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ABSTRACT

Current Hydrometeor Classification Algorithm (HCA) of the WSR-88D radars features a class for biological echoes.
The HCA is not capable of separating echoes from birds from echoes from insects. Such a separation is important for
meteorology, aviation, agriculture, and ecology. A fuzzy logic algorithm for separating bird echoes from insect echoes

using the dual polarization Next Generation Radar (NEXRAD) WSR-88D and considering range effects has been
developed. September is a peak migrating season for birds. Radar data was analyzed from all clear air days in
September 2017 to verify the composition of clear air echoes. The membership functions are derived directly from the
distributions of radar variables and weighted in an objective manner. The algorithm has been tested on three cases.
One case with known Monarch butterfly abundance, confirmed by the US Department of Agriculture (USDA) is
identified as being insect dominated. The second case for observed bird migration is also identified as bird
dominated. The final test is for expanding rings of reflectivity known to be caused by birds leaving their roosting sites.
These rings are identified as being bird dominated.

1. INTRODUCTION

Weather radars are designed to monitor severe weather
and measure precipitation. The USA network of WSR-
88D (Weather Surveillance Radar - 1988 Doppler)
consists of 160 systems deployed across the continental
US, Alaska, and in Puerto Rico. Sensitivity of the radars
are enough to observe echoes from insects, birds, and
bats. The WSR-88D classify such echoes as biological
scatters without distinguishing the taxa. Distinguishing
radar echoes from birds and insects is important for
weather observations, aviation, ecology, agriculture, and
biology. Bird strikes are a major hazard for aviation.
They are defined by the Federal Aviation Administration
(FAA) as collisions between a bird and an aircraft
resulting in the injury/death of the bird, damage of the
aircraft or both. (Seidenman and Spanovich 2016).
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Perhaps the most high-profile incident occurred on 15
January 2009. The US Airways Flight 1549 encountered
a flock of Canada Geese shortly after takeoff from the
New York City LaGuardia Airport. Some birds were
ingested into both engines leading to loss of thrust.
Luckily, the pilots successfully landed the airplane on
the Hudson River, saving the lives of all 155 people on
board.

Many bird strikes have caused deaths and damage of
aircraft. According to the National Wildlife Strike
Database (Federal Aviation Administration, 2016), the
number of reported annual strikes has increased 7.4
times from 1,847 in 1990 to a record 13,795 in 2015.
Within this timeframe, 169,856 strikes were reported
either as happened in the USA or by U.S registered
aircraft in foreign countries. Birds accounted for 95.8
percent of the 2015 reported strikes. Although, there is a
substantial risk of aircraft bird strike being to the
windshield, nose, wing/rotor and radome, the engines
sustained the highest percentage of damage of major
components. The FAA reports that in 1990-2015, there



were 16,636 cases of bird strikes on engines of which
27 percent resulted in damage. About 5 percent of
damaged engines required removal (Seidenman and
Spanovich 2016). Globally wildlife strikes have killed
more than 262 people and destroyed over 247 aircraft
since 1988. The annual cost of wildlife strikes to the
USA aviation industry in 2015 is estimated to be at least
$229 million in direct and other monetary losses.

The trend of bird strikes is expected to increase
because of a growth in the population of large birds and
increasing air traffic. Out of 30 species of birds found to
frequently strike aircraft, it was found for every 100g
increase in body mass, there was a 1.26% increase in
the likelihood of damage. As such large birds like geese,
pelicans, cranes and eagles are especially dangerous.
Several methods currently exist for wildlife management
around airports. They include avian radars (US FAA
Advisory Circular 2010, Bunch and Herricks 2010,
Nohara et al. 2011), habitat management, technology
for deterring wild life species, sound systems to keep
birds away from take-off/landing areas, satellite
telemetry and other animal tracking techniques.
Mounted lighting systems are also used to illuminate
aircrafts so that incoming birds can easily detect and
avoid them. While all these methods are effective for
tracking/repelling birds, they do not provide the
continental scale continuous surveillance of the WSR-
88D network. An algorithm for detecting birds using the
WSR-88D would improve aviation safety. As such, the
main goal of this report is to develop an algorithm that
detects the presence of birds in the terminal region of an
airport.

Distinguishing birds and insects is also important for
meteorology, agriculture and biology. Insects are perfect
wind tracers because of their lower mass and passive
flight. Birds on the other hand have a heavier mass and
are active fliers. They have been found to bias wind
measurements with their flight velocities (e.g., Wilczak
et al. 1995, Jiang et al. 2013). Identifying radar echoes
from insects and birds can improve the accuracy of
radar derived winds. Furthermore, many insect species
are agricultural pests. They feed on plants reducing the
yield. Integrated pest management (IPM) techniques
seeks to address this problem, by ascertaining the
presence, abundance and distribution of these insects
before taking environmentally sensitive measures to
reduce the insect population (Zehnder 2014).
Ornithologist also study radar patterns to understand
large scale bird behavior.

The WSR-88D is a very sensitive system. It can detect a
small single bird at distances up to 100 km from radar.

Most probable times of bird strikes are periods of bird
migration. Birds migrate intensely at fair weather, which
is called “clear air” in radar meteorology. In “clear air”
situations, no precipitation is observed, but radar can
show large echoes from birds, bats, and insects, which
is called atmospheric biota. Birds typically migrate at
night when there can be some nocturnal insects. In the
day time, some birds forage on insects. Birds and
insects should be expected to be found at any time of
the day. They also produce similar radar echoes
creating the challenge of knowing exactly what taxa is
being observed. Current radar algorithms like The
Hydrometeor Classification Algorithm used on the WSR-
88D network is only as specific as defining a broad
biological class of echoes (Park, 2008), without
identifying the taxa.

This report contains results on distinguishing two
classes of biological echoes: birds and insects. The
report is organized as follows. The next section presents
an analysis of the properties of clear air radar echoes.
Section 2 contains results clear air data analysis. The
algorithm is described in section 3 which also contains
results on testing the algorithm. Conclusions are
reported in section 5.

1.1 Review of Clear Air Echoes

The existing body of research identifies three main
causes of clear air return: birds (e.g., Eastwood 1967,
Gauthreaux et al. 1998, Chilson et al. 2012, Melnikov et
al. 2012), insects (e.g., Drake and Reynolds 2012) and
turbulent Bragg scatter (Melnikov et al. 2011, 2013,
2017). Smoke and dust particles have been found to
occasionally contribute to clear air return (Melnikov et al.
2008, 2019). Birds are large targets capable of
independent flight with air speeds of 10-20 m/s (Martin
2003). Their velocities pose an issue for radar derived
wind estimation at night. The NOAA’s wind profile
routinely flags nocturnal clear air data as being
contaminated by birds (Eastwood 1967, O'Bannon
1995, Gauthreaux and Belser 1998, Zrnic and Ryzhkov
1998, Jungbluth et al. 1995). Insects are smaller than
birds and are generally wind borne except in cases of
alignment where the aligned group generates its own
velocity (Riley 1975). As such they are good tracers of
the wind. Insects can be found at any time of the day.

Clear air reflectivity (Z) has a unique daily cycle. Martin
(2003) analyzed clear air data from the Cimarron radar
in May 1999. The results showed that Z had stronger
nocturnal return than day time return with the lowest
values recorded at sunrise and sunset. During day time,
Z maintained a modest value concentrated at a low
height. This continued till sunset at 2 UTC where it



reaches the first minima. In the next 1 hour, Z rapidly
increases to its maximum value contained a greater
height (2 - 3 km). The average nocturnal value remained
high between 4 — 10 UTC after which it rapidly dropped
to the second minima at sunrise (11 UTC) followed by a
quick increase to around initial day time Z values. This
cycle implies a clear change in nature (probably taxa) of
scatterers between day and night. Hardy and Glover
(1966) suggested that the daily cycle is due to insect of
one specie leaving and another ascending. However,
results from the analysis of dual pol variables in this
research, show that the more plausible explanation is
more insects flying during the day and birds dominating
night returns. This is also supported by other research.

Clear air echoes can occur as isolated targets and is
often granular. Browning and Atlas (1966) discovered
that nocturnal echoes have larger grains indicative of
larger particulates compared to day time. This is
probably due to more birds being aloft. Clear air echoes
can also occur as layers or volumes (Martin 2003,
Martin and Shapiro 2007). Furthermore, clear air Z
fluctuates with seasons. Generally, it is stronger in the
warm season. On the Great Plains, late spring has the
strongest Z at night with daily values fluctuating by as
much as 20 dBZ (Martin 2003, Martin and Shapiro
2007). This correlates with the peak migrating season
for birds.

Thin lines of clear air Z are a common feature of day
echoes on the Great Plains. They are clearest (thinnest
and sharpest) in the late afternoon. Wilson et al.(1994)
attributed it to insects gathering at meteorological
boundaries. Boundaries are also locations of large and
sharp index of refraction gradients. Geerts and Miao
(2005) studied vertical flight of scatterers in the
convective boundary layer using profiling airborne radar.
They found insect plumes to be collocated with updrafts.
Micro-insects were also observed to resist updraft with
an average speed of 0.5+0.2 m/s.

Perhaps the strongest evidence of birds are the
expanding rings of reflectivity often seen at certain
morning times of the year. Elder (1957) initially
postulated gravity waves as the cause. However, recent
research has proven that it is due to birds leaving their
nesting sites evidenced by these rings always
emanating from the same location (Battan, 1973,
Eastwood 1967, Gauthreaux and Belser 1998). Similar
rings are also seen in the evening due to bats leaving
their roosting sites. Other rings of 1 to 3 km diameters,
which do not expand, have also observed (Martin 2003).
They have been attributed to convective cells (Doviak
and Zrnic 1993).

PPl scans of Z for day and night frequently show
bilateral symmetry with the strongest values 180
degrees apart. This also extends to dual polarization
variables (Zrnic and Ryzhkov 1999). The symmetry is
due to the radar cross section of a non-spherical object
aligned in the atmosphere. Schaefer (1976) attributed it
to aligned birds and Gauthreaux and Belser (1998)
attributed it to aligned insects. Insects aligned in the
atmosphere can also produce asymmetric radar echoes
(Melnikov et al. 2015).

1.2. Nocturnal Clear Air Echoes

Migratory birds have been found to travel mostly at
night. Thus, nocturnal echoes in bird migration seasons
are dominated by birds. NOAA’s Enviromental
Technology Lab considers this a severe problem and
routinely flags low level radar wind profiler data,
collected at night during migration season as bird
contaminated (van de Kamp et al. 1997, Miller et al.
1997, Wilczak et al. 1995). This was further
corroborated by differences in balloon sounding data
and radar derived winds during certain periods of the
year (at night) where birds are expected to migrate.
O'Bannon (1995) and Gauthreaux et al. (1998b) also
reported on this issue with the WSR-88D VAD wind
profiles. The differences recorded were as large as 15
m/s which is consistent with the flight velocities for birds.

While many birds are expected in nocturnal echoes
during a migration season, it does not exclude other
sources like insects. Gossard and Strauch (1983)
counted separate echoes with a 1.5 m resolution FM-
CW radar on a night in July in Nebraska. They found a
density of 1 echo per 12 meter cube over a depth of
500m. Martin (2003) concluded that this density would
imply about 46 billion species over the state of
Oklahoma alone which certainly excludes birds as the
only cause of nocturnal echoes. Furthermore, birds
have been observed to have reflectivity in the range of 5
to 15 dBZ (Gauthreaux and Belser 1998). One bird in a
radar probe volume can account for 10 dBZ of echo
(O'Bannon 1995). Martin (2003) estimated that using a
probe volume of 100-meter cube and 1 bird per volume
over the state of Oklahoma through a depth of 3 km will
require 500 million birds at the instant of a radar scan
which is highly improbable. Other scatterers (probably
insects) must also be present in nocturnal echoes to
explain this number.

1.3. Day Time Clear Air Echoes

Many studies have identified insects as the major cause
of day time echoes. Crawford et al. (1949) made this



suggestion based on the difficulty in creating gradients
in refractive index strong enough to be sensed by the
radar and visual confirmation of the presence of insects
coinciding with radar observations. Drake (1984, 1985)
studied moths in a nocturnal low-level jet in Australia.
He observed bilateral symmetry in Z due to alignment of
scatterers using a 3.2 cm wavelength radar. Rapid
increase in reflectivity at dusk was observed and
attributed to mass insect takeoff. Aerial trappings with a
kite borne net confirmed the presence of moths up to
220 m. Drake (1984,1985) also reported radar cross
section values of 1 ¢m? typical of large insects. These
observations led to the belief that measured echoes
were from insects. Hardy and Katz (1969) compared
clear air Z using radars with wavelengths of 3, 11 and
71 cm. They discovered that reflectivity of dot echoes in
the lower troposphere decreased at higher wavelengths,
consistent with Rayleigh scattering off objects smaller
than radar wavelength. Wilson et al. (1994) also used
multiple radars with different wavelengths to study clear
air echoes and concluded that insects were the cause of
most day echoes.

Kropfli (1986) used 3.22 cm and 0.86 cm radars to study
the convective boundary layer during the day. They
found difference between VAD winds and wind
measured with a tall anemometer of about 0.2 m/s
indicative of wind borne scatterers. Furthermore, typical
clear air Z of -15 to 5 dBZ are much higher than
expected from the returns due to index of refraction
gradients. They also noted an absence of maximum Z
near inversion heights, ruling out refractive index
gradients leaving insects, seeds and particulates in the
atmosphere as potential causes. The WSR-88D can
observe thermal plumes partially filled with insects
(Melnikov and Zrnic 2017). Hardy and Katz (1969)
reported the presence of Bernard -like cells seen during
the day at the same time an abnormal number of
airborne ants were observed.

1.4. Classifying Birds Vs Insects

Previous studies show that Z from birds and insects can
have close values. A simple threshold based on few
variables cannot be used to distinguish these scatterers.
Other properties of the base data or/and dual —
polarization (dual pol) radar parameters need to be
utilized. Birds are known to have higher velocities than
insects. Consequently, radial velocities of birds will also
be larger. Bachmann and Zrnic (2006) analyzed the
power spectrum of a resolution volume located in the
wind direction. They found two peaks in the spectrum
around 12 m/s and 20 m/s which they attributed to
insects and birds respectively. Spectrum Velocity

Azimuth Displays (SVAD) also showed insects with a
differential reflectivity (ZDR) maximum between 3 and 8
dB while birds had a ZDR < 2.5 dB.

Furthermore, birds engage in more wind independent
flight than insects. As such, resolution volumes
dominated by birds would have a higher variation of
radial velocities (ov). Similarly, birds are less
coordinated and uniformly distributed than insects when
flying and should have a lower correlation between
horizontal and vertical polarizations pnv. Birds also
frequently exhibit higher differential phase (¢»or) values
than insects (Zrnic and Rhyzkov 1998).

All level 1l radar products are analyzed for unique
bird/insect signatures. A texture of these products is
also calculated as the spatial variability over a 3-range
gate by 3-range gate contiguous volume (or texture
volume) to obtain 6 more products. They reveal patterns
that might exist over a larger spatial scale and are used
in the algorithm.

2. DATA ANALYSIS
2.1. Selection of Clear Air Days

September is a month with intense nocturnal bird
migration in Oklahoma, so it is chosen as the bird
migration case. Clear air days, i.e days without
precipitation were obtained from the Norman station of
the Oklahoma Mesonet (Fig 1). All days with rainfall less
than 0.1 inches are selected. They are September 1,3-
16 and 19 -25 all in 2017. This is a total of 22 clear air
days. Radar data was collected from the KLTX radar in
Oklahoma city. Data is analyzed between 10 and 100
km from the radar, in 10 km intervals. Gates less than
10 km from the radar can be contaminated by ground
clutter and are excluded. Above a 100 km from the
radar, the resolution volumes are too large to resolve
biological echoes. In clear air mode, KTLX collects 2
scans at a 0.5 degree elevation. The first scan
(Surveillance sweep) contains all dual polarization
variables and Z for ranges up to 460 km while the next
scan (Doppler) contains Z, V and ov. Only data from the
0.5 degree elevation are used because biological
scatters are usually contained at low heights. Both
scans are also considered as one sweep because they
are separated by less than a minute. Reflectivity from
the Doppler sweep is chosen because it uses more
radar pulses which translates to higher accuracy while
maintaining a maximum unambiguous range of 148 km.
Furthermore, day time is defined as 14 - 21 UTC (9 — 16
CDT) while night time is defined as 2 - 9 UTC (21 — 4
CDT).



2.2. Data processing

Data was analyzed in 10 km intervals from 10 to 100
km. Gates with low signal to noise ratio (SNR) or
anomalous propagation have been filtered out.
Biological scatterers typically have low pnv values with
an upper limit of about 0.8 while precipitation have pnv >
0.97 (Park et al., 2008). A threshold of pHV= 0.8 has
been chosen for this study to remove possible weather
contamination while retaining biological echoes. All
range gates with pnv greater than this threshold is
removed. Gates with radial velocities in the range [-1,1]
m/s are also excluded to prevent possible contamination
by ground clutter.

2.2.1. Texture

Texture provides information about the spatial variability
of a radar variable over a texture volume. The texture
volume used is a 3 by 3 contiguous groups of gates
centered on a reference gate. Each resolution volume is
0.93°x0.93° x 250m. Thus, the texture volume is
2.79°x0.93°x750m. Fig 2 shows a texture volume made
up of gates 0-9 and centered at reference gate 0. Gates
3, 4 and 5 belong to one radial, 1, 8 and7 to another and
2, 0 and 6 to the third radial. Rmin and Rmax are the
lower and upper boundaries for a specified range
interval. So, for a 10-20 km interval, Rmin = 10 km, and
Rmax = 20 km.

For Z, the texture AZ,p at radial a and range gate b is
calculated as

1 1
1
AZgp = N=1 Z Z |Za,b- Za+ip+j| (€))

i=—1j=-1

where i stands for the azimuthal offset and j is the range
gate offset from the reference gate. N is the number of
gates with measured values. Texture is only calculated
if Z,p, #NaN and 5<N<9. Otherwise the texture is
assigned as not available (NA). This condition ensures
that the texture is always representative of at least half
of the texture volume. Edge effects for the first/last
radials and range gates are handled by periodic
extension. Also, AZ and AZDR are calculated using the
values in dB (not linear scale). The same procedure is
used to obtain texture for velocity (AV), spectrum width
(Aov), differential reflectivity (AZDR), differential phase
(Appr), and correlation coefficient (Apav).

Data is also processed in 30-minute (half hour)
intervals. For instance, for a radial at 20°, a half hour
interval of 01:00-01:30 UTC and range interval 10-20
km, the procedures are

a) The texture of each variable is found using
equation (3.1) for each PPI.

b) Median of texture along the 20° radial and
between the 10 — 20 km interval is found.

c) All median textures in step b) is compiled for all
PPI’'s within 01:00-01:30 UTC.

d) The median is found for the compiled textures
in c). This statistic will be called the median of
median (MOM) texture.

e) Repeat a) to d) for all radials, range intervals
and time intervals.

This procedure is also used to analyze the original
variables the only difference being that mean is used
instead of the median, and step a) is omitted.

2.3. Results
This section presents the distributions of radar
parameters for night and day echoes. The blue

histograms represent data from night echoes while the
red represents data from day echoes. All 12 parameters
are compared to determine which ones show good
enough separation between the two taxa. The day time
distributions are assumed to be from insects while night
time ones are assumed to be from birds.

2.3.1. Reflectivity Z

Reflectivity shown in Fig.3 has a higher median for night
time for all range intervals. This should be because at
night many birds are aloft in the atmosphere. Since they
are bigger than insects and quite dense, they produce
higher returned powers.

2.3.2. Velocity V

Birds are active fliers and would produce higher
velocities than insects which are wind borne. This can
be seen in Fig 4 with night velocity between +25 m/s
while day velocities are between +20 m/s. The wind
velocity changes during a day and the Doppler velocity
depends on wind velocity. The Doppler velocity also
depends on the flight direction of birds/insects and is a
projection of their true velocity unto the direction of the
radar beam. The distributions can be seen to be poorly
separated.

2.3.3. Spectrum Width av

Spectrum width measure the variation of velocities
within the resolution volume. Bird occupied volumes will
have a wider range of velocities compared to insect
occupied volumes because birds are more active fliers
than insects. Thus, the spectrum width for birds will be



higher. This can be seen in Fig 5 where birds have a
higher median ov than insects across all ranges.

2.3.4. Differential Reflectivity ZDR

Zrnic and Ryhzkov (1998) observed higher ZDR values
(up to 10 dB) for insects compared to birds. This can be
seen in Fig 6 where insect distributions have higher
values across all ranges. Also, From 30 — 100 km, many
insect values accumulate around 8 dB because this is
the highest ZDR that WSR-88D can measure. Actual
values are = 8 dB, consistent with the previously
mentioned studies.

2.3.5. Differential Phase @pp

Zrnic and Rhyzkov (1998) also found that birds had
higher ¢@ppr, sometimes exceeding 100° compared to
insects. Median values for bird @pp (seen in Fig 7) can
be seen to be = 100° and are also greater than median
value for insects across all ranges. Furthermore, ¢pr
shows good separation for birds and insects.

2.3.6. Correlation Coefficient pav

Birds are large targets compared to radar wavelength,
move in a less coordinated manner and are usually less
uniformly distributed than insects in the radar volume.
They are expected to have a lower correlation
coefficient compared to insects. This can be observed in
Fig 8 where insects have a higher pyy for all ranges.
Even though separation between birds/insects is not
very large, it is consistent across all ranges.

2.3.7. Velocity Texture AV

Velocity texture gives information about the variation of
the mean Doppler velocity within texture volumes. Bird
flight is less wind dependent than insect one, so it is
expected that this variation is higher for bird dominated
echoes. It can be seen in Fig.9 that median bird AV is
higher than that of insects for all ranges. AV is chosen
for use in the algorithm instead of V. Thus, the variation
in V due to projection of actual target velocities to the
radar beam direction and change in wind velocity is
minimized. Distributions for AV are well separated.

2.3.8. Spectrum Width Texture Aav

The separation between birds/insects for Aov (Fig 10) is
not obvious for 10-50 km. However, at 50-100 km from
the radar birds can be seen to have higher AcW. The
latter is consistent with the expectation that birds will
have a larger variation in velocities.

2.3.9. Other Variables

Fig. 11 shows the distribution of AZ. This parameter
could in theory explain observed features of clear air Z
such as granularity or volume filling. For 10 — 50 km,
insects have slightly higher median values than birds.
However, for other ranges, the separation between the
two is not clear. Figs 12 — 14 also shows the distribution
for texture of ZDR, @pr and puv. They all have similar
modes in their distribution for birds and insects thus they
are poorly separated.

In summary, Z, ov, ZDR, @or, puv, AV and Aoy (7
parameters) all show good separation between
distributions for birds and insects for most range
intervals. Furthermore, observed features of these
parameters are consistent with day echoes being
insects and night echoes being birds. However, V, AZ,
AZDR, A @pp, and Apuv (5 parameters) did not show
clear separation.

3. FUZZY LOGIC ALGORITHM TO DISTINGUISH
BIRD AND INSECT RADAR ECHOES

Fuzzy logic classification principles for weather radar
targets were first explored by Straka and Zrnic (1993)
and Straka J. M. (1996). Over time more refined
routines have been developed by Zrnic and Ryzhkov
(1999), Vivekanandan, et al. (1999), Liu and
Chandrasekar (2000), Zrnic et al. (2001), Schuur et al
(2003), Keenan (2003), Lim et al. (2005), Marzano et al.
(2008), Gourlery et al. (2006) and Krause (2016). A
major advantage of fuzzy logic is that it considers many
variables reducing the impact of noise.

The Hydrometeor Classification Algorithm (HCA) by
Park et al (2008), currently used on the WSR-88D,
applies fuzzy logic to identify various classes of echoes.
One of these classes is the “Biological Class”, however
the algorithm cannot classify its taxa. In this section, we
describe a bird/insect fuzzy logic classification scheme
based on observation of clear air echoes. Results from
the previous section were obtained for the dominant
presence of birds during the night and insects in the
day. The membership functions are derived directly from
these distributions.

The algorithm will be applicable between 10 to 100 km
from the radar. This is sufficient range for the terminal
airport area, which typically has a radius of 50-70 km
around an airport. Range gates that are located at less
than 10 km from the radar are not considered because
measurements are contaminated by ground clutter.
Radar data show that all radar parameters vary with the
distance from radar and azimuth of the radar beam.



Therefore, the algorithm should have variable
parameters which depend on the distance from radar.
The following distance intervals are chosen for the
algorithm: 10 — 20, 20 - 30, 30 — 40, 40 - 50, 50 - 60, 60
- 70, 70 - 80, 80 — 90, and 90 — 100 km.

3.1. General Structure of The Algorithm

The algorithm uses 7 variables comprised of five radar
products and two texture products; they are Z, g,,, ZDR,
®pp, Puv, AV and Ag,. These parameters were chosen
based on the quality of separation between bird and
insect echoes. Two main classes of clear air echoes are
defined. They are birds and insects. Other classes like
“‘unclassified” are assigned for range gates outside the
considered range (10 — 100 km) or without adequate
data to make classification. The “unknown” class is
assigned just in case gates show equal tendency for
both birds and insects i.e when aggregation values for
both classes are equal. An additive aggregation Q; is
computed as (Park et al. 2008, Gourlery et al. 2006)

= W;; PO (v;)

i= 2
Q ST )

where Q; is the aggregation value of the ith class,
P@(v;) is the membership of the j-th variable to the i-th
class, and W;; are the weights of the j-th variable and i-
th class.

Additive aggregation is chosen for this algorithm
because it is more resistant to noise or abnormal
measurements. Other studies (e.g., Liu and
Chandrasekar 2000, Lim et al. 2005) use a multiplicative
aggregation procedure, however it can be easily biased
by values near zero or that are extremely high. Another
procedure is the “hybrid” aggregation, used by Zrnic et
al. (2001) and Schuur et al. (2003). However, they have
been found to be sensitive to Z biases caused by
calibration uncertainties or attenuation (Gourlery et al.
2006).

Final class is assigned as the one with the highest
aggregation value. Gates are marked as unclassified if
they are outside the considered range (10-100 km), or
when the sum of the weights of available (non NaN)
variables fails to exceed a threshold of 0.6. This
threshold ensures that classification of a range gate
proceeds only when the variables available can account
for 60% of the total possible weight.

It is unlikely that a radar volume filled with insects will be
completely surrounded by birds. A 3 by 3 window is
applied to the classification output that change gates
classified as insects to birds only if all surrounding gates
are also birds. So, it is assumed that the reference gate
has its non-bird characteristics due to fluctuation of
radar returns.

3.2. Membership Functions and Weights

The quality of a successful fuzzy logic algorithm
depends on how well the membership functions
describe the scatterers. Many studies use empirical
knowledge or previous observations to form these
functions. Zrnic et al. (2001) used trapezoidal shapes to
describe observed range of scatterer’s values while Liu
and Chandrasekar  (2000) use  continuously
differentiable beta functions. In this study, the
membership functions are derived directly from the
observed distributions for birds and insects. They are
computed using the Gaussian kernel density estimation
(Silverman 1986, Gourlery et al. 2006) in the following

form
® AN [

PO(x) = Z e 12V o 3
P ®

where P®(x) is the probability density of variable x in

the i-th class, x; is the kth observation of variable x, n is

the total number of data points, and o is the

bandwidth.

The function P®(x) is normalized so that the maximum
is one and used as the membership functions. The
bandwidth o controls the smoothness of the estimated
function. High ¢ values can lead to a noisy function
while low ¢ values can lead to an over smooth one. The
optimal bandwidth is selected using Silverman’s rule, i.e

1
0=1065Dn"5 ©))

where SD is the standard deviation of the observed
variable x. The resulting function is essentially a
smoothed histogram of the radar data. Fig 15 — 21 show
the membership functions for AV, Acy,, ¢pp, pPuv, Ov,
ZDR, and Z respectively. Densities for birds are in blue
while those for insects are red.

The weights defined in (2) determine the effect each
variable has on the final classification. They were
computed based on the degree of overlap between the



density of the two classes (Park et al.,, 2007). If a
variable has strong overlap between bird and insect
density, it is assigned a low weight and vice versa. This
procedure was repeated for all j variables at the same
range. The final weights are estimated as

N
= )
2%

] T

R

VVJ»:

where N is the number of variables considered. All
weights for each range interval are normalized so they
sum to one.

4. CLASSIFICATION RESULTS

4.1. Insect Test Cases

Dates for the insect test cases were obtained from the
US Department of Agriculture (USDA) in Texas which
monitors the activity of insects in many states including
Oklahoma. A large population of Monarch butterfly,
Danaus plexippus was confirmed on 19™ July, 2013, 17
-19 UTC (12 — 14 CDT) and 1%t November, 2013, 22 -23
UTC (17-18 UTC). Also, the input variables were
obtained by combining variables from cut 1 and Z, V
and ov from cut 2. This approach is effective for
studying a wide coverage of homogenous taxa (radar
volume is mostly birds or mostly insects). A modification
to enable the classification of finer and more localized
features of bird/insect migration is presented in the next
section.

For the July 2013 case, the algorithm was applied to a
PPl from KLTX collected 12:46:04 CDT. The
classification result is shown in Fig 22. The algorithm
detected 87.9 % of classified echoes to insects and 12.1
% to be birds. This correlates with the USDA’s
observation of a large population of Monarch butterflies.
It can also be observed that birds are mostly isolated
echoes consistent with the tendency for birds to
aggregate within one resolution volume. Results for
17:30:06 CDT on 1%t November, 2013 is shown in Fig.
523. Insects were also found to dominate echoes at
76.5%. Bird echoes are also seen as isolated targets.

4.2. Bird Test Cases

Further tests were carried out on data from 0 UTC to 23
UTC on 17" September, 2015. Results obtained were
consistent with birds dominating night time echoes and
insects dominating day time echoes. While this method
is effective for studying a wide coverage of homogenous
taxa (radar volume is mostly birds or mostly insects),

classifying finer and more localized features of

bird/insect migration will be a challenge.

In this section, a classification approach using
only variables from cut 1 and reasonable thresholds is
explored. The variables used are Z (cut 1), ZDR, ¢pp
and pyy,. Before final class assignment, a threshold of
ZDR = 7.6 dB is imposed. This was selected because
insects have been observed to have ZDR values
accumulating on the 8.0 dB maximum that the WSR -
88D radar can measure compared to much lower values
for birds. Thus values exceeding this threshold are very
likely insects. A final threshold of py, = 0.95 is applied
to exclude possible contamination by weather

The modified algorithm was tested on two well-
known bird cases. The first case shown in Fig 24 was
collected from KTLX between 11 to 12 UTC on
8t"August, 2017. The panels from left to right, top to
bottom show emanating rings of reflectivity seen as
birds leave their roosting sites. The rings are enclosed
in the yellow circles. The rings north — west of the KTLX
radar has been confirmed to be purple martins. The
modified bird/insect classification algorithm was applied
to these cases. The results are shown in Fig. 25. Range
gates with birds are colored red, insects — yellow,
weather - green and unclassified gate — blue. The
algorithm accurately detects birds as the cause of these
reflectivity rings. They are shown enclosed in the black
circles. It should also be noted that corresponding
panels in Fig 24 and 25 are the same PPI. There is thus
an obvious correlation between the known location of
the rings (enclosed in yellow) and the rings detected by
the algorithm (enclosed in black).

The second test case was also collected from KTLX
from 4 to 11 UTC on 3™ March, 2018. On this day the
temperature was too cold for insects to fly out so most
clear air echoes observed were birds. Reflectivity from
23 CDT on 2" March, 2018 to 4 UTC on 3 March,
2018 are shown in Fig. 26. Fig. 27 shows the
classification results for the corresponding panel in Fig.
26. Most gates are classified as being bird dominated
consistent with the observation that birds are the major
cause of these echoes. The first panel collected at
23:51:00 CDT on 2" March 2018 has 82.2% of echoes
classified as birds. The percentage of birds detected
reduces to 53.7% as morning approaches that is
consistent with dawn insect take off. It can also be seen
that many insects are detected in the gates at the lowest
height (enclosed in the black circle in Fig. 27). This is
consistent with the known behavior of birds to fly at
higher altitudes compared to insects.



4.3. Daily Cycle Case

Observations of clear air Reflectivity show a daily cycle
(Martin, 2003) with dips at sunrise and sunset and clear
change in scattering mechanism between day and night.
In this section data from a 24-hour cycle, between 19
CDT on 16" September, 2015 and 18 CDT, 17®
September, 2015 is classified to explore this cycle. The
results are presented in Fig 28 — 31.

Insects initially dominate echoes with 81.9% at 19 CDT
for the first day (Fig. 28) but soon after its area
decreases till it dips at 3 CDT, the next day with 51.1%.
(Fig. 29). After this point, insect percentage rises
continuously till it reaches its maximum at 9 CDT (early
morning) with 93.2%. Generally, day time (9 CDT to 18
CDT), insect percentage is high with 85.7% seen in Fig.
29 and 30. Night time (21 CDT to 6 CDT) on the other
hand, has lower insect percentage of 59% seen in Fig
27 and 28. Day break (6 CDT) is observed to be the
inflection point with 71% of echoes identified as insects

Bird abundance rises from 18% at 21 CDT on 16%
September 2017. This trend continues up till 4 CDT the
next day with 46.8%. Peak values are recorded at night
(between 21 CDT and 4 CDT) with an average of
43.3%. After this point, bird percentage falls for the rest
of day time. 9 — 18 CDT have generally low values with
an average of 14.3%. These results show that insects
dominate day echoes while birds dominate nocturnal
echoes. Results also show a distinct change in behavior
of birds and insects at sunrise (6 CDT) and sunset (18
CDT).

5. SUMMARY AND CONCLUSIONS

Current WSR-88D’s  Hydrometeor  Classification
Algorithm (HCA) does not distinguish radar echoes from
birds and insects. The HCA currently has one class
“Biological” for flying birds, bats, and insects. The
recognition of bird and insect radar echoes is important
for meteorology, aviation, ecology, biology, and
agriculture. The WSR-88D radars estimate the wind
velocities using observations in “clear air’, i.e., in
situations free from precipitation. Birds are active flyers
and their velocities deviate from the wind significantly.
Doppler velocities of birds cannot be used for the
estimation of the wind. On the other hand, insects are
passive flyers and they may be used as wind tracers.
Selecting radar resolution volumes with insects can be
useful for meteorology for the wind estimation via the
VAD. Flying birds are a major hazard for aviation while
insects are benign. Therefore the radar detection of

birds can be useful in preventing collisions of birds with
aircrafts and helicopters.

The dual polarization WSR-88Ds deliver 6
radar variables for each radar resolution volume:
reflectivity (Z), Doppler velocity (V), spectrum width (ov),
differential reflectivity (ZDR), differential phase (¢pp),
and correlation coefficient (pyy). Our radar observations
in “clear air’” show that the values of radar variables
change with range from radar. This is because of the
expanding radar volume with range. Also different
species are usually found at different heights. Therefore
the range dependence should be included into an
algorithm for distinguishing bird and insect echoes. We
have limited our analysis by ranges up to 100 km where
the range dependence of radar variables is sufficiently
strong. The developed algorithm could be applied for an
airport terminal area, which is 50-60 km from an airport,
if the WSR-88D is sufficiently close to the airport.

It is known from ornithology and entomology
that in the migration periods, birds fly primarily at night
and insects may fly throughout the day, but preferable
flight time is during the day. Data collected from clear air
days have been analyzed at daytime and nighttime. The
distributions of the values of all 6 radar variables and
their spatial textures have been obtained for 22 days in
September 2017 for day and night times. Birds are
larger, faster, fly more independently, and have greater
variation in the mentioned features compared to insects.
These properties are observed with the distribution of
nocturnal echoes having a higher median 2, V, g, ¢pp
and lower median py, than the day echoes. The spatial
texture AV and Ag,, which measure the spatial variability
of scatterer velocities are also higher for night time
providing more evidence in favor of bird abundance in
nocturnal echoes.

The distributions of all 6 radar variables and
corresponding 6 spatial textures AZ, AV, Aog,, A@pp,
AZDR, and Apnv have been obtained for the nights and
days. After data analysis, a fuzzy logic classification
algorithm is developed to delineate birds and insects in
clear air echoes. The membership functions are derived
using the Gaussian kernel approximation on observed
data. Weights are objectively defined using the degree
of separation between classes, so that parameters that
show the clearest separation between night and day
have the most effect on classification. Five radar
products (Z, ZDR, o,, ¢pp and pyy) as well as two
derived products AV and Ag,, were chosen for use in the
algorithm based on observed separation between
distributions of classes.



The following new features have been utilized in the
algorithm:

Range dependence for the radar variables and their
textures has been considered,

All 6 available radar variables and their spatial textures
have been analyzed,

Five radar variables and two texture parameters have
been found to contribute the most to the separation of
radar echoes from birds and insects,

Probabilities (distributions) of certain radar variables
have been obtained for 6 parameters and their 6
textures,

The algorithm was tested on emanating rings of
reflectivity caused by early morning bird take off
between 11 to 12 UTC on 8% August, 2017. These rings
were correctly identified as bird echoes. Further tests
were also carried out on data from 4 to 11 UTC on 3
March, 2018. On this night, the temperature was too
cold for insects to fly, so clear air echoes must be birds.
Up to 82.2 % of echoes were classified as birds. This
percentage continually dropped as sunrise approached,
and an increasing number of insects started taking off.

Further tests were performed on two confirmed
cases with a high population of Monarch butterfly,
Danaus plexippus on 19™ July, 2013, 12:46:04 CDT and
1st November, 2013 on 17:30:06 CDT. Data was
obtained from the US Department of Agriculture (USDA)
in Texas which monitors insect activity in many states
including Oklahoma. For the July case, 87.9% of
echoes were .classified as insects while 12.1% were
classified as birds. For the November case, 76.5% of
echoes were classified as insects and 23.5% were
classified as birds. Insect echoes were also distributed
over large volumes while birds occurred mainly as
isolated volumes. It is reasonable to expect birds to be
in some resolution volumes. It is impossible to
determine an exact probability of detection since the
taxa could not be confirmed from other independent
sources.

The algorithm was also tested for a 24-hour period
between 19 CDT on 16" September, 2015 and 18 CDT,
17" September, 2015. Insects were found to dominate
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echoes between 9 CDT and sunset on 17" September,
2015 with an average of 85.7% of classified echoes.
After sunset on 16™ September, insect percentage falls
rapidly with lowest values between 21 CDT and 6 CDT,
with an average of 59%. Bird abundance peaked
between 21 CDT on 16" September, 2015 and 4 CDT
the next day with an average of 43.3%. After sunrise,
bird abundance falls rapidly throughout the rest of day
time (9 -18 CDT) with an average of 14.3%. A major
feature of these results is that day break (6 CDT) marks
the inflection point between high and low values for
birds and insects. These findings might explain the daily
cycle of reflectivity observed by (Martin, 2003). Insects
are clearly most abundant during the day and birds
during the night at migration periods. Sunrise and
Sunset are also found to be inflection points in the
dominance of birds or insects in the atmosphere.

A few areas can be improved upon in future studies.
The wind contributes a lot to measured radial velocity
and birds/insects have distinct behavior in relation to the
wind. A new algorithm parameter can be derived for the
deviation of radial velocity from wind velocity. It is
expected that birds will have higher values than insects.
Furthermore, the radar variables as functions of azimuth
can be reoriented relative to the wind before data
processing to properly characterize their dependence on
the wind. Independent sources of information about
birds and insects in the radar resolution volume are also
needed. A camera on an unmanned aerial vehicle could
be very helpful for the verification of scatterers in the
radar resolution volume.
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Table 1. Weights of all variables and ranges.

Range (km)

10-20 | 20-30 |30-40 |40-50 |50-60 |60-70 70-80 |80-90 | 90-100
AV 0.13 0.13 0.13 0.13 0.13 0.13 0.13 0.13 0.13
Ao, | 0.1302 0.1152 0.1127 0.1185 0.1289 0.14 0.1486 0.1515 0.1483

@pp | 0.1306 0.1283 0.1309 0.1396 0.1491 0.1542 0.1558 0.1564 0.1541

PV 0.1163 0.1115 0.1121 0.1111 0.1116 0.1096 0.1074 0.1002 0.0932

o, 0.1363 0.153 0.1638 0.1713 0.1798 0.183 0.1787 0.1766 0.1731

ZDR | 0.1257 0.1283 0.1248 0.1217 0.1254 0.1336 0.1399 0.1535 0.1724

Parameter

z 0.2309 0.2384 0.2329 0.211 0.1686 0.1344 0.1205 0.1116 0.1082
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Histograms for Eppon All Sept clear air days from KTLX
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Histograms for AV on All Sept clear air days from KTLX
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Histograms for Aaw on All Sept clear air days from KTLX
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Histograms for AZ on All Sept clear air days from KTLX
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Histograms for A®, on All Sept clear air days from KTLX
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Histograms for Apyy on All Sept clear air days from KTLX
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Fig.

Fig. 16. Membership functions for Ag,.
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Fig. 22. Classification result for 19t July, 2013 at 12:46:04 CDT.
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Fig. 24. PPI's for 11 to 12 UTC on 8™ August 2017. The parts enclosed in the yellow circle are observed

bird.
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Fig. 25: Classification results for Fig. 24. Birds are in red while insects

rings as bird dominated.
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Fig. 26. Reflectivity for 23 CDT on 2" March, 2018 to 4 UTC on 3' March, 2018.

Classification for 03/02/2018, 23:51:00.99 CDT

Bird is 82.23%, Insect is 15.47%, El = 0.49° Classification for 03/03/2018, 01:08:55.38 CDT

i Bird is 79.65%, Insect is 16.95%, El = 0.45°
Birds
Insects Insects
£
= Weather Weather
>
uc
Unknown
Unknown

Classification for 03/03/2018, 02:26:49.43 CDT

Bird is 71.4%, Insect is 22.19%, E| 44° Classification for 03/03/2018, 04:13:56.95 CDT
00 - oo .

00 _ Bird is 53.74%, Insect is 31.58%, El
80 Birds ; Bird:
iras

60

40 Insects Insects
- 20 \
E £
= Weather = Weather
> >

-20

40 uc uc

-60

-80 Unknown Unknown

100 3

-100 50 0 50 100
X (km)

Fig. 27. Classification results for PPI's in Fig. 26 above. Most gates are classified as birds (red). Gates close
to the radar are classified as insects shown in the black circle.
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Classification for 09/16/2015, 19:10:27.23 CDT
Bird is 18.07%, Insect is 81.93%

Classification for 09/16/2015, 20:08:37.25 CDT

Bird is 17.36%, Insect is 82.64%
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Fig.28. Classification result forl9 CDT, 16
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September, 2015 to 1 CDT, 17 September, 2015.
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Classification for 09/17/2015, 04:03:36.64 CDT Classification for 09/17/2015, 05:01:47.50 CDT Classification for 09/17/2015, 06:03:09.76 CDT
166 Bird is 46.8%, Insect is 53.2% 156 ird is 37.01%, Insect is 62.99% Bird is 26.57%, Insect is 73.43%
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Fig. 29. Classification result for 17 Sept, 2015, 1 CDT to 6 CDT.
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Classification for 09/17/2015, 07:03:01.89 CDT Classification for 09/17/2015, 08:03:38.01 CDT Classification for 09/17/2015, 09:04:15.08 CDT
150 Bird is 12.25%, Insect is 87.75% 150 Bird is 7.43%, Insect is 92.57% 150 Bird is 6.85%, Insect is 93.15%
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Classification for 09/17/2015, 10:07:35.36 CDT Classification for 09/17/2015, 11:05:43.81 CDT Classification for 09/17/2015, 12:06:08.85 CDT
150 Bird is 13.92%, Insect is 86.08% 50 Bird is 15.53%, Insect is 84.47% 150 Bird is 16.6%, Insect is 83.4%
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Fig. 30. Same as Fig. 5.8, but for 7 CDT to 12 CDT.
Classification for 09/17/2015, 13:04:19.99 CDT Classification for 09/17/2015, 14:02:30.09 CDT Classification for 09/17/2015, 15:10:19.63 CDT
150 Bird is 15.82%, Insect is 84.18% 150 Bird is 16.69%, Insect is 83.31% 150 Bird is 19.23%, Insect is 80.77%
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Classification for 09/17/2015, 16:08:27.82 CDT Classification for 09/17/2015, 17:06:36.77 CDT Classification for 09/17/2015, 18:04:46.72 CDT
150 ird is 16.65%, Insect is 83.35% Bird is 12.91%, Insect is 87.09% Bird is 9.28%, Insect is 90.72%
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Fig. 31. Same as Fig. 29, but for 13 CDT to 18 CDT.
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