as zoomed in plots of R0R1 and HSW. That weather feature stood out as there are significant differences between
the outputs of the two SW estimators. In particular HSW is quite a bit less than R0R1 between 180 to 230 km from
the radar. (There are some differences beyond that but as can be seen in Figure 47b, the SNR is quite low and R0R1
becomes quite unreliable.) It is important to note that the unambiguous range is at about 150 km. There is definitely
overlaid echo for the first 50 km after the unambiguous range, so between 150 and 200 km from the radar. It is known
that in some scenarios (20 or more dB power ratio and small to medium true SW for the stronger feature) HSW tends
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Figure 42: KOUN on 2010/04/17 02:00:00Z, VCP 21, 4.4° elevation (plots mistakenly say KMHX)
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Figure 43: KOUN on 2011/06/28 13:09:53Z, VCP 12, 2.0° elevation (plots mistakenly say KMHX)
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Figure 44: KOUN on 2011/06/28 13:09:53Z, VCP 12, 4.0° elevation (plots mistakenly say KMHX)
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Figure 45: KOUN on 2011/06/28 13:09:53Z, VCP 12, 15.8° elevation (plots mistakenly say KMHX)
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Figure 46: KMHX on 2011/06/24 17:55:27Z, VCP 221, 1.4° elevation

to ignore the weak trip overlaid echo. This plausibly explains part of that region, but it is not clear that we can make
this argument all the way to 230 km.
To investigate further, we examined spectra (from the Doppler cut) from this region, some of which are shown in
Figure 48. Both the left and right panels for each row show the same spectra. The green Gaussian fit lines on the
panels on the left are generated based on Z, V, and R0R1 while those on the right are based on Z, V, and HSW. A
better fit by one of the Gaussian fit lines, indicates that that associated SW estimator is better. These spectra are all
from that region between 210 and 220 km. Note that all 3 spectra have a weak feature at about 10 ms−1 (as noted in
the figure caption, the velocity axis should have the opposite sign). Interestingly, examining Figure 47c, one can see
that the echo in the region near the radar (0 to ~30 km, which would overlay with the region between 150 to 180 km)
is moving at about 10 ms−1 . So one possible explanation for the weak features in the spectra is that there is weak
overlaid echo from the first trip that is impacting the R0R1 estimator more than the HSW estimator.
Another possibility is that there is a vertical shear causing the two distinct weather features, although it would have
to be at least 25 ms−1 . To examine this, we first note that at 200 km, the beam (assuming normal beam propogation)
is at about 25,000 ft (7620 m), according to Figure 49. The shear should have to be contained within 5000 ft. Looking
at the sounding at Dallas/Ft. Worth (Figure 50), the predominate wind speed at that altitude is about 40 knots out of
the SW, which given our Nyquist velocity of 27.7 ms−1 would show up in our spectra at 14 ms1 (taking into account
the flipped sign). This matches very well what we are seeing. Note that the sounding does not indicate that there is
a strong vertical shear at that altitude, though of course there could be a much smaller scale feature that the sounding
does not capture. Examining the radar mosaic from the NEXRAD 2 km Mosaic, from College of DuPage website, at
that time indicates a storm with 40+ dBZ echoes. It is not inconceivable that this could produce a 25 ms−1 vertical
shear between 20,000 and 30,000 ft.
So it appears that the bimodal spectra is from a weak overlaid echo or possibly a vertical shear. Past studies have
shown that R0R1 can be impacted of overlaid echoes when power ratios < 20. In either case, the HSW matches the
stronger echo better, which is better than trying to incorporate both into a single SW.
Conclusions Analysis of the NTDA output based on R0R1 and on HSW meets our expectations, namely that there
is not a big difference in the NTDA output except for narrow spectrum widths. Previous analysis (not included in
this report) have shown that HSW outperforms R0R1 in that regime. Thus, HSW does no harm, but, rather, improves
the SW estimates, and thus NTDA estimates. In the case of clearly bimodal echoes, HSW will tend to lock onto the
stronger echo. This will improve performance, in some cases, when overlaid echoes are present.
NTDA has been tuned to remove regimes where R0R1 would be expected to incur large biases or variances. The
current NTDA algorithm should not and did not show large changes. Thus, if no retuning was done, NTDA as-is
will continue functioning properly with some performance improvement. To take advantage of the improved HSW
statistics, NTDA will be retuned which will result in greater coverage.

2.3

Final conclusions

The ROC HSW estimator matches well with the NCAR HSW estimator. Performance of the ROC HSW when the
clutter filter is on is acceptable. The ROC HSW does not do harm to the current implementation of NTDA, and in
fact improves the performance slightly. NTDA will be retuned to take advantage of the improved HSW performance
which will result in better coverage.

(a) PPI of Z (plot mistakenly say KMHX)

(b) PPI of SNR (plot mistakenly say KMHX)

(c) PPI of V (plot mistakenly say KMHX)

(d) PPI of R0R1
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Figure 47: KOUN on 2010/04/17 02:00:00Z, VCP 21, 0.5° elevation

(a) Example 1: R0R1

(b) Example 1: HSW

(c) Example 2: R0R1

(d) Example 2: HSW

(e) Example 3: R0R1

(f) Example 3: HSW

Figure 48: Example spectra with Gaussian fits using R0R1 and HSW. Data from KOUN on 2010/04/17 02:00:00Z,
VCP 21, 0.5° elevation. Note that the range of the stronger signals are 150 km (the unambiguous range) plus the
range indicated in the figure titles. Also, the velocity axis should have the opposite sign.

Figure 49: Range/height plot for KOUN on 2010/04/17 02:00:00Z, VCP 21, 0.5° elevation

Figure 50: Skew-T graph from 2010/04/17 00Z at FWD Ft. Worth for case: KOUN on 2010/04/17 02:00:00Z, VCP
21, 0.5° elevation

Figure 51: Reflectivity Mosaic 2010/04/17 01:55:00Z for case: KOUN on 2010/04/17 02:00:00Z, VCP 21, 0.5° elevation

3
3.1

Adaptation of Hybrid Spectrum Width to Staggered-PRT
INTRODUCTION

With the deployment of the Open Radar Data Acquisition (ORDA) system on WSR-88D radars comes the opportunity
to improve the method used for estimating the spectrum width, a measure of the variability of radial wind velocities
within a measurement pulse volume. In addition, the implementation of new operational modes for improved data
quality, including SZ phase coding and staggered-PRT, will involve very different signal processing techniques and
hence may require novel methods to meet the WSR-88D specifications. While spectrum width has not been used
extensively by radar meteorologists in the past, the NEXRAD Turbulence Detection Algorithm (NTDA), developed
under direction and funding from the FAA’s Aviation Weather Research Program, uses the WSR-88D spectrum width
as a key input for providing in-cloud turbulence estimates (eddy dissipation rate, EDR) for an operational aviation
decision support system (Williams et al., 2005). Achieving improved spectrum width estimator performance would
directly benefit the accuracy of the NTDA product. The Hybrid Spectrum Width estimator (HSW), which uses three
spectrum width estimators was developed with support from the NEXRAD Radar Operations Center (ROC) (Meymaris
et al., 2009). The HSW estimator is scheduled to be deployed in 2012 with the build 13 ORDA update. While
slightly more computationally intensive, HSW is more accurate and robust than any of the constituent estimators
alone, including the standard R0/R1 pulse-pair estimator (Doviak and Zrnić, 1993, p. 136) currently used in the
WSR-88D .
Hitherto, the HSW has been developed for evenly spaced pulse schemes, which is used exclusively on the current
NEXRAD system. However, staggered-PRT (pulse repetition time) is currently slated to be deployed with build 14.
Staggered-PRT, a popular scheme for mitigating the unambiguous range-velocity dilemma of weather radars, is a
pulsing scheme in which the radar PRTs alternate between T1 and T2 where T1 /T2 = 2/3 (Zrnić and Mahapatra,
1985). The default spectrum width estimator for staggered-PRT, in the literature, is the pulse pair estimator R0/R2,
which has poor performance for narrow widths and low signal-to-noise ratios (SNR). In this paper, HSW is adapted to
this pulsing scheme. Simulation statistics are presented.
3.1.1

Methodology

To evaluate and compare different spectrum width estimators we generated random complex time-series data for
various true spectrum width, signal-to-noise ratio (SNR), Nyquist velocities, and number of pulses scenarios. We
used an I&Q simulation technique based on the method described in Frehlich and Yadlowsky (1994); Frehlich (2000);
Frehlich et al. (2001) except that the autocorrelation function is that of a weather echo as defined in Doviak and Zrnić
(1993, p. 125). This is a preferred method for generating complex time-series with a given average autocorrelation
function because it is not necessary to generate long time-series in order to get the correct temporal statistics unless
the spectrum width is very narrow.
In what follows, the simulator input (“true”) spectrum width will be denoted as W , while the estimated spectrum
width will be denoted as Ŵ with a modifying subscript specifying the estimation technique used. Estimation errors
were calculated by subtracting the simulator input values from the estimated values (i.e. Ŵ − W ). It should be noted
that biases and standard deviations have different implications for turbulence detection since bias cannot be mitigated
by spatial or temporal averaging while random unbiased errors can.
Because of their ease P
of calculation, we used autocorrelation-based estimators. The (unbiased) auto-correlation
is defined as Rt = Mt−1 s V ∗ (s) V (s + t), where t is the lag in seconds, V are the complex-valued I&Q radar
time-series, the sum is taken over all s such that both V (s) and V (s + t) are available (i.e. measured), and Mt
is the number of P
summands in the sum. For evenly-spaced time-series, this can be written as the more familiar
−1
N −j−1 ∗
Rj = (N − j)
V (kτ ) V ((k + j) τ ) where τ is the PRT. The autocorrelation (AC) of a staggered-PRT
k=0
time-series is not evenly sampled since the time-series is not. If Tc is defined as T1 /2 (and thus T2 = 3Tc ), then R1
and R4 (i.e. the ACs at time 1Tc , 4Tc , resp.) cannot be directly estimated. See Figure 52, which shows the number of
pairs (i.e. Mj ≡ MjTc ) going into the AC estimate for each lag when the total number of pulses is 80. The reason for
the large variability is the staggered nature of the pulses. For example, there are only 40 pairs going into the estimate
R2 since only for s = k (5Tc ) = k (T1 + T2 ), with k = 0, . . . , 39, are both V (s) and V (s + 2Tc ) available.
There are two main points to draw from this discussion. First, there are now a lot more AC-based estimators one
can come up with, especially when including multi-lag estimators (for example, R0R2R3R5). Second, it becomes
more difficult to predict how different estimators will perform since the AC lag estimator errors will fluctuate due to
the fluctuating number of pairs going into the average.

Figure 52: The number of pairs going into the AC average for each lag relative to Tc , the common time for the
staggered-PRT 2/3 scheme (so Tc = T1 /2 = T2 /3) when the total number of pulses is 80.

3.2

Spectrum Width Estimators for Evenly Spaced Pulses

The assumed form for the magnitude of the average auto-correlation function of weather is generally assumed to be
Gaussian (Doviak and Zrnić, 1993, p. 125) given by:

2 !
1 πσv t
|R (t)| = P exp −
(1)
2 Va τ
where P is the true echo power of the weather, σv is the spectrum width in ms−1 , Va is the Nyquist velocity in ms−1 ,
τ is the PRT in seconds, and t is the lag time in seconds.
3.2.1

The Pulse Pair Estimators

The standard spectrum width estimator currently used in the WSR-88D radars, typically on short PRT data, is the
R0R1 estimator (Doviak and Zrnić, 1993, p. 136), so named because it utilizes the ratio of the first two lags of the
autocorrelation function:

√
1/2
2/π Va |log (R0 / |R1 |)|
(2)
Ŵ01 =
Here R0 is the average power of the signal with noise removed, and R1 is the first lag of the autocorrelation function.
In the event that |R1 | > R0 , in which case the log has a negative argument, the spectrum width is set to 0, as is done
on the WSR-88D. This is derived from Eq. 1 by setting up two equations (R0 = |R (0)| and |R1 | = |R (τ )|) with two
unknowns (P and σv ) and solving for σv .
In general, two-lag estimators can be written as
√

 1/2
Va 2
Ra
Ŵab = √
log
(3)
Rb
π b2 − a2
where, if R0 is used, it is always noise corrected.
3.2.2

Multi-lag Estimators

Instead of just using two lags, one can use more lags to fit a Gaussian auto-correlation function. R0R1R2 is used in
the traditional HSW (Meymaris et al., 2009). Hubbert et al. (2011) used a 7 lag estimator for measuring the spectrum
of clutter.
While other approaches could be taken, the simplest is to note that taking the logarithm of both sides of Eq. 1
yields:

2
1 πσv t
log (|R (t)|) = log P −
(4)
2 Va τ

which is a quadratic equation with respect to t. This is convenient because one can find a closed form solution for a
least-squares fit. This makes the spectrum width estimation nothing more than a linear combination of the logarithm
of the auto-correlation function at the desired lags. One might be tempted to create an estimator that uses, say, 10 lags,
or perhaps all available
h
i lags. The problem is that as t gets larger, |R (t)| → 0, but |Rt | 9 0. This is because, while
2

E [Rt ] → 0, E |Rt | = V [Rt ] which depends on the signal power and Mt . Thus, the model does not well represent
the data, causing the least-squares fit to be poor. The net effect is that the more lags are used, the lower the spectrum
width estimator saturates. Melnikov and Zrnić (2004) observed this when examining saturation levels for R0R1 and
R0R2. The family of multi-lag estimators works well, but care must be taken to take saturation levels into account
when deciding which lags are used.
3.2.3

The Hybrid Spectrum Width Estimator

For the evenly spaced pulse scheme, this estimator is discussed in detail in Meymaris et al., 2009. Briefly, the basic
idea comes from the fact that different estimators have various strengths and weaknesses. For example, R0R1 works
well for wide spectrum widths (relative to the Nyquist velocity), R1R2 performs well for medium spectrum widths,
and R1R3 performs well for narrow. R0R1, R0R1R2, and R1R3 are used to determine whether the spectrum width
is small, medium, or large, taking into account that certain types of mistakes are worse than others. The logic for
this step is determined a-priori by using simulations in conjunction with decision trees. Once the size category has
been determined, the appropriate estimator is used: R1R3, R1R2, or R0R1 for small, medium, and large (resp.). The
performance of the estimator has been shown in that paper to be generally superior to the traditional R0R1 estimator
in places of low SNR and narrow true spectrum width.
The approach to developing the HSW is to, first, identify the 3 estimators to use for small, medium, and large
along with corresponding cutoffs (normalized by the Nyquist velocity). This is done by examining the performance
of the various estimators. Then, using simulations and simple classification decision trees, identify the best estimators
and thresholds to determine whether simulated data is small, medium, or large. The procedure is repeated for different
possible number of pulses. The PRT chosen for the tuning is the largest one possible, which is the hardest case to deal
with. The SNR chosen for the tuning is 8 dB.
A case study comparing the traditional R0R1 estimator to the hybrid spectrum width estimator for an evenly spaced
pulse scheme is shown in Figure 53. The hybrid spectrum width estimator has less variance and the meteorological
features are much clearer.

3.3

Proposed staggered-PRT HSW

For staggered-PRT data, we chose to look at R0R2, R0R3, R2R5, R2R7, and R3R7 for the pulse-pair estimators
and R0R2R3 and R0R2R3R5 for the multi-lag estimators. Note that when discussing staggered-PRT data, the lags
are relative to Tc and not T1 or T2 . We also considered averages (various combinations of two) of the already listed
estimators for use in the size determination. Our approach remained the same as for the evenly spaced pulse case.
However, the problem is simpler here due to the fact that the currently proposed NEXRAD volume control patterns
(VCP) that include staggered-PRT have very few options. Namely:
N
46
56
62
80

T1 (µs)
1497
1251
1128
880

Table 7: Options for T1 and N in current VCPs that include staggered-PRT

This allows for a more aggressive tuning since, in the evenly spaced pulse scheme, the tuning had to accommodate all
the Doppler PRTs and range of dwell times.
Figure 54 shows the bias and standard deviations of the proposed estimators for N = 80, SNR = 8, 20 dB, and
T1 = 880 µs. It was determined using this data, along with others (for example, Figure 55), that R0R2 was the
best (smallest bias and standard deviation) for wide normalized spectrum widths (larger than 0.1341), R0R3 was the

(a) Z

(b) V

(c) R0R1 spectrum width

(d) Hybrid spectrum width

Figure 53: Case study of evenly spaced data from KOUN May 10, 2011 23:49:54Z. VCP 11, 7.5◦ elevation, 900 µs
PRT, N = 44.
best of medium normalized widths (between 0.0838 and 0.1341), and R0R2R3R5 was the best for small normalized
widths (less than 0.0838). Note that the normalized widths here are normalized by the Nyquist velocity based on Tc .
These cutoffs are used only in comparison to the true spectrum width and never with the estimated spectrum widths.
Next, we simulate 10,000 I&Q time-series for the different values of N , with corresponding PRT, for various
spectrum widths (from 0.5 to 14 ms−1 ) and compute each of the different spectrum width estimators. We then feed
all the estimator outputs along with the truth field (small, medium, and large classification represented as 1, 2, and 3,
resp.) into the MATLAB® decision tree software. This software generates a very deep tree and thus we trim the tree
down to just 2 decisions for simplicity. It should be noted that the decision tree software is also provided with a cost
matrix that allows the tree to be tuned to take into account the fact that some misclassifications are worse (more costly)
than others. For example, it is better to use the large spectrum width estimator on a small spectrum width (result:
poorer performance) than vice versa (result: possibly severe saturation). An example output of this process is shown
in Figure 56. Because the decision trees for the different values of N , with corresponding PRT, turn out to be the same
except for the cutoffs, a single decision logic is used with cutoffs stored in a lookup table. In the case where N = 62,
the decision tree was unable to discriminate between small and medium with adequate skill, so in that case the lower
cutoff is set to -1, thus ensuring that the narrow spectrum width estimator is not used.

(a) 8 dB

(b) 20 dB

Figure 54: Bias and standard deviation for 7 proposed estimators along with the proposed HSW for T1 = 880 µs,
N = 80, and SNR = 8, 20 dB. Note that the input spectrum widths (x-axis) are normalized by the Nyquist velocity of
corresponding to Tc .

(a) 8 dB

(b) 20 dB

Figure 55: Bias and standard deviation for 7 proposed estimators along with the proposed HSW for T1 = 1497 µs,
N = 46, and SNR = 8, 20 dB. Note that the input spectrum widths (x-axis) are normalized by the Nyquist velocity of
corresponding to Tc .

Figure 56: An example classification tree

3.4

Results

We use the same simulations (different realizations of the data, however) to evaluate the hybrid spectrum width estimator. Some results shown as 2-D histograms are shown in Figures 57 and 58. The true spectrum width (x-axis) versus
the estimator output (y-axis) are shown for SNRs of 5 and 12 dB, for both R0R2 and HSW, and for both N = 80
with T1 = 880 µs (Figure 57) and N = 46 with T1 = 1497 µs (Figure 58). As can be seen for all cases, HSW
outperforms the R0R2 estimator when the true spectrum widths are small or medium, and have similar performance
for large spectrum widths.
Bias and standard deviation as a function of true spectrum width of R0R2 and HSW for varying SNRs (5, 8, 12,
and 10 dB) are shown for both N = 80 with T1 = 880 µs (Figure 59) and N = 46 with T1 = 1497 µs (Figure 60).
As can be seen the performance of HSW and R0R2 are essentially the same for 20 dB SNR, but as the SNR decreases
the relative improvement of HSW over R0R2 increases. Specifically, the improvement is for the small and medium
true spectrum widths.

3.5

Conclusions

A hybrid approach that combines different spectrum widths shows great promise in producing improved overall performance for staggered-PRT spectrum width estimation. Marked improvement is seen with low to medium SNRs (under
20 dB) and narrow to medium spectrum widths, and at least did no worse than the R0/R2 estimator. Computationally,
the hybrid algorithm is fairly modest, requiring fewer operations than the FFT needed by a spectral technique.
Future work includes further tuning and consideration of other spectrum width estimators. Also, the algorithm
needs to be evaluated on staggered-PRT I&Q data collected from, say, NCAR’s S-Pol or NSSL’s KOUN.

(a) R0R2 spectrum width for 5 dB SNR

(b) Hybrid spectrum width for 5 dB SNR

(c) R0R2 spectrum width for 12 dB SNR

(d) Hybrid spectrum width for 12 dB SNR

Figure 57: 2-D Histogram of true (x-axis) vs estimated spectrum widths (y-axis) for T1 = 880 µs, N = 80. Shown on
the left are the results from R0R2 and on the right are the results from the staggered-PRT hybrid estimator. SNRs of 5
dB (top) and 12 dB (bottom) are shown.

(a) R0R2 spectrum width for 5 dB SNR

(b) Hybrid spectrum width for 5 dB SNR

(c) R0R2 spectrum width for 12 dB SNR

(d) Hybrid spectrum width for 12 dB SNR

Figure 58: 2-D Histogram of true (x-axis) vs estimated spectrum widths (y-axis) for T1 = 1497 µs, N = 46. Shown
on the left are the results from R0R2 and on the right are the results from the staggered-PRT hybrid estimator. SNRs
of 5 dB (top) and 12 dB (bottom) are shown.

(a) 5 dB SNR

(b) 8 dB SNR

(c) 12 dB SNR

(d) 20 dB SNR

Figure 59: Bias and standard deviation for varying true (x-axis) spectrum widths for R0R2 and HSW. T1 = 880 µs,
N = 80. SNRs shown are 5, 8, 12, and 20 dB.

(a) 5 dB SNR

(b) 8 dB SNR

(c) 12 dB SNR

(d) 20 dB SNR

Figure 60: Bias and standard deviation for varying true (x-axis) spectrum widths for R0R2 and HSW. T1 = 1497 µs,
N = 46. SNRs shown are 5, 8, 12, and 20 dB.
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1 Introduction
This report will cover 2 topics:


Validation of the CP method, using data taken by the SPOL radar in the Maldives
during DYNAMO.



Analysis of KOUN data for the week 2011/08/30 to 2011/09/05.

2 Validation of the CP method using SPOL from the Maldives
2.1

Clutter environment for SPOL on Addu Atoll

The Maldives operation is challenging with respect to the CP method, because the clutter
field of view from the radar is limited. Figure 1, below, shows the satellite view of the
Addu Atoll, with the approximate location of SPOL in red text. For scale, the runway on
the airport at the south end of the Atoll is 2.65 km long.

SPOL

Figure 1: satellite view of Addu Atoll
The maximum range from the radar at which clutter is observed is about 16 km, 10 miles
– to the NE corner of the Atoll (Hulhumeedoo).
NCAR/EOL
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Figure 2: clutter reflectivity, SPOL on Addu Atoll, 0.5 degrees elevation angle.
Figure 2 shows the unfiltered reflectivity from the ground clutter, observed at 0.5 degrees
elevation angle. The horizontal scale marks are in km from the radar.
All of the following figures are for the clutter as observed at an elevation angle of 0.5
degrees.
Figures 3 and 4 show the cross-polar power in H and V, Hx and Vx. Hx is the cross-polar
power as received by the H channel, with V transmit. Vx is the cross-polar power as
received by the V channel, with H transmit.
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Figure 3: Clutter field for co-polar power for H channel - Hx

Figure 4: Clutter field for co-polar power for V channel - Vx
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Figure 5: Instantaneous CP ratio (Hx/Vx), alternating mode
Figure 5 shows the ratio of Hx/Vx, computed for the same dwell. This is possible with
SPOL, since it operates in alternating H and V transmit mode, so that Hc, Vc, Hx and Vx
may all be computed for each gate and each dwell.
As can be seen, the ration of Hx/Vx computed in this way is quite smooth in the spatial
sense.
This allows us to use the instantaneous Hx/Vx ratio in the CP method.
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Figure 6: CP ratio (Hx/Vx) computed between successive PPIs 15 minutes apart.
By way of comparison, Figure 6 shows the Hx/Vx ratio computed using data from 2 PPI
scans 15 minutes apart. This is a much noisier field than that in Figure 5, and
demonstrates the challenge in using successive PPIs to compute the CP ratio.
2.2

SPOL data collection method

The following steps were followed:


Scan sun - at least 2 full scans



Scan repeated sequential PPIs at 0.5 degrees elevation angle



When possible, perform vertical pointing scans in rain



Save time series for all scan types
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2.3

Mean cross-polar power from successive PPIs

Figure 7: Mean Hx power computed from a series of PPIs

Figure 8: Mean Vx power computed from a series of PPIs
NCAR/EOL
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Figures 7 and 8 show the mean cross-polar powers computed from a sequence of PPIs.
We simulate the NEXRAD procedure by ignoring half of the data for each PPI. For the
first 360, we use the H-transmit, V-receive data to compute the Vx power. For the next
360, we do the opposite and compute the Hx power. We then compute the mean power at
each gate, for Hx and Vx, from the sequence of PPIs.

Figure 9: Ratio Hx/Vx, using data from figures 7 and 8.
Figure 9 shows the ratio of Hx/Vx.
The following constraints are applied:


Min SNR: 20 dB



Max SNR: 60 dB



Min CPA: 0.9



Max CPA: 1.0



Min range: 2 km
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2.4

Comparison of the methods.

Table 1 shows a comparison of the results from the 3 methods:


CP alternating method (see Figure 5)



CP PPI method (see Figure 9)



Vertical pointing method.

ZDR
bias
alt
method

ZDR
bias
PPI
method

ZDR
bias
vert
pointing

-0.095

-0.303

-0.384

-0.279

-0.007

+0.016

-0.277

-0.254

-0.279

-0.228

-0.021

-0.016

-0.249

-0.244

-0.242

-0.233

-0.037

0.041

-0.270

-0.192

-0.280

Date

S1S2

Prhx/Prvx Prhx/Prvx
alt
PPI
method
method

2011/09/25

-0.289

-0.014

2011/09/28

-0.270

2011/09/30
2011/10/10

Table 1: Comparison of CP results from SPOL in Maldives
The last 3 columns are the most important.
We regard the vertically-pointing method as well understood and accurate. So we can use
that as the ‘truth’ for comparing the other 2 methods.
From this we can draw the following tentative conclusions:

2.5



The instantaneous CP method, using alternating data, appears to be able to
reproduce the vertical-pointing results to within 0.01 to 0.025 dB.



The PPI CP method, is not as accurate, but nevertheless has value, especially
considering the limited number of clutter targets available in this situation. For the
September 28 and 30 cases, agreement is quite good, within 0.025 dB. The
October 10 case is probably unfair, since there was a reasonable amount of second
trip, which has a significant effect on the cross-polar powers in an alternating
mode radar. The results for September 25 are not good – the error is over 0.1 dB.
Future work

The plan is to try to collect further data at SPOL during December and January, so that
we can analyze more cases and confirm the conclusions - or not, as the case may be.
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3 Analysis of KOUN CP data for 2011/08/30 to 2011/09/05
3.1.1 Data collection
Personnel from the ROC collected CP data using KOUN for a number of days, including
from a series of consecutive days from August 30 to September 5 2011.
3.2

CP analysis

These data were analyzed using NCAR software for computing estimates of the ZDR
bias using the CP method, as set out in the Functional Description for the ZDR CP
Calibration Method, version 2.3, 2011/06/28.
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3.3

KOUN Plots

3.3.1 Instantaneous co-polar powers
We present the following images, to illustrate points for discussion.

Figure 10: H co-polar power, KOUN, 2011/09/30 13:23 UTC
Figures 10 and 11 show the clutter field as seen by KOUN, scanning at an elevation angle
of 0.5 degrees. These are for the co-polar powers.
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Figure 11: V co-polar power, KOUN, 2011/09/30 13:23 UTC
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3.3.2 Mean cross-polar powers

Figure 12: mean Hx cross-polar power from a sequence of PPIs,
2011/09/03 13:51 - 14:13 UTC
Figures 12 and 13 show the mean cross-polar powers (Hx and Vx) for the clutter field as
seen by KOUN, scanning at an elevation angle of 0.5 degrees.
Hx is the cross-polar power received by the H channel, with V-only transmit.
Similarly, Vx is the cross-polar power received by the V channel, with H-only transmit.
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Figure 13: mean Vx cross-polar power from a sequence of PPIs,
2011/09/03 13:51 - 14:13 UTC
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3.3.3 Cross-polar power ratio

Figure 14: ratio of mean Hx / mean Vx, for data in figures 12 and 13
Figure 14 shows the ratio of (mean Hx)/(mean Vx), using the data for the plots 12 and 13
above.
This image shows some interesting features. Most obvious is the wedge of negative
values (blue) for rays with an azimuth between 5 to 20 degrees.
Also, the values in the NE quadrant seem, for some reason, to be somewhat more positive
(yellows and reds) than for the SW quadrant.
This pattern is quite consistent over time. Figures 15 through 17 show similar patterns for
different times.

NCAR/EOL

2011-11-27

16

CP method for ZDR calibration – NCAR progress report

Figure 15: ratio of mean Hx / mean Vx, for a series of PPIs
2011/09/02 14:33 to 14:56 UTC
Note the similarity with the patterns in Figure 14.
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Figure 16: ratio of mean Hx / mean Vx, for a series of PPIs
2011/09/02 22:30 to 22:53 UTC
Note the similarity with the patterns in Figure 14.
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Figure 17: ratio of mean Hx / mean Vx, for a series of PPIs
2011/09/42 21:11 to 21:34 UTC
This has some of the same patterns as Figure 14, but the overall coverage is lower. For
some reason, more points were rejected than for the previous times.
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3.4

Discussion of pattern in cross-polar power data

The theory behind the CP method, based on reciprocity, suggests that the mean crosspolar power ratio should be the same everywhere (in the mean), since the ratio is
governed by differential gains in the transmit/receive system.
However, figures 14 through 17 demonstrate that the reality is more complicated than
that, and there are systematic biases in the data in various parts of the scan.
It seems possible to me that the negative values in the blue wedge just to the east of north
are related to the switching from H to V which occurs at the north line. So perhaps this is
an artifact of the scanning strategy we have chosen and the manner in which the power
divider is switched from V to H?
I am also unsure why the NE sector seems to have somewhat more positive values than
the SW sector.
3.5

Receiver bias – data has cyclic behavior

One odd thing I noticed in the data was that the receiver bias seems to drift through a
cycle over a few minutes. This is strange, since we expect it to drift more slowly than
that, as a result of temperature drift.
The following is an exerpt from the receiver bias file. Notice how the values cycle from a
low of around 0.07dB to a high of around 0.28 dB.
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011

NCAR/EOL

13:19:56
13:23:55
13:27:55
13:32:05
13:36:27
13:40:29
13:44:31
13:48:36
13:52:34
13:56:37
14:00:43
14:05:07
14:09:05
14:13:08
14:17:09
14:21:12
14:25:14
14:29:18
14:33:48
14:37:47
14:41:52
14:45:54
14:49:53
14:53:56
14:58:02
15:02:22
15:06:23
15:10:22
15:14:23
15:18:22
15:22:21
15:26:29

Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver

Bias:0.237910
Bias:0.255428
Bias:0.204983
Bias:0.184228
Bias:0.077510
Bias:0.201047
Bias:0.183991
Bias:0.114894
Bias:0.265218
Bias:0.012605
Bias:0.271799
Bias:0.157657
Bias:0.080761
Bias:0.073874
Bias:0.102310
Bias:0.236941
Bias:0.203782
Bias:0.258110
Bias:0.089545
Bias:0.214124
Bias:0.227158
Bias:0.173771
Bias:0.102564
Bias:0.129918
Bias:0.269129
Bias:0.212362
Bias:0.210116
Bias:0.100442
Bias:0.091871
Bias:0.212534
Bias:-0.006277
Bias:0.241746
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09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011
09/02/2011

15:30:51
15:34:52
15:38:52
15:42:52
15:46:53
15:50:51
15:54:57
15:59:19
16:03:18
16:07:19

Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver
Receiver

Bias:0.097599
Bias:0.111746
Bias:0.138771
Bias:0.168161
Bias:0.119421
Bias:0.220480
Bias:0.230608
Bias:0.147349
Bias:0.046903
Bias:0.055698

We need to better understand this phenomenon. It could be that this is an artifact of the
measurement system which monitors the bias. Or it could be real. Any insight into this
would be most appreciated.
3.6

Analysis details

3.6.1 Azimuth sector
Because of the patterns noted in section 3.5, I decided to compute the power ratio using
just those azimuths from 150 degrees, clockwise to 330 degrees, i.e. the SW sector.
3.6.2 Number of pairs set to 1
One minor change was made to the analysis procedure from that in version 2.3 of the
functional description. In section 8.3.3, page 17, we state that ‘if both nHx and nVx meet
a threshold (say 3), the mean power is computed.’ In this analysis, that threshold was set
to 1 – i.e. each time an Hx/Vx pair of values occurrs at a gate, those values are added to
the collection to be used for computing the power ratio. I think makes sense since if we
have a matched pair of values, then we may as well go ahead and use them. (The AEL
should be modified accordingly.)
3.6.3 Handling the receiver bias
Furthermore, because of the cyclic behavior of the receiver bias, I tried to be consistent
and pick the highest bias within 10 minutes or so of the required time. This is rather
crude, but has the effect of smoothing the values, and was the best I could do given the
time available.
3.6.4 Mostly based on functional description version 2.3.
Apart from these changes, the method is as stated in the functional description (except for
the inevitable bugs we don’t yet know about).

NCAR/EOL

2011-11-27

21

CP method for ZDR calibration – NCAR progress report

3.7

Tabulated results

The following table shows the results of the analysis.
This table was copied from an Excel spreadsheet, which will be provided separately.

KOUN CP ZDR CALIBRATION 2011/08/30 - 2011/09/05

Date

TIME
Solar
scan
end time

2011-08-30
2011-08-30
2011-08-30
2011-08-30
2011-08-30
2011-08-30
2011-08-30

21:02
21:31
22:00
22:28
22:57
23:25
23:41

Date
2011-08-31
2011-08-31
2011-08-31
2011-08-31
2011-08-31
2011-08-31

Solar
scan
end time
14:00
15:10
15:39
18:42
21:45
22:27

Date
2011-09-01
2011-09-01
2011-09-02
2011-09-02
2011-09-02
2011-09-02
2011-09-02

Solar
scan
end time
23:24
23:40
13:18
13:46
14:15
14:43
15:12

NCAR/EOL

CALIBRATION
Clutter
scan
end time
21:15
21:43
22:21
22:40
23:09
23:37
0:06
Mean
Std dev
Clutter
scan
end time
13:18
15:23
15:51
17:10
21:57
22:09
Mean
Std dev
Clutter
scan
end time
23:37
0:05
13:30
13:59
14:27
14:56
15:24

(Prvs/Prhs)2

(Prhx/Prvx)

(Qrhc/Qrvc)

(Qtho/Qtvo)

C

-0.152
-0.117
-0.125
-0.134
-0.098
-0.018
-0.063
-0.101
0.046

0.344
0.325
0.388
0.345
0.351
0.389
0.367
0.358
0.024

0.291
0.304
0.294
0.299
0.290
0.294
0.305
0.297
0.006

0.084
0.071
0.074
0.080
0.081
0.084
0.086
0.080
0.006

0.567
0.583
0.631
0.590
0.624
0.749
0.695
0.634
0.066

(Prvs/Prhs)2
-0.063
-0.052
-0.148
-0.123
-0.098
-0.053
-0.090
0.040

(Prhx/Prvx)
0.247
0.347
0.301
0.344
0.366
0.431
0.339
0.062

(Qrhc/Qrvc)
0.299
0.324
0.326
0.327
0.279
0.292
0.308
0.021

(Qtho/Qtvo)
0.046
0.037
0.047
0.092
0.100
0.086
0.068
0.028

C
0.529
0.656
0.526
0.640
0.647
0.756
0.626
0.087

(Prvs/Prhs)2
-0.031
-0.014
-0.071
-0.072
-0.066
-0.137
-0.105

(Prhx/Prvx)
0.248
0.266
0.409
0.398
0.407
0.364
0.284

(Qrhc/Qrvc)
0.259
0.256
0.255
0.271
0.258
0.269
0.241

(Qtho/Qtvo)
0.067
0.065
-0.013
-0.010
-0.013
-0.008
-0.011

C
0.543
0.573
0.580
0.587
0.586
0.488
0.409
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2011-09-02
2011-09-02
2011-09-02
2011-09-02
2011-09-02
2011-09-02
2011-09-02
2011-09-02

15:41
21:14
21:43
22:12
22:41
23:09
23:38
23:54

Date
2011-09-03
2011-09-03
2011-09-03
2011-09-03
2011-09-03
2011-09-03
2011-09-03
2011-09-03
2011-09-03
2011-09-03
2011-09-03
2011-09-03
2011-09-03

Solar
scan
end time
13:32
14:01
14:29
14:59
15:26
15:55
21:02
21:32
22:01
22:30
22:59
23:28
23:45

Date
2011-09-04
2011-09-04
2011-09-04
2011-09-04
2011-09-04
2011-09-04
2011-09-04
2011-09-04
2011-09-04
2011-09-04
2011-09-04
2011-09-04

Solar
scan
end time
13:23
13:51
14:20
14:48
15:17
15:45
20:53
21:21
21:50
22:18
22:47
23:15

NCAR/EOL

15:53
21:25
21:55
22:24
22:53
23:21
23:50
0:18
Mean
Std dev
Clutter
scan
end time
13:44
14:13
14:42
15:10
15:39
16:07
21:15
21:44
22:14
22:42
23:11
23:41
0:00
Mean
Std dev
Clutter
scan
end time
13:35
14:03
14:32
15:01
15:29
15:57
20:37
21:34
22:02
22:30
22:59
23:34

-0.064
-0.105
-0.091
-0.026
-0.033
-0.029
-0.076
-0.062
-0.065
0.035

0.420
0.395
0.351
0.324
0.327
0.302
0.276
0.318
0.339
0.057

0.230
0.240
0.237
0.221
0.203
0.203
0.244
0.244
0.242
0.021

0.017
0.058
0.055
0.048
0.048
0.048
0.044
0.043
0.029
0.032

0.603
0.588
0.552
0.567
0.545
0.524
0.488
0.543
0.545
0.051

(Prvs/Prhs)2
-0.105
-0.049
-0.066
-0.082
-0.090
-0.036
-0.155
-0.068
-0.059
-0.008
-0.073
-0.071
-0.059
-0.071
0.035

(Prhx/Prvx)
0.430
0.390
0.350
0.376
0.392
0.434
0.460
0.337
0.303
0.267
0.292
0.368
0.311
0.362
0.059

(Qrhc/Qrvc)
0.173
0.224
0.241
0.243
0.235
0.223
0.252
0.253
0.241
0.220
0.109
0.193
0.241
0.219
0.040

(Qtho/Qtvo)
-0.038
-0.014
-0.014
-0.019
-0.007
-0.002
0.040
0.050
0.055
0.048
0.060
0.062
0.053
0.021
0.037

C
0.460
0.551
0.511
0.518
0.530
0.619
0.597
0.572
0.540
0.527
0.388
0.552
0.546
0.532
0.058

(Prvs/Prhs)2
-0.073
-0.166
-0.099
-0.115
-0.138
-0.088
-0.077
-0.071
-0.082
-0.032
-0.065
-0.055

(Prhx/Prvx)
0.585
0.563
0.604
0.591
0.481
0.528
0.602
0.540
0.499
0.524
0.529
0.546

(Qrhc/Qrvc)
0.225
0.240
0.262
0.270
0.292
0.292
0.278
0.250
0.257
0.249
0.259
0.254

(Qtho/Qtvo)
-0.041
-0.025
-0.029
-0.027
-0.028
-0.033
-0.035
-0.014
-0.015
-0.021
-0.015
-0.016

C
0.696
0.612
0.738
0.719
0.607
0.699
0.768
0.705
0.659
0.720
0.708
0.729
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Date
2011-09-05
2011-09-05
2011-09-05
2011-09-05
2011-09-05
2011-09-05
2011-09-05
2011-09-05
2011-09-05
2011-09-05
2011-09-05
2011-09-05
2011-09-05

Solar
scan
end time
13:14
13:42
14:11
14:39
15:08
15:36
20:46
21:16
21:44
22:13
22:42
23:10
23:28

Mean
Std dev
Clutter
scan
end time
13:26
13:54
14:23
14:52
15:20
15:49
21:28
21:57
22:25
22:54
23:22
23:51
0:44
Mean
Std dev

-0.088
0.037

0.549
0.040

0.261
0.020

-0.025
0.009

0.697
0.048

(Prvs/Prhs)2
-0.132
-0.142
-0.152
-0.134
-0.157
-0.169
-0.115
-0.135
-0.152
-0.155
-0.170
-0.095
-0.076
-0.137
0.028

(Prhx/Prvx)
0.444
0.437
0.465
0.454
0.508
0.553
0.412
0.513
0.476
0.479
0.402
0.411
0.417
0.459
0.046

(Qrhc/Qrvc)
0.316
0.306
0.297
0.305
0.309
0.311
0.301
0.284
0.280
0.293
0.279
0.303
0.288
0.298
0.012

(Qtho/Qtvo)
-0.052
-0.051
-0.053
-0.047
-0.058
-0.047
-0.040
-0.038
-0.033
-0.029
-0.032
-0.032
-0.035
-0.042
0.010

C
0.576
0.550
0.557
0.578
0.602
0.648
0.558
0.624
0.571
0.588
0.479
0.587
0.594
0.578
0.040

Table 2: CP results for KOUN
3.8

Discussion of KOUN results

We have been targeting an accuracy for C within 0.05 dB of the ‘truth’, so that we can be
reasonably sure that ZDR is calibrated to within 0.1 dB.
Given this goal, there is more spread in the computed C value than we would like to see.
The estimated value for C ranges from a low of 0.532 to a high of 0.697.
The sun results are surprisingly noisy. Generally we do not see that with SPOL. We will
need to understand why that is the case.
The standard deviation of the estimates for C, for each day individually, is around 0.05
dB, which is encouraging. So sometimes the method produces quite smooth results.
We are starting to understand the method better, and we are uncovering some issues such
as the strange data in some sectors, and the receiver bias.
We need to compare these results to Chandra’s method to see how good the agreement is.
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