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1 Introduction 

The use of S-band (~10 cm wavelength) radars for boundary layer (BL) profiling is generally accepted practice (Gossard 
1990; Wilczak et al. 1995). S-band straddles the Bragg regime (which dominates in clear air at wavelengths just below 10 cm) 
and the Rayleigh regime (which dominates in most classes of precipitation at wavelengths above 10 cm). Therefore, S-band 
radar is useful both for clear-air BL studies and precipitation studies, a property that led to its adoption in the U.S. National 
Weather Service Radar – 1988 Doppler (WSR-88D). S-band radar observations can be used for real-time monitoring of the 
convective BL, where insect concentrations and Bragg scatter illuminate the horizontal structures within the convective BL 
(Gossard and Strauch 1983; Gossard 1990; Melnikov and Zrnić 2017). The vertical resolution of WSR-88D observations of 
clear air, however, is limited in horizontal and vertical extent by the volume coverage pattern used by the WSR-88D in non-
precipitation monitoring mode, and in temporal coverage by the volume update time (~ 5 – 6 min). In precipitation, the WSR-
88D-observed components of motion are predominantly horizontal owing to shallow elevation angles used (< 20°). The vertical 
component of motion is poorly observed and must usually be retrieved using some type of retrieval such as multi-Doppler 
synthesis (e.g., Armijo 1969) or ensemble Kalman filter data assimilation (e.g., Dowell et al. 2004). For the same reason, 
WSR-88D Doppler spectra are of limited use for ascertaining drop size distributions. 

During spring 2016 and spring 2017, a vertically pointing, S-band radar was deployed in northern Alabama as part of the 
Verification of the Origins of Rotation in Tornadoes Experiment (VORTEX) – Southeast (VSE). VSE was instigated to 
intensively investigate tornadoes, their environments, and their societal impact in the Southeast United States (Rasmussen and 
Koch 2016). The University of Massachusetts frequency modulated continuous wave radar (hereafter UMass FMCW) was 
deployed in support of the objective of characterizing the BL evolution, which can strongly modulate the character of 
developing storms, in the VSE domain in northern Alabama, U.S.A. Approximately eight (six) weeks’ worth of vertical 
Doppler spectra were collected over Belle Mina (Scottsboro), Alabama in 2016 (2017) (Figure 1), including observations of 
BL stratification and precipitation. Conditions during the deployment ranged from quiescent clear skies to severe 
thunderstorms containing heavy rain and hail (e.g., Figure 2).  

Figure 1: (a) VORTEX-SE deployment sites for UMass FMCW in Northern Alabama during the 2016 and 2017 field campaigns.  (b) UMass 
FMCW deployed at the Tennessee Valley Authority site near Belle Mina, Alabama in 2016. (c) UMass FMCW deployed at Scottsboro 
municipal airport in 2017. A collocated Portable In Situ Precipitation Station (Dawson et al. 2017) sits beside the truck, and a Vaisala CL31 
ceilometer sits on the truck bed just behind the cab. 
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Figure 2: UMass FMCW observations of (a) reflectivity factor (in dBZ), (b) raw Doppler radial velocity (in m s-1), (c) spectrum width (in m 
s-1), and (d) signal to noise ratio (in dB) from 1600 to 1700 UTC on 3 April 2017 above the Scottsboro, Alabama airport. The end of a 
stratiform precipitation event with an evident melting layer (around 2.8 km AGL) can be seen, following which at least two elevated, 
convective layers (at approximately 1.0 and 1.5 km AGL) are visible in the hydrometeor-free air. Derived quantities (e) spectrum width 
texture (in m s-1) and (f) dealiased Doppler radial velocity (in m s-1) are also shown. 

This presentation documents the VSE deployments of UMass FMCW and updates the system description. Additionally, we 
present results of application of three algorithms to these data: (1) a simple-but-flexible echo classification scheme to separate 
precipitation from non-precipitation, (2) a bright band identification algorithm, and (3) an extended Kalman filter-based BL 
height detection algorithm. The latter technique will be discussed in greater detail in a separate presentation at this conference 
(Rocadenbosch et al., abstract no. 29).  

2 UMass FMCW 

UMass FMCW (Figure 1b, c) is a single-polarized, pulse compression radar (İnce et al. 2000; İnce et al. 2003; Waldinger
et al. 2017). During VSE data collection, UMass FMCW operated as follows. Over a 1.34 s interval, 256 frequency modulated 
sweeps were collected to produce a Doppler spectrum. Twelve such spectra, spanning a 16.1 s interval, were then averaged, 
and moments calculated from the averaged spectra. Reflectivity (h, units: mm6 m-3) was estimated from system signal-to-noise 
ratio (SNR) using the radar equation (e.g., Doviak and Zrnić 1993, their Eqn. 4.16) and nominal system parameters (Error! 
Reference source not found.). Linear radar reflectivity factor (z) was calculated from h, while radial (vertical) Doppler 
velocity (w), and spectrum width (sw) were calculated from the Doppler spectra. In a change from previous field campaigns, 
Doppler spectra were also recorded for VSE deployments.  

In 2017, UMass FMCW was upgraded with a solid state (gallium nitride) amplifier, replacing the traveling wave tube (TWT) 
amplifier used in 2016 and prior seasons (Waldinger et al. 2017). This upgrade increased the maximum unambiguous velocity
of the system from 4.9 to 7.3 m s-1, and eliminated power spurs in the Doppler spectra resulting from the TWT amplifier’s 
switching power supply. While the majority of these spurs were small in amplitude and could be removed using median 
filtering, the stronger spurs persisted and led to spurious echoes appearing at constant range (height; Figure 3a-d). The spurs 
drifted in frequency and occasionally overwhelmed weak meteorological returns, making them difficult to remove using 
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conventional automated filtering methods and flummoxing the automated dealiasing algorithm (Herráez et al. 2002) applied 
to these data (Figure 3f). The 2017 solid state amplifier upgrade virtually eliminated these issues (Figure 2f). For these reasons, 
the scatterer classification algorithm described later in this manuscript was developed using only the observations made in 
2017. 

Table 1: Selected parameters of the UMass FMCW radar system as configured for VSE. 

Parameter Value 

Frequency 2.92 GHz 

Bandwidth 30 MHz 

Sweep interval 5.24 ms 

Sweep rate (PRF) 190.735 Hz 

Amplifier type Traveling wave tube (2016) 

Solid state GaN (2017) 

Transmitted power (continuous) 250 W 

Antenna gain 34 dB 

Compression gain 50.2 dB 

Noise level -97.4 dBm 

3-dB beam width 3.5° 

Maximum unambiguous range 5.12 km 

Maximum unambiguous velocity ±4.9 m s-1 (2016) 
±7.3 m s-1 (2017) 

Sampling period 1.34 sec 

Averaging period 16.1 sec 

Range resolution 5.0 m 
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Figure 3: As in Figure 2, but for observations from 0900 to 1000 UTC on 31 March 2016 over Belle Mina, Alabama. A light precipitation / 
virga event is depicted. The melting layer can be seen at 3.0 km AGL, and the top of the convective boundary layer is evident at about 2.0 
km AGL, following the cessation of rain. These data were collected prior to the solid state amplifier upgrade, and show the effects of power 
spurs (appearing as spurious echoes at constant height) in all the fields. These spurious echoes cause the automated dealiasing algorithm 
(panel f) to fail from 0900 to 0915 UTC, below the precipitation. 

3 Scatterer classification algorithm 

Two VSE-associated research projects undertaken using UMass FMCW data required separation of non-precipitation 
(predominantly Bragg scatter) from precipitation (predominantly Rayleigh scatter) observations. Because ~14 weeks’ worth 
of observations were collected, manual separation of these two classes of echoes would be quite time-consuming, so we 
pursued an automated technique. We chose to use the generalized fuzzy logic technique described by Gourley et al. (2007). 
While developed for C-band polarimetric radar, this techniqueis agnostic to the choice of band, polarimetry, and variables used 
in the classification. The only requirement is that sufficient differences exist in the measured variables between the classes to 
be assigned that the kernel density estimators (KDEs) have relatively small overlap.  

The fuzzy logic algorithm used in this study was trained on the four primary variables in the UMass FMCW data: logarithmic 
reflectivity factor (Z), w, signal-to-noise ratio (SNR), and sw. Attenuated echoes (with associated noisy Doppler velocities) 
were occasionally observed at high altitudes in convective precipitation. To eliminate attenuated precipitation observations, 
the texture of sw2 (e.g., Figure 4e) was used. The texture (spatial variability in the vertical) of a variable f at a height index h 
over a kernel size n is given by the root-mean-square-difference formula: 

Texture(f)) = 	-
∑ (f) − f)01)2
(345)/2
174(345)/2

n
(3.1) 

This texture formula is the same as that given by Gourley et al. (2007; their Eqn. 1) but reduced to a single (vertical) spatial 
dimension. Precipitation data were censored where Texture(sw2) exceeded 0.2 m s-1, a value inferred by inspection to 
correspond to attenuated precipitation observations, but not to hydrometeor-free air observations. 
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Figure 4: As in Figure 2, but for 0400 to 0500 UTC on 28 March 2017, during a transition from convective (pre-0430 UTC) to stratiform 
(post-0430 UTC) precipitation.  

To “train” the fuzzy logic algorithm (i.e., populate the KDEs) as was done by Gourley et al. (2007), we selected subsets of 
the observations of the desired categories. The nine-hour “precipitation” subset of the UMass FMCW data was composed of 
examples of stratiform, convective, warm rain (i.e., no ice processes), and drizzle. KDEs for nonprecpitation were generated 
similarly using a nine-hour subset of observations of scatterer-free air, bioscatterer activity, or Bragg scatter in the convective 
BL (e.g., Figure 5). These two sets of training data were selected to capture a plausible range of the measured and derived 
variables, and contained observations spanning the 2017 deployment period in order to account for any long-term variability 
in the radar’s performance. One additional category (“no data”) was defined for those observations that were censored by the 
UMass FMCW signal processor (signified by Z = -99.0 dBZ). 

The normalized Gaussian KDEs (Silverman 1986) were generated using the scikit-learn (Pedregosa et al. 2011) package for 
Python (Figure 6). As in Gourley et al. (2007), the overlap area of the KDEs was used to assign weights to each variable for 
each class. The smaller the KDE overlap area, the better a discriminator the variable was, and the larger the weight assigned 
to that variable. Following training, the three variables found to have the largest weights were (in descending order) Z, SNR, 
and sw2. These three variables are used to classify precipitation and nonprecipitation for the 2016 and 2017 data sets. Radial 
velocity (w) was found to have a relatively small weight compared to the other variables. It was also noted that the KDE for 
clear air appeared to have artificially inflated “wings” close to the edges of the radar Nyquist interval (7.3 m s-1; Figure 6b), 
signifying that low-SNR clear-air observations resisted dealiasing. Therefore, in spite of previous studies showing its potential 
power as a precipitation discriminator (Ralph et al. 1996), w was not included in the set of variables used to make the scatterer 
classifications in these data. 
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Figure 5. As in Figure 2(a-d), but for 2100 to 2200 UTC on 3 April 2017, showing the growth of the convective boundary layer. 

Figure 6. Kernel density estimators for (a) reflectivity (in dBZ), (b) dealiased Doppler radial velocity (in m s-1), (c) spectrum width (in m s-

1), and (d) signal to noise ratio (in dB) for precipitation (blue curves) and non-precipitation (red curves). The normalized area where the 
two curves overlap (representing ambiguous classification) is shaded in dark gray. 

Examples of the resulting classifications, based on the observations shown in Figures Figure 2 through Figure 5, are shown 
in Figure 7. On first glance, the algorithm appears to be working fairly well. There are, however, a few issues of note. Firstly, 
in the 2016 data (e.g., Figure 7b), the spurious echoes from the TWT power spurs are misclassified as precipitation. We 
estimate that approximately 5-10% of the precipitation classifications in the 2016 data are likely erroneous results of power 
spur artifacts. These observations reinforce the notion that some additional quality control needs to be performed on the 2016 
data.  

Secondly, some regions near the top of the convective BL (e.g., Figure 7a and d) are classified as precipitation, but it is 
ambiguous whether the echoes are Bragg scatter or light virga within convective clouds (Figures Figure 2 and Figure 5, 
respectively). While vertical velocity oscillates from positive to negative in these regions (Figures Figure 2b and Figure 5b, 
respectively), suggesting that Bragg scatter is the dominant scattering mechanism, cloud bases were detected (Figure 8) by a 
collocated Vaisala CL31 ceilometer (Figure 1b, c) in some instances (e.g., Figure 8b). We conclude that Bragg scatter is being 
misclassified as precipitation in some instances where cloud bases were not detected (e.g., Figure 7a at and after 1630 UTC 
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around 500 m AGL), but that light virga was likely present within convective clouds (e.g., Figure 7b). In the former case, the 
precipitation classification is incorrect, but in the latter, it is correct. The ceilometer observations will likely be introduced as 
an additional check on this classification scheme in the future.  

Figure 7: Scatterer classifications (precipitation / non-precipitation) based upon the observations shown in Figures Figure 2 through Figure 
5, respectively. 

Figure 8: Attenuated volume backscatter coefficient (color fill in km-1 sr-1) and cloud base heights (colored dots) detected by a ceilometer 
collocated with UMass FMCW at the times the measurements shown in (a) Figure 2 and (b) Figure 5 were collected.  

4 Melting layer (bright band) identification in precipitation 

With our precipitation classifications in hand, we proceed to automated identification of the melting layer (ML) in order to 
further segregate frozen from liquid precipitation, and convective from stratiform precipitation. Our methodology for bright 
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band identification (BBID) is patterned after that formulated by Zhang et al. (2008) for stratiform regions. The principal 
differences are (1) we use measured vertical profiles of reflectivity from the UMass FMCW radar, rather than vertical profiles 
of predominantly horizontally polarized reflectivity derived from a volume coverage pattern, and (2) when needed, we use 
estimated 0 °C height from an independent, collocated instrument rather than an operational numerical model field. The 0 °C 
height, which is used as a first guess for the altitude of the top of the ML, is iteratively estimated either from the bright band 
top calculated at a previous time step, or from temperature profiles produced by the Collaborative Lower Atmospheric Profiling 
System (CLAMPS) (Blumberg et al. 2015) if the former quantity was not available. CLAMPS was collocated with UMass 
FMCW for both the 2016 and 2017 VSE field campaigns (Turner 2016). The scatterer classification was used to constrain ML 
identifications to precipitation only. Results of the ML identification for a 12-hour rain event during VSE on 3 April 2017 are 
shown in Figure 9. Good agreement can be seen between the CLAMPS 0 °C height and the ML identification, lending 
confidence that the identified ML can be used to separate frozen (above) and liquid (below) hydrometeors. 

Figure 9: (a) Reflectivity (in dBZ) for a 12-hour precipitation event on 3 April 2017, with a bright band in clear evidence. (b) Corresponding 
scatterer classification (gray shading) and melting layer identification (yellow fill), overlaid with CLAMPS 0 °C level (green dots). 

5 Identification of the top of the convective BL using an extended Kalman filter technique 

We turn our attention to the non-precipitation regions identified using our scatterer classification algorithm. Within this 
section, we assumed that Bragg scatter was the predominant mechanism generating echo in these regions, even though it has 
been documented that UMass FMCW can detect bioscatterers (Contreras and Frasier 2008) and that some regions of Bragg 
scatter may be misclassified as light precipitation (e.g., Figure 7a).  

Lange et al. (2015) described a technique for automatic identification of the top of the convective BL in UMass FMCW 
reflectivity observations using an extended Kalman filter (EKF). The application of this technique to UMass FMCW VSE 
observations will be discussed in detail in a separate presentation at this conference (Rocadenbosch et al., abstract no. 29). An 
example of this application to the 2016 UMass FMCW reflectivity observations is shown Figure 10. For the 2016 data, the 
algorithm was modified to avoid identifying the spurious echo artifact from the TWT power spur as the top of the BL.  It can 
be seen that the algorithm successfully avoids misidentifying this artifact as the top of the BL at all but a handful of time steps. 
We intend to apply this algorithm in a semi-supervised fashion to all the UMass FMCW non-precipitation observations in an 
effort to characterize the diurnal cycle of convective BL growth and decay over the VSE domain. 
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Figure 10: Bioscatterer-free (“clean”) UMass FMCW reflectivity (in dBZ) from 1900 to 2000 UTC on 31 March 2016, overlaid with BL 
top identifications (magenta crosses) from the EKF-based technique. The reader is referred to Lange et al. (2015) for additional detail 
regarding the reflectivity preprocessing. 

6 Conclusions 

We developed a scatterer identification algorithm for observations collected during VORTEX-SE by a vertically-pointing, 
S-band, single-polarized FMCW radar. This algorithm automatically separated UMass FMCW observations of precipitation 
and nonprecipitation, and allowed for further identification of salient BL features of interest to the VSE cohort. The products 
produced by our postprocessing include: 

1. Dealiased vertical velocities in precipitation

2. Scatterer classification (precipitation and nonprecipitation)

3. Bright band top and bottom heights

4. Convective boundary layer top heights

These products serve as a stepping stone toward a comprehensive characterization of the BL over northern Alabama during 
early spring. It is anticipated that these products will be used to derive additional conceptual models, such as those for 
convective BL growth based on composites of BL evolution, and estimated precipitation drop size distributions verified by 
collocated disdrometer observations (Dawson et al. 2017) (Figure 1c).  We also intend to add additional subclasses to the non-
precipitation scatterer category, specifically refractive index turbulence (RIT), biological scatterers (insects, birds, etc.), and 
unknown non-meteorological targets. 
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