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Derivation of Aerial Insect Concentration With
Triple Frequency Cloud Radar Observations
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Abstract—Aerial insects are vital for nature and society.
Though methods to observe flying insects have consistently
improved in the last few decades, insects remain difficult to
monitor systematically and consistently over large spatial and
temporal scales. Remote sensing with radars has proved to be
one of the more effective tools for observation. However, as radars
are most sensitive to targets that are of a similar size to the radar
wavelength, the detectable subgroup of aerial insects of a certain
size range depends on the employed radar. Here, we present a
novel method based on spectral data of zenith-pointing Doppler
cloud radars to estimate insect concentration in a vertical profile.
Multiple meteorological state-of-the-art algorithms are combined
to extract insect signals from the radar data and quantify their
abundance from 150 to 3000 m above the ground. For evaluation,
this method is applied to triple frequency data from X-band
(1 = 3.2cm), Ka-band (1 = 0.85 cm), and W-band (1 = 0.32 cm)
Doppler cloud radars from a three-month summertime obser-
vation period in Germany. Observations of a case study of
two elevated aerial insect layers are presented. Furthermore,
differences in diel cycles of aerial insect concentration (aic)
obtained from the three radar instruments are compared. With
its superior sensitivity to very small insects like aphids, W-
band shows the highest aic values during daytime in the lower
altitudes. Generally, the higher wavelength radars show higher
aic in higher altitudes (Ka-band) and during the night (X-band).

Index Terms—Insect detection, radar, remote sensing, retrieval.

I. INTRODUCTION

OVER the past decades, multiple studies have reported
strong declines in insect population sizes [1], abun-
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dances [2], [3], and biomass [4]. Most of these studies have
relied on the standard trapping of insects and subsequent
identification of the trapped individuals [5]. However, the
data from such traps only represent the aggregated insect
assemblage over a certain sampling period (usually a week
or more), and for an unknown sampling area, and thus,
the potential to derive the spatio-temporal distribution of
insect activity is limited. In addition, the processing of the
trapped insects is extremely laborious and, hence, there is
a growing need for non-invasive, low-maintenance methods
for measuring changes in insect abundance, biomass, and
movement [6].

A variety of methods have been introduced to automatically
monitor insects during flight. Insects have been observed by
video cameras [7], optical sensors [8], and lidar instruments
[9], [10], but radar has proved to be one of the most effective
tools for observing insect flight [11], [12]. As remote-sensing
instrumentation, radars operate in a stand-alone way and on
a time resolution usually ranging between seconds (cloud
radars) to minutes (weather surveillance radars). In addition,
zenith-pointing radars allow sampling of the entire vertical
atmospheric column above the instrument. Scanning radars
further have the potential to cover spatially large regions.
During recent years, the deployment of specialized radar-
based detection methods for aerial fauna has become more
prevalent, especially for movements of up to several hundred
meters up in the air [12], [13], [14], [15], [16], [17]. To study
larger flying animals, like birds and bats, radar instruments
with wavelengths of a few up to several centimeters, like
X-band (1 = 2.5-3.75cm) [18], [19], C-Band (1 = 4-8cm)
[20], [21], S-Band (41 = 7.5-15cm) [22], [23], and L-band
(4 = 15-30cm) [24] are ever-increasingly used. As radars are
most sensitive to targets that are comparable in size to their
wavelength, radar instruments operating at lower wavelengths
are likely more useful for the detection of aerial insects
[25]. Nevertheless, S-band, and more rarely also C-Band [26]
weather radars have been shown useful to study high-density
insect movements [27], including specific events like mayfly
emergences [28], [29]. X-Band radars have repeatedly been
shown useful to study larger individual insects [6], [12], [13],
[16], [30], but mostly miss insects with smaller radar cross
sections [31], which, in fact, are often more abundant [32].
Ku-Band (1 = 1.67-2.4 cm), K-Band (1 = 1.11-1.67 cm) and
Ka-Band (1 = 0.75-1.11 cm) radars have seen some use for
entomological purposes [15], [33], [34], [35], however, only
few studies have been published on W-Band (1 = 0.32cm)
radar insect detection [36], [37].
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TABLE I

RADAR SETTINGS FOR THE THREE RADAR INSTRUMENTS. FOR THE
W-BAND RADAR, THE SETTINGS FOR THE FIRST TWO CHIRPS

ARE SHOWN

X-band  Ka-band  W-band  W-band
measurement parameter chirp 1 chirp 2
center frequency (GHz) 9.4 355 94.0 94.0
wavelength (cm) 32 0.85 0.32 0.32
temporal resolution (s) 2.0 2.0 0.6 0.9
considered range (km) 0.14-3.0 0.22-3.0 0.15-0.8 0.8-3.0
range resolution (m) 36.0 36.0 29.8 119
minimum detectable
reflectivity at 500 m (dBZ) -54 -78 -52 -
Nyquist velocity (ms~1) 78.0 20.0 11.0 73
Doppler velocity
resolution (cms—1) 3.8 4.0 2.15 1.42
number of Doppler bins 4096 1024 1024 1024
half-power full beam width (°) 1.0 0.6 0.6 0.6

Cloud radars have become established tools in atmospheric
research, and their publicly available data present a valuable
opportunity to study aerial insect activity. However, previously,
entomological studies investigating cloud radar observations
often either relied on using the radar reflectivity as a proxy for
the number of insects present in each range gate [38] or used
a Doppler spectrum width threshold to filter for single insect
situations [33], [39] and, thus, did not consider situations when
multiple insects occur in the same radar volume.

In the meteorological research community, multiple
retrievals have been developed to distinguish different target
particles detected by radars [36], [40], [41], [42], [43], [44],
even when present in the same radar range gate. In this study,
we explore how to effectively combine different established
and state-of-the-art radar data processing techniques to achieve
novel results in an aero-ecological context. We present a new
aerial insect detection method based on Doppler cloud radar
observations which we apply to triple frequency observations
from W-, Ka-, and X-band Doppler cloud radar instruments.
We expect the W-Band observations to detect smaller insects
in the size range of, e.g., aphids, while X-Band radar is more
sensitive to larger insects, like moths [16], [45].

II. INSTRUMENTS AND SOFTWARE TOOLS

This section introduces the three radar instruments used in
this study: the X-band radar MIRA10 (9.4 GHz, 4 = 3.2cm),
the Ka-band radar MIRA36 (35.5GHz, 2 = 0.85cm) and the
W-band radar RPG94 (94 GHz, A = 0.32 cm). In the following,
the radar instruments will be referred to by their respective
frequency band. Subsequently, the utilized software tools for
flying insect detection from cloud radar Doppler spectra are
presented individually. The algorithm chain of CloudnetPy
(Section II-B) is used to create target classification labels
for defining an insect mask. Afterward, the radar Doppler
peak detection algorithms PEAKO-peakTree (Section II-C) are
used to extract information on insect quantities and properties.
Section III details how these software tools are applied to the
radar data to detect insects.

A. Doppler Radar Instruments

For the purpose of this study, triple frequency cloud
radar observations from June 1, 2019 to August 31, 2019
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Fig. 1. Daily data availability in hours of day for the three radars from
June 1 to August 31, 2019. a) Overall data availability. b) Data availability
after selecting only profiles containing insects.

at the Jiilich observatory for cloud evolution core facility
(JOYCE-CF, [46], 50°54’ N, 6°24° E; 111m a.s.l., Central
European Time Zone CET) west of Cologne, Germany, were
evaluated. The setup of these instruments is similar to previous
field experiments, such as TRIPEx [47] and TRIPEx-pol [48],
which focused on winter precipitation. The X- and Ka-band
radars are pulsed radars manufactured by Metek [49], [50].
The Ka-band radar transmits linearly polarized pulses and then
receives co- and cross-polarized returns simultaneously. This
enables the derivation of the linear depolarization ratio (LDR)
which is the ratio of cross- to co-channel reflectivity and
gives information about the target shapes [47]. Although LDR
might be a valuable asset in detecting insects, this study does
not explicitly require polarized cloud radar measurements to
avoid excluding single-pol instruments. The W-Band Doppler
cloud radar used in this study is a 94 GHz frequency modu-
lated continuous wave (FMCW) non-polarimetric instrument
developed for meteorological applications [44], [51]. For this
FMCW radar, the transmitted frequency is modulated slightly
(300-3600kHz) around the center frequency of 94 GHz to
continuously sample the atmosphere above the instrument
in multiple layers, so-called chirps [51]. The user can set
measurement parameters for each chirp individually in the
chirp table configurator that is applied to a certain range.
These chirps are observed consecutively. In addition to the
two chirps relevant to our investigation, there are two more
chirps above 3km (Chirp 3: 3000 - 6000 m, 1.8 s integration
time; Chirp4: 6000 - 12000 m, 3.6 s integration time). Table I
shows the most relevant measurement parameters for the data
set analyzed here for the three radar instruments.

Fig. 1(a) shows the data availability for the three radars
during the three-month observation period. For W-band, there
are two weeks of data missing in total during these three
months, but for the other two frequencies, there are almost
no data gaps. Data availability is reduced for all instruments
when we filter out profiles without insects [Fig. 1(b)]. Out of
2208 possible hours of data in 92 operation days, 1717 (78 %)
remain for W-band, 2008 (91 %) for Ka-band, and 2063 (93 %)
remain for X-band after applying the insect mask.

The most prominent difference between the radar instru-
ments is their wavelength (W-band: 0.32cm, Ka-band:
0.85cm, X-band: 3.2cm) and, because of the associated
sensitivity differences, the size ranges the radars are most
sensitive to. For targets that are much smaller than the radar
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wavelength, the backscattering cross section is proportional to
the sixth power of target size (known as the Rayleigh scattering
assumption). However, for targets similar to or larger than
the radar wavelength the Rayleigh scattering assumption is no
longer valid, and instead scattering occurs in the Mie regime.
In the Mie scattering regime, the backscattering cross section
no longer scales with target size [52]. Instead, it oscillates
with consecutive maxima and minima with increasing target
size [53]. As a point of reference, for a conducting sphere
with diameter D, W-Band scattering enters the Mie regime
for approx. D > 0.1 cm, Ka-Band scattering enters the Mie
regime for approx. D > 0.3cm and X-Band scattering enter
the Mie regime for approx. D > 1cm [11]. Thus, the larger
the wavelength of the radar, the more reliably it can observe
larger insects, e.g., moths, at the cost of not being sensitive
to small insects in the mm-size range. With X-band, a larger
size range of insects — ranging into the cm size range —
can be detected in the Rayleigh regime. For increasingly
smaller insects, the radar cross section’s inverse fourth-law
dependence on wavelength is the limiting factor, making the
use of higher frequency radar instruments preferable when
aiming to observe very small targets [11], [50]. Thus, the
W-band more reliably observes smaller insects in the sub
mm size range, like aphids. Another reason that the three
instruments may not detect the same targets is their sensitivity
(see Table I). In our analysis, the sensitivity of the radar
instruments is inferred from the first percentile of the detected
reflectivity values. The Ka-band radar is most sensitive for the
whole considered vertical profile. X-band and W-band radars
are more comparable in the first W-band chirp up to 800 m
(approx. 5 dBZ difference, not shown), but W-band signals are
generally attenuated more strongly by water vapor.

All three instruments operate with a non-rotating vertically-
observing radar beam with similar half-power beam widths
(W-band, Ka-band: 0.6°, X-band: 1.0°). As an example, at
500 m altitude, the diameters of the observation volumes would
be about 5m for W-band and Ka-band and approximately
9m for X-band, resulting in observation volumes of 641 m3
(W), 775 m? (Ka), 2155m? (X) at 500 m altitude, respectively.
Consequently, the X-band radar has the largest observation
volume, which can be an advantage in situations with very low
insect concentrations. During the integration time of the radar
(see Table I), air is advected into the observation volume. This
increases the volume of air sampled by the radar beyond the
geometrically derived radar observation volume, depending on
the environmental wind speed u. Insects leaving or entering
the observation volume during the integration time do not
necessarily have the same radial velocity regarding the radar
instrument and, thus, appear at different positions in the radar
Doppler spectrum. As the vertical wind component is usually
much smaller than the horizontal component, only the effect of
the latter will be considered. We calculate this additional wind-
induced volume as the product of the amount of wind shift u« - ¢
over the trapezoidal area A of the radar observation volume
perpendicular to the wind. The sum of the default observation
volume Vj and the wind-induced volume yields the effective
observation volume Vgp = Vi + u -t - A. Because V| scales
exponentially with altitude while the additional wind-induced
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volume (u-t-A) only scales linearly with altitude, this correction
decreases in impact with increasing altitude.

The steps for deriving the aerial insect concentration (aic)
product from the radar data detailed in Section III have to be
applied to the raw spectral radar data. To enable a meaningful
comparison afterward, the data sets have been interpolated to
the same time-height grid. We interpolated the output to a
vertical resolution matching the W-band data, which has the
finest resolution, and averaged to a temporal resolution of 5s.

B. CloudnetPy

The Cloudnet project is part of the aerosol, clouds, and
trace gases research infrastructure (ACTRIS) and provides
a systematic characterization of atmospheric targets by ana-
lyzing continuous ground-based observations of the vertical
profiles of the atmosphere [40]. Utilizing synergistic effects
between Doppler cloud radar (for observation of hydromete-
ors), backscatter lidar (for observation of aerosol particles and
liquid cloud base height), and microwave radiometer instru-
ments (for atmospheric temperature and humidity profiling) in
combination with atmospheric model data, Cloudnet can label
the target particles at each point of the vertical profile into dif-
ferent classes. These classes include, e.g., ice, liquid, aerosol,
insects, and combinations of those. The JOYCE Cloudnet
products are processed using data from the MIRA36 cloud
radar, CHM 15k ceilometer, HATPRO microwave radiometer,
and ECMWF Integrated Forecast System model data.

The CloudnetPy processing toolbox [54] provides a
Python implementation of the full Cloudnet processing chain.
The insect detection in CloudnetPy uses probability func-
tions based on empirical thresholds of air temperature and
radar variables. Cumulative probability distribution functions
depending on the empirically chosen center values (mean value
of the distribution) and scales (width of the distribution) are
calculated for each of these threshold values.

There are two options for assessing the insect probability
within CloudnetPy. The first option is based on the LDR. If
the cloud radar is polarized and LDR is available, the variables
used for determining the insect probability are LDR and wet
bulb temperature, which is the lowest temperature to which
air can be cooled by the evaporation of water in it, at the
considered altitude from ancillary weather model data. The
individual insect probability for both of these variables is
calculated and multiplied to get the combined insect proba-
bility. This method is generally considered the best proxy for
insect detection [54]. However, the LDR value is not always
available, e.g., because of low signal-to-noise ratios (SNRs)
or because some radar instruments are not capable of deriving
LDR. In that case, the alternative variables used to calculate
the insect probability are the integrated radar Doppler spectra
data (moments), radar reflectivity, mean Doppler velocity,
Doppler spectral width, as well as wet bulb temperature. Both
approaches largely depend on the empirically chosen threshold
values for the radar variables. If the insect probability by either
of these two approaches exceeds the CloudnetPy threshold
of 0.8, the range gate is classified as ‘insect’. Please note
that every non-hydrometeor Cloudnet pixel that exceeds this
threshold is called ‘insect’. In reality, point targets other than
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Fig. 2. Comparison of typical cloud radar Doppler spectrum observing cloud droplets (a) and insect echoes (b) as obtained from Ka-band radar on
July 15, 2019, at JOYCE. The presence of cloud droplets in the left case is substantiated by supplementary measurements from a ceilometer. The cloud
droplets appear as a broader peak close to 0ms~!, while the insects appear as individual sharp peaks at various Doppler velocities. Negative Doppler velocity
values indicate a motion toward the radar (downward) and positive values a motion away from the radar (upward). The gray vertical lines represent Doppler

spectrum peaks found by peakTree (see Section II-C).
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Fig. 3. Data processing flowchart for aerial insect detection. Blue boxes represent used data sets, green boxes depict software tools, and orange boxes represent

filters that are applied on the data set.

insects, e.g., debris or plant material, might also fall into
that category. Thus, we are aware that this approach is likely
overestimating the true number of insects. Whether this effect
can be quantified, and if it is especially prominent for high
surface wind speeds, will be evaluated in a follow-up study.

C. PEAKO-peakTree

If only one insect is present in a radar range bin, its signature
in the Doppler spectrum can be easily identified because it only
causes one narrow peak. However, in summertime conditions,
typically multiple insects are present in the radar observation
volume, causing a superposition of multiple sharp narrow
peaks in the Doppler spectrum [36], [42], as illustrated in
Fig. 2. The supervised machine learning radar Doppler spectra
peak-finding algorithm PEAKO [55] is used to investigate the

characteristics of present peaks, even if they are not separated
by the noise floor. Initially developed to determine the number
of hydrometeor types (e.g., ice, drizzle, or cloud droplets) in a
certain cloud volume, PEAKO is trained on at least 200 radar
Doppler spectra for X-band, Ka-band, and each chirp section
of the W-band radar. The training provides a set of parameters
used to identify peaks in the typically noisy Doppler spectra
for the specific cloud radar settings used. The six adjustable
parameters are thresholds for the number of time and range
averages, the span and polynomial order for smoothing, peak
width, and peak prominence [56].

For each of those parameters, a range of realistic values
is defined for the training of PEAKO. To identify insect
peaks, we omitted the height averaging because we expect
each insect to always only be in one range gate. Although
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Fig. 4. Theoretical minimum detectable aic without taking horizontal wind
speed into account. The discontinuity in the W-band data is caused by the
transition from first to second chirp (see Table I).

single flying insects may be detected in the same range
gate for consecutive time steps, they are not expected to
consistently do so. Early tests with temporal averaging over
multiple radar time steps showed poor results and required
significantly more training time; thus, temporal averaging was
omitted for later training runs. Next, the radar Doppler spectra
are smoothed according to span and polynomial order. The
smoothing algorithm uses a certain window size (span), over
which a polynomial is fit to the segment of the spectrum.
The span was varied between 0.05 and 0.3ms™' and the
polynomial order between 2 and 3. The best-performing span
value varied between the instruments. For all instruments, a
polynomial order of 2 achieved the best training results. Only
peaks with a width larger than the PEAKO width threshold
are considered [56]. Since we expect insect peaks to be very
narrow, we tested threshold values between 0 and 0.1 ms~! and
for all trainings, threshold values just above 0 performed best.
The peak prominence describes the power difference between
the maximum of a specific peak and the minimum between
it and the closest higher peak. For this parameter, we tested
values between 0 and 3 dB. The prominence value leading to
the best performance results varied between the different radar
instruments. Finally, the combination of parameters leading
to the highest similarity with the user-defined training data
set is saved in a configuration file and can be used as input
for peakTree. More details of the PEAKO algorithm are
introduced and demonstrated in [55] and [56].

Subsequently, the peakTree algorithm is used to identify,
organize, and interpret the peaks in radar Doppler spectra [41].
It provides a recursive list of all subpeaks in the spectrum with-
out a priori assumptions on their structure. These subpeaks are
then characterized by their mean Doppler velocity, reflectivity,
spectral width, skewness, prominence, and LDR. peakTree
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can directly utilize the PEAKO training parameters via a
configuration file [56]. Although peakTree inherently provides
the option to select specific hydrometeor types with threshold-
based rules, it does not differentiate between hydrometeors and
biological targets, such as insects.

III. METHODOLOGY - RADAR DATA PROCESSING

This section shows how we apply the different established
radar processing techniques introduced in detail in Sections
II-B and II-C to data from the three radar instruments. Fig. 3
depicts the sequence of these methods as applied in this work.

First, CloudnetPy generates the target classification product
based on the cloud radar moments (reflectivity, mean Doppler
velocity, and spectral width), weather model data, and lidar
data. The target labels are used to derive the insect mask,
which is later applied to the peakTree output data. However, a
review of the extensive data set has shown that the CloudnetPy
target classification sometimes gives unrealistic results at the
edges of clouds and precipitation, where pixels are erroneously
labeled as insects [57]. It is unclear whether this is due
to partial beam filling or uncharacteristically low reflectivity
values for liquid targets, but these obvious misclassifications
are removed here. Specifically, the applied filtering algorithm
removes pixels containing insects which directly border pixels
containing drizzle/rain in either the time or range dimension
(orange, see Fig. 4). From the location of the thereby selected
pixels, two bins in each direction of the two dimensions, i.e.,
two range gates up and down and two time steps (about 1 min)
before and after, are removed and, thus, not considered for the
subsequent analysis. From the remaining range gates classified
as insects, an insect mask (orange, see Fig. 3) is created.
We are aware that this approach may remove a few valid
insect pixels; however, we choose to preferably avoid false
positives.

To extract information about the number of insects in each
range gate, the Doppler spectra are analyzed with PEAKO
and peakTree. It is assumed that every narrow and sharp
peak in the radar Doppler spectrum of each ‘insect’ pixel
represents one insect, as established in [39]. Subsequently, the
optimal parameters for the peak detection found by PEAKO
are used to apply peakTree on the remaining data set. Finally,
peakTree yields (i) the number and location of peaks in
the radar Doppler spectra and (ii) the moments of the sub-
peaks (reflectivity, velocity, spectral width, LDR) and other
properties, such as the prominence and signal-to-noise.

To increase the reliability of the detected peaks being
insects, the spectral width and SNR are combined in a reliabil-
ity filter. Several different threshold values for these filters have
been applied in a sensitivity study, which will be summarized.

The spectral SNR is calculated as the ratio between the
spectral reflectivity and the mean noise level at each radar
range gate. To determine the SNR of each peak, the spectral
SNR is integrated between the lower and upper bounds of
each peak and then converted to dB. For the SNR, thresholds
of 2, 5, and 10 dB were evaluated. A SNR threshold of 10dB is
commonly used for hydrometeor populations (e.g., [48], [58]).
For non-hydrometeor targets, [33] uses an SNR threshold of
0dB to filter for single insects. In our sensitivity study, we
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conclude that a stricter SNR threshold value of 5dB retains
the majority of the narrow Doppler spectra peaks.

The spectral width of each peak is defined as the width
of the peak of the Doppler spectrum and calculated as the
product of Doppler velocity resolution and the number of
Doppler bins the peak spans across. Wood et al. [39] and
Wainwright et al. [33] suggest using 0.1 ms™' as maximum
spectral width to assume that each peak is caused by a single
insect. To investigate the sensitivity to this threshold, values of
0.05, 0.1, and 0.2 ms™! are evaluated. More than 92%-98% of
all peaks in insect pixels (depending on the radar frequency)
have a spectral width lower than 0.1 ms~!. As this value seems
a reasonable threshold, it is applied to this study as well.

To ensure that the derived aic values are comparable
between instruments, the number of detected insect peaks
at each altitude is divided by the altitude-dependent effec-
tive observation volume. With this approach, the minimum
detectable aic of individual measurements, defined as observ-
ing a single insect per range bin, decreases with altitude (see
Fig. 4). Nevertheless, for the time-averaged analyses in the
next chapter, aic values below this minimum value can occur
when no insects are detected during some time steps of the
averaging period. In addition, there is a maximum detectable

aic, since we limit the number of peaks that peakTree may
detect to 50. In practice, however, maximum aic values are at
least a factor of 2 below this theoretical upper limit.

All three radar instruments observe the atmosphere with
very high temporal resolution in the range of seconds. To
improve the data consistency of all three radars and to reduce
noise, the data is averaged temporally as explained in the
following chapter.

IV. FIRST aic RESULTS

To briefly demonstrate the potential of using Doppler cloud
radar data for insect detection, the derived aic (in the following
subscripted with the frequency band X, Ka, or W) during the
three-month observation period is shown on different temporal
scales. As explained in Section II-A, we expect the radar
instruments to observe slightly different insect populations due
to the wavelength and sensitivity differences. This assumption
will be explored in this section. However, as this study is
mainly supposed to introduce this method, more in-depth
analyses will be showcased in future publications.

Typically, a clear dependence of aic on the evolution of
the atmospheric boundary layer is evident for all considered
radar frequencies. As cloud radar signals are able to penetrate
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Fig. 6. Mean diel cycle of absolute aic values in 250 m. Thin gray lines represent the diel cycle of each day. The solid colored lines represent the mean diel
cycles for the different frequencies. Shaded areas represent one standard deviation for each wavelength’s mean value.

clouds, they could theoretically detect flying insects above
shallow cloud layers. In practice, however, this does not occur
regularly. Fig. 5(a) shows the time-height plot of a typical
fair weather day (August 24, 2019). The orange vertical lines
represent times of sunrise at 5:35 and sunset at 19:36 CET.
Insect activity begins to increase after sunrise. The maximum
of diel insect flight at most altitudes is reached in the after-
noon, approximately between 13 and 16 CET. Although radar
sensitivity decreases with altitude, on some days we can detect
insects in altitudes of up to 4km with the highly sensitive
Ka-band radar. After sunset, both the value of aic in most
altitudes as well as the highest reached altitudes decrease for
all wavelengths. During the night, aic values are typically

lower than during the day. These diel patterns are in line with
previous observations made with radars [16], [59].

We focus on a six hour time period (7 to 13 CET),
where two elevated insect layers are detected by the cloud
radars. Fig. 5(b)—(d) show aic time-height plots for all three
wavelengths up to an altitude of 2500m. There are two
features present, which are superimposed on the typical diel
cycle of insect activity. One shallow elevated layer of insects
occurs between approximately 8 and 10 CET centered at
2000m above ground. Another, more pronounced layer is
evident at approximately 1500 m altitude. This second layer
also starts around 8 CET but continues until it merges with
the typical daytime aic increase around noon [see also Fig.
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Fig. 7. Mean diel cycle of aicX/W ratio in 250 m. Thin gray lines represent the diel cycle of each day. The solid colored lines represent the mean diel cycles
for each month of the observation period (june, july, august). The horizontal solid line represents 1, when aicx = aicw. The horizontal dashed gray lines

represent a factor of 3 in each direction.

5(a)]. Although the W-band radar detects fewer insect echoes
at these altitudes than the other two instruments, it is still able
to represent these features. Fig. S(e) shows the vertical profile
of aic at 9:10 CET [indicated with a dashed vertical pink line
in Fig. 5(a)—(d)]. The solid lines in e) are smoothed vertical
profiles showing the mean aic in a 5 min time window around
9:10 CET, the dashed lines are daily mean values for each alti-
tude. Generally, at this time of day, the convective atmospheric
boundary layer is not fully developed yet. Below the two
elevated layers, the aic profiles (solid lines) are consistently
below the daily mean aic profile. However, at the altitude
ranges of these two layers (1300-1600 and 1900-2100 m), the
current aic profiles show higher values than the daily mean.
This example showcases the high spatial and temporal
resolutions with which aic can be resolved with this newly
developed method. However, looking at longer time periods
and condensing the information can enable generalizations.
To smooth the dataset, the aic data is resampled to 10 min
time periods. A 10 min interval was chosen as a temporal
grid to compromise between having a smooth data set and
still being able to exploit the high temporal resolution of the
radar instruments in representing changing diel insect activity
patterns. Especially, the very high temporal resolution remains
a valuable asset for the investigation of even small-scale
insect activity patterns. The mean number of simultaneously
observed peaks was chosen to represent each time interval.
Note that when the radar does not detect any insects, the range
gates in question are filled with zeros, which are taken into

account when averaging. Time periods for which the radar
data is masked due to occurring hydrometeors or data gaps
are filled with NaN values and are thus not taken into account
when averaging.

Fig. 6 shows the mean diel cycle of the absolute aic values
divided into monthly subplots. In addition to the highest aic
values occurring around midday, maxima around dawn and
dusk are visible for all wavelengths, although with different
intensity. This diel cycle qualitatively compares well to pre-
vious findings of, e.g., [16], [45], [60], which all use X-band
radar observations. The shaded standard deviation in Fig. 6
shows that the variability in the derived aic value sometimes
reaches one order of magnitude, but differences between the
three wavelengths are still apparent. When comparing the diel
cycle of the mean aic from August (bottom plot in Fig. 6) to
the other months, it is evident that aic maxima at dawn and
dusk occur later in the morning (around 5:30, compared to
4:00 CET in June and July) and earlier in the evening (around
19:00, compared to 21:00 CET in June and July), likely related
to the shorter daylight period in August compared to June
and July. In addition, mean aic values throughout the day
are higher in June than in August. Variations in aicy during
the day are weaker than for the other two wavelengths. In
July and August, during the night, when mostly larger insects
are expected to fly [16], aicy is even higher than aicg, and
aicy. However, for the X-band radar, the authors have been
made aware of a synthesizer problem by the instrument’s
manufacturer, causing small side peaks in the spectrum for
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Fig. 8. Histograms of maximum daily aic in 150, 250, 500, and 750 m derived from the three radars. Note the different x-axis ranges.

some of the peaks, which may lead to an overestimation of
peak number in the affected range gates. Unfortunately, we
cannot estimate how this affects the final values.

Because radar sensitivity to targets of certain sizes depends
on wavelength, the shorter-wavelength radars (e.g., W-Band)
can detect smaller insects that the longer-wavelength radars
(e.g., X-Band) cannot, given similar instrument sensitivities.
If the aic values derived from both radars in a certain range
gate do not change equally over time, we can thus conclude
that this is caused by insects that only one radar is sensitive
to. To investigate this, the aic of X-band and W-band (the two
radars with the largest wavelength difference) are compared:
if aicy at, e.g., 500m altitude decreases at night, but aicy

remains constant, we can conclude that we observe fewer small
flying insects that only the W-band is sensitive to. The aic
ratio aicx;w = aicx/aicy is presented in Fig. 7. If aicx;w > 1
(aicx;w < 1), aicx is higher (lower) than aicy, indicating less
(more) smaller insects, respectively.

We analyzed 10min aicy;w values for the three month
observation period in Fig. 7. To include information for a
longer time period, the aic values for each daily 10 min interval
are averaged monthly, that means, e.g., the aic values for every
0:00-0:10 CET window in June are averaged. The mean diel
cycle of aicx,;w is shown as the colored lines in Fig. 7. As the
time of sunrise and sunset—which presumably affects insect
flight behavior—change considerably during three months,
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we derived the mean diel cycle of aicx,w for each month
individually. A diel cycle of aicx;w is evident in Fig. 7.
During the night, values are highest and consistently above 1,
meaning aicy > aicwy. During the day, aicx,w decreases to
values below 1 (June, July), which means more insects were
detected with the W-band radar than with the X-band radar.
Thus, according to the assumption above, from these results
we expect fewer smaller aerial insects during the night (high
aicx;w ratio) and more smaller aerial insects during the day
(lower aicx;w). In August, aicx;w decreases only to values
of around 1 during the day. This could possibly be related
to smaller aerial insects being active later in summer. In the
evening, the aicy;w values increase toward the night-time
maximum.

Lastly, we investigated day-to-day differences between
absolute aic values for the three frequencies during the three
months. To keep this analysis simple, we choose the daily
maximum value of aic in different altitudes if at least 18 h
of data are available for that day. Although Ka-band mea-
surements start only at 215m, the lowest altitude included
in this overview is 150 m. Over the course of the data set, no
obvious trend is visible. Therefore, the results are presented as
histograms (Fig. 8) for visual clarity. Generally, the maximum
aic value decreases with altitude for all considered frequencies.
For all altitudes, the maximum aicy values are generally lower
than for the other two frequencies. In the lowest range gate
(150 m), maximum aicy values are about three times higher
than the maximum aicy values. Also at 250 m, aicy has the
highest maximum values on most days, followed by aicg, and
aicy. At 500 and 750 m altitude, maximum aicg, values are
about twice as high as aicy, while maximum aicy has a high
variability ranging between aicy and aicg,.

Other studies investigating insect concentration values
above ground include [60] (X-band) and [61] (aerial netting).
More recent ones also present some vertical profiles from
Ku-band [34], [62], and X-band radars [63]. However, please
note that these literature values are mostly based on case
studies instead of large datasets like ours and are taken in
different regions of the world (Australia, Mongolia, England).
The aic values found in our study are higher than those found
in the mentioned studies. For example, at an altitude of 250 m
above ground, values for insect concentration reported by other
studies range between 5.0-10 m™ [34] to 1.3-103 m™3 [62],
while we found aic values ranging between 2.0 - 103 m™3
to 2 - 1072m™ (monthly means) given in Fig. 6. However,
as mentioned previously, the standard deviation for our aic
can reach one order of magnitude. There are several possible
reasons why our absolute aic values differ from previous
studies. Many estimates so far are based on data from ded-
icated biological radars [16], [60], [63], which report having
low sensitivities to smaller insects [17]. Additionally, other
radar specifications - like minimum detectable reflectivity -
vary significantly between studies or are often not clearly
reported. Furthermore, the aic values depend strongly on the
landscape type of the site [45], season, climate zones, and
probably exhibit strong inter-annual variability, which could
explain differences between our values and previously reported
values.
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In our dataset, the lowest altitude above ground for which
we derive aic is 150 m. To observe profiles of flying insects
with remote-sensing techniques below that altitude, lidars can
be used. Most lidar-based insect studies use the Scheimpflug
lidar method and typically observe insects from a few meters
above the ground up to altitudes of approximately 100-150m
(e.g., [10], [64]). Scheimpflug lidars can thus be considered
as complementary to radar in synergistic remote-sensing tech-
niques for observing flying insects.

V. SUMMARY, CONCLUSION, AND OUTLOOK

This article discussed the combination of several state-
of-the-art radar data processing techniques to achieve novel
results in the detection of flying insects using cloud radars
operating at three different frequencies, which are sensitive
to different size ranges of insects. The Cloudnet target clas-
sification was used to infer time-height pixels containing
insects. Subsequently, the peak-finding algorithms PEAKO
and peakTree were used to derive the number of insects present
at each radar range gate. Note that this approach does not
use peak signal power to infer target properties. Instead, a
peak in the radar Doppler spectrum is taken only as evidence
of a flying insect’s presence, regardless of its size, shape, or
species.

With the assumption that every narrow Doppler spectrum
peak is caused by a single insect, aic values were calculated
for X-band, Ka-band, and W-band Doppler cloud radars at the
JOYCE for the summer months of 2019 (June, July, August).
Given that radars are most sensitive to targets comparable in
size to their wavelength, it is presumed that these instruments
observe slightly different groups of aerial insect fauna. Dif-
ferences in aic values derived from the radars, thus, help to
identify and compare flight behavior between smaller mm-
size and larger cm-size insects. Knowledge about the flight
timing and flight altitude of small insects derived from cloud
radar data expands and fills in certain data gaps with additional
information on a different subset of aerial fauna.

We demonstrated the potential of this novel insect detec-
tion method on a case study of two elevated insect layers
detected between 1300 and 2100 m. Although these features
are detectable with all three radar instruments, they are less
pronounced in the W-band data, which can be attributed to the
lower radar sensitivity at this altitude. Comparing the vertical
aic profile at the time of the features with the mean aic profile
shows a significant increase in aic at the feature’s altitude
compared to the daily mean.

Afterward, the mean diel cycle of the ratio aicx;w was
presented. From the wavelength dependency of the radar’s
sensitivity, we assume that the ratio aicx,w changes when
the size distribution of detected insects changes. Although we
intentionally do not derive insect sizes from the cloud radar
Doppler spectra, some information about the insect sizes can
be gained from this evaluation. From this, we concluded that
small flying insects are less numerous during the night, which
agrees with current entomological research.

Lastly, the maximum daily aic were evaluated in four
altitudes. In general, aicx values are lower than aicg, and
aicy. In 250 m altitude, maximum aicy are often higher than
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maximum aicg, values. In the highest considered altitude
750 m, aicg, values are often highest. This can be attributed
to the Ka-band radar having the best sensitivity (see Table I).

This study introduced the methodology of deriving aic
values from triple frequency spectral Doppler cloud radar data
and the application on a three-month dataset. The main focus
of this publication is on introducing this methodology. A case
study and several statistical results were presented to highlight
the potential of the data set. Especially the difference in
derived aic from different wavelengths promises novel results
in an aeroecological context.

As we are able to derive aic from data, which were initially
gathered for meteorological purposes, there are no additional
costs for instrument acquisition, setup, or maintenance associ-
ated with this approach. It should be noted, however, that the
internal signal processing of these instruments is designed to
most effectively extract the relevant meteorological properties.
In this study, we had no means to modify these internal pro-
cesses, but ways of adjusting them could potentially enhance
the detection of insects from meteorological radar data. For
beam-matched radars that see the same observation volume
simultaneously with two frequencies (e.g., RPG 35/94 GHz
dual frequency Doppler cloud radar), this approach could even
be extended to derive characteristic insect features for every
peak.

In a follow-up study, we will apply this approach to multi-
year radar observations performed at Cloudnet sites in different
climate zones. Using larger data sets presents an opportunity
to evaluate seasonal cycles as well as interannual trends and
the potential dependence of aic and diel flight timing on
environmental factors, e.g., land surface type, surface wind
speed, or air temperature. Applying the methods presented in
this study to multi-year data sets may provide an opportunity to
study these trends in aerial insect behavior with high temporal
and vertical resolution.

CONTRIBUTIONS BY THE AUTHORS

Moritz Lochmann was the primary author of this article,
did most of the data analysis, and prepared the manuscript.
Birgen Haest provided important help in interpreting entomo-
logical results. Teresa Vogl helped greatly in setting up the
PEAKO and peakTree training of the data set and provided
help in interpreting results. Roel van Klink helped ML with
the entomological analysis of the results. Freya 1. Addison
and Maximilian Maahn helped in interpreting results and
gave suggestions for the preparation of the manuscript. Willi
Schimmel helped in the first stages of the manuscript with
insect classification. Christian Wirth and Johannes Quaas
helped in defining research questions and provided general
guidance during the project. Heike Kalesse-Los developed
the conceptual idea of this manuscript and helped greatly in
interpreting results and preparing the manuscript.

ACKNOWLEDGMENT

The authors thank Stefan Kneifel (Ludwig Maximilian
Universitdt Munich) and Bernhard Pospichal (University of
Cologne) for providing the radar data set from JOYCE and

4109614

Leonie von Terzi (Ludwig Maximilian Universitit Munich)
for providing help with the data set. They also thank Martin
Radenz (Leibniz Institute for Tropospheric Research) for his
work on peakTree and his help in the analysis of peakTree
results. They acknowledge ACTRIS and Finnish Meteoro-
logical Institute for providing the Cloudnet data set, which
is available for download from https://cloudnet.fmi.fi. They
acknowledge ECMWEF for providing IFS model data.

REFERENCES

[11 J. A. Thomas et al., “Comparative losses of British butterflies,
birds, and plants and the global extinction crisis,” Sci., vol. 303,
no. 5665, pp. 1879-1881, Mar. 2004. [Online]. Available: https://
www.science.org/doi/full/10.1126/science.1095046

[2] S. Schuch, K. Wesche, and M. Schaefer, “Long-term decline in
the abundance of leafthoppers and planthoppers (Auchenorrhyncha)
in central European protected dry grasslands,” Biol. Conservation,
vol. 149, no. 1, pp. 75-83, May 2012. [Online]. Available: https:/
www.sciencedirect.com/science/article/pii/S0006320712001127

[3] R.vanKlink, D. E. Bowler, K. B. Gongalsky, A. B. Swengel, A. Gentile,
and J. M. Chase, “Meta-analysis reveals declines in terrestrial but
increases in freshwater insect abundances,” Science, vol. 368, no. 6489,
pp. 417-420, Apr. 2020. [Online]. Available: https://www.science.org/
doi/10.1126/science.aax9931

[4] C. A. Hallmann et al., “More than 75 percent decline over 27 years
in total flying insect biomass in protected areas,” PLoS ONE, vol. 12,
no. 10, Oct. 2017, Art. no. e0185809. [Online]. Available: https://
journals.plos.org/plosone/article?id=10.1371/journal.pone.0185809

[S1 G. A. Montgomery, M. W. Belitz, R. P. Guralnick, and M. W. Tin-
gley, “Standards and best practices for monitoring and benchmark-
ing insects,” Frontiers Ecology Evol., vol. 8, pp. 1-18, Jan. 2021.
[Online]. Available: https://www.frontiersin.org/journals/ecology-and-
evolution/articles/10.3389/fevo.2020.579193/full

[6] J. W. Chapman, V. A. Drake, and D. R. Reynolds, “Recent
insights from radar studies of insect flight,” Annu. Rev. Ento-
mology, vol. 56, no. 1, pp. 337-356, Jan. 2011. [Online]. Avail-
able: https://www.annualreviews.org/content/journals/10.1146/annurev-
ento-120709-144820

[7]1 J. R.Riley, “Flying insects in the field,” in Video Techniques in Animal
Ecology and Behaviour. Cham, Switzerland: Springer, 1994, pp. 1-15,
doi: 10.1007/978-94-011-0699-3 1.

[8] D. R. Reynolds and J. R. Riley, “Remote-sensing, telemetric and
computer-based technologies for investigating insect movement: A sur-
vey of existing and potential techniques,” Comput. Electron. Agricult.,
vol. 35, nos. 2-3, pp. 271-307, Aug. 2002. [Online]. Available: https://
www.sciencedirect.com/science/article/pii/S0168169902000236

[9] J. A. Shaw et al., “Polarization LIDAR measurements of honeybees for
locating buried landmines,” Proc. SPIE, vol. 5888, pp. 197-203, Aug.
2005. [Online]. Available: https://www.spiedigitallibrary.org/conference-
proceedings-of-spie/5888/58880P/Polarization-lidar-measurements-of-
honeybees-for-locating-buried-landmines/10.1117/12.618446.full

[10] H. Chen et al., “LiDAR as a potential tool for monitoring migra-
tory insects,” iScience, vol. 27, no. 5, May 2024, Art. no. 109588.
[Online]. Available: https://www.sciencedirect.com/science/article/pii/
S$2589004224008101

[11] V. A. Drake and D. R. Reynolds, Radar Entomology: Observing
Insect Flight and Migration. Wallingford, U.K.: CABI Publishing,
2012. [Online]. Available: https://ebookcentral.proquest.com/lib/leip/
reader.action?docID=1103929ppg=34

[12] S. Bauer, E. K. Tielens, and B. Haest, “Monitoring aerial insect
biodiversity: A radar perspective,” Phil. Trans. Roy. Soc. B: Biol. Sci.,
vol. 379, no. 1904, May 2024, Art. no. 20230113. [Online]. Available:
https://royalsocietypublishing.org/doi/10.1098/rstb.2023.0113

[13] G. Hu et al., “Mass seasonal bioflows of high-flying insect migrants,”
Science, vol. 354, no. 6319, pp. 1584-1587, Dec. 2016. [Online]. Avail-
able: https://www.science.org/doi/10.1126/science.aah4379

[14] M. Lukach et al., “The development of an unsupervised hierarchical
clustering analysis of dual-polarization weather surveillance radar obser-
vations to assess nocturnal insect abundance and diversity,” Remote Sens.
Ecology Conservation, vol. 8, no. 5, pp. 698-716, Oct. 2022. [Online].
Available: https://onlinelibrary.wiley.com/doi/pdf/10.1002/rse2.270


https://cloudnet.fmi.fi
https://www.science.org/doi/full/10.1126/science.1095046
https://www.science.org/doi/full/10.1126/science.1095046
https://www.sciencedirect.com/science/article/pii/S0006320712001127
https://www.sciencedirect.com/science/article/pii/S0006320712001127
https://www.science.org/doi/10.1126/science.aax9931
https://www.science.org/doi/10.1126/science.aax9931
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0185809
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0185809
https://www.frontiersin.org/journals/ecology-and-evolution/articles/10.3389/fevo.2020.579193/full
https://www.frontiersin.org/journals/ecology-and-evolution/articles/10.3389/fevo.2020.579193/full
https://www.annualreviews.org/content/journals/10.1146/annurev-ento-120709-144820
https://www.annualreviews.org/content/journals/10.1146/annurev-ento-120709-144820
http://dx.doi.org/10.1007/978-94-011-0699-3%5F1
https://www.sciencedirect.com/science/article/pii/S0168169902000236
https://www.sciencedirect.com/science/article/pii/S0168169902000236
https://www.spiedigitallibrary.org/conference-proceedings-of-spie/5888/58880P/Polarization-lidar-measurements-of-honeybees-for-locating-buried-landmines/10.1117/12.618446.full
https://www.spiedigitallibrary.org/conference-proceedings-of-spie/5888/58880P/Polarization-lidar-measurements-of-honeybees-for-locating-buried-landmines/10.1117/12.618446.full
https://www.spiedigitallibrary.org/conference-proceedings-of-spie/5888/58880P/Polarization-lidar-measurements-of-honeybees-for-locating-buried-landmines/10.1117/12.618446.full
https://www.sciencedirect.com/science/article/pii/S2589004224008101
https://www.sciencedirect.com/science/article/pii/S2589004224008101
https://ebookcentral.proquest.com/lib/leip/reader.action?docID=1103929ppg=34
https://ebookcentral.proquest.com/lib/leip/reader.action?docID=1103929ppg=34
https://royalsocietypublishing.org/doi/10.1098/rstb.2023.0113
https://www.science.org/doi/10.1126/science.aah4379
https://onlinelibrary.wiley.com/doi/pdf/10.1002/rse2.270

4109614

[15]

[16]

(17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

C. E. Wainwright, S. N. Volponi, P. M. Stepanian, D. R. Reynolds, and
D. H. Richter, “Using cloud radar to investigate the effect of rainfall
on migratory insect flight,” Methods Ecology Evol., vol. 14, no. 2,
pp. 655-668, 2023. [Online]. Available: https://onlinelibrary.wiley.com/
doi/pdf/10.1111/2041-210X.14023

B. Haest et al., “Continental-scale patterns in diel flight timing of high-
altitude migratory insects,” Phil. Trans. Roy. Soc. B: Biol. Sci., vol. 379,
no. 1904, May 2024, Art. no. 20230116. [Online]. Available: https://
royalsocietypublishing.org/doi/10.1098/rstb.2023.0116

Y. Werber, E. Adin, J. W. Chapman, D. R. Reynolds, and N. Sapir,
“Active navigation and meteorological selectivity drive insect migration
patterns through the levant,” Proc. Roy. Soc. B, Biol. Sci., vol. 292,
no. 2049, Jun. 2025, Art. no. 20250587. [Online]. Available: https://
royalsocietypublishing.org/doi/10.1098/rspb.2025.0587

S. Giuntini et al., “Quantifying nocturnal thrush migration using sensor
data fusion between acoustics and vertical-looking radar,” Remote Sens.
Ecology Conservation, vol. 10, no. 6, pp. 743-754, Jun. 2024. [Online].
Available: https://onlinelibrary.wiley.com/doi/pdf/10.1002/rse2.397

Y. Werber, H. Sextin, Y. Yovel, and N. Sapir, “BATScan: A radar
classification tool reveals large-scale bat migration patterns,” Methods
Ecology Evol., vol. 14, no. 7, pp. 1764-1779, 2023. [Online]. Available:
https://onlinelibrary.wiley.com/doi/pdf/10.1111/2041-210X.14125

L. Boero et al., “Monitoring and characterizing temporal patterns
of a large colony of tadarida brasiliensis (chiroptera: Molossidae) in
Argentina using field observations and the weather radar RMAL,”
Remote Sens., vol. 12, no. 2, p. 210, Jan. 2020. [Online]. Available:
https://www.mdpi.com/2072-4292/12/2/210

C. Nilsson et al, “Revealing patterns of nocturnal migration
using the European weather radar network,” Ecography, vol. 42,
no. 5, pp. 876-886, May 2019. [Online]. Available: https://
onlinelibrary.wiley.com/doi/pdf/10.1111/ecog.04003

B. Haest, P. M. Stepanian, C. E. Wainwright, F. Liechti, and S. Bauer,
“Climatic drivers of (changes in) bat migration phenology at bracken
cave (USA),” Global Change Biol., vol. 27, no. 4, pp. 768-780,
Feb. 2021. [Online]. Available: https://onlinelibrary.wiley.com/doi/pdf/
10.1111/gcb.15433

B. M. Van Doren and K. G. Horton, “A continental system for fore-
casting bird migration,” Science, vol. 361, no. 6407, pp. 1115-1118,
Sep. 2018. [Online]. Available: https://www.science.org/doi/10.1126/
science.aat7526

N. Weisshaupt, V. Lehmann, J. Arizaga, and M. Maruri, “Radar wind
profilers and avian migration: A qualitative and quantitative assessment
verified by thermal imaging and moon watching,” Methods Ecology
Evol., vol. 8, no. 9, pp. 1133-1145, Sep. 2017.

V. A. Drake, J. W. Chapman, K. S. Lim, D. R. Reynolds, J. R. Riley,
and A. D. Smith, “Ventral-aspect radar cross sections and polarization
patterns of insects at x band and their relation to size and form,”
Int. J. Remote Sens., vol. 38, no. 18, pp. 5022-5044, Sep. 2017, doi:
10.1080/01431161.2017.1320453.

T. Mkinen, J. Ritvanen, S. Pulkkinen, N. Weisshaupt, and
J. Koistinen, “Bayesian classification of nonmeteorological targets in
polarimetric Doppler radar measurements,” J. Atmos. Ocean. Technol.,
vol. 39, no. 10, pp. 1561-1578, Oct. 2022. [Online]. Available:
https://journals.ametsoc.org/view/journals/atot/39/10/JTECH-D-21-
0177.1.xml

E. K. Tielens and J. Kelly, “Temperature, not net primary produc-
tivity, drives continental-scale variation in insect flight activity,” Phil.
Trans. Roy. Soc. B: Biol. Sci., vol. 379, no. 1904, May 2024, Art. no.
20230114. [Online]. Available: https://royalsocietypublishing.org/doi/
10.1098/rstb.2023.0114

P. M. Stepanian, S. A. Entrekin, C. E. Wainwright, D. Mirkovic,
J. L. Tank, and J. E. Kelly, “Declines in an abundant aquatic insect, the
burrowing mayfly, across major North American waterways,” Proc. Nat.
Acad. Sci. USA, vol. 117, no. 6, pp. 2987-2992, Feb. 2020. [Online].
Available: https://www.pnas.org/doi/abs/10.1073/pnas.1913598117

S. Kwakye et al.,, “Classification of flying insects in polarimetric
weather radar using machine learning and aphid trap data,” Atmos.
Meas. Techn. Discuss., pp. 1-16, Apr. 2023. [Online]. Available: https://
amt.copernicus.org/preprints/amt-2023-69/

B. Gao et al., “Adaptive strategies of high-flying migratory hoverflies
in response to wind currents,” Proc. Roy. Soc. B, Biol. Sci., vol. 287,
no. 1928, Jun. 2020, Art. no. 20200406. [Online]. Available: https://
royalsocietypublishing.org/doi/10.1098/rspb.2020.0406

J. R. Riley, “Radar cross section of insects,” Proc. IEEE, vol. 73, no. 2,
pp- 228-232, 1985. [Online]. Available: https://ieeexplore.ieee.org/
document/1457403/

(32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

(471

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 64, 2026

W. L. Hawkes et al., “The most remarkable migrants—Systematic analy-
sis of the western European insect flyway at a pyrenean mountain pass,”
Proc. Roy. Soc. B, Biol. Sci., vol. 291, no. 2024, Jun. 2024, Art. no.
20232831. [Online]. Available: https://royalsocietypublishing.org/doi/
10.1098/rspb.2023.2831

C. E. Wainwright, P. M. Stepanian, D. R. Reynolds, and A. M. Reynolds,
“The movement of small insects in the convective boundary layer:
Linking patterns to processes,” Sci. Rep., vol. 7, no. 1, p. 5438, Jul.
2017. [Online]. Available: https://www.nature.com/articles/s41598-017-
04503-0

J. Cai, Q. Yuan, R. Wang, C. Liu, and T. Zhang, “Insect
detection and density estimation based on a Ku-band scanning
entomological radar,” J. Eng., vol. 2019, no. 21, pp. 7636-7639, 2019.
[Online].  Available: https://onlinelibrary.wiley.com/doi/pdf/10.1049/
j0e.2019.0600

T. Zhang, X. Liu, C. Hu, R. Wang, C. Liu, and W. Li, “Insect wing-beat
frequency automatic extraction and experimental verification with a Ku-
band insect radar system,” J. Eng., vol. 2019, no. 21, pp. 7973-7976,
Nov. 2019. [Online]. Available: https://onlinelibrary.wiley.com/doi/pdf/
10.1049/j0e.2019.0653

E. P. Luke, P. Kollias, K. L. Johnson, and E. E. Clothiaux, “A technique
for the automatic detection of insect clutter in cloud radar returns,”
J. Atmos. Ocean. Technol., vol. 25, no. 9, pp. 1498-1513, Sep. 2008.
[Online]. Available: https://journals.ametsoc.org/view/journals/atot/25/9/
2007jtecha953 1.xml

A. Khandwalla, S. M. Sekelsky, L. Li, and M. Bergada, “Theory
and observations between Ka-band and W-band to explain scattering
differences from insects,” in Proc. ARM Sci. Team Meeting, Atlanta,
Georgia. Cambridge, MA, USA: Harvard Univ., Mar. 2001.

C. E. Wainwright, D. R. Reynolds, and A. M. Reynolds, “Linking small-
scale flight manoeuvers and density profiles to the vertical movement
of insects in the nocturnal stable boundary layer,” Sci. Reports, vol. 10,
no. 1, p. 1019, Jan. 2020. [Online]. Available: https://www.nature.com/
articles/s41598-020-57779-0

C. R. Wood, E. J. O’Connor, R. A. Hurley, D. R. Reynolds,
and A. J. Illingworth, “Cloud-radar observations of insects
in the UK. convective boundary layer,” Meteorological Appl.,
vol. 16, no. 4, pp. 491-500, Dec. 2009. [Online]. Available: https://
onlinelibrary.wiley.com/doi/pdf/10.1002/met.146

A. J. Illingworth et al., “Cloudnet: Continuous evaluation of cloud
profiles in seven operational models using ground-based observations,”
Bull. Amer. Meteorological Soc., vol. 88, no. 6, pp. 883-898, Jun. 2007.
[Online]. Available: https://journals.ametsoc.org/view/journals/bams/88/
6/bams-88-6-883.xml

M. Radenz, J. Biihl, P. Seifert, H. Griesche, and R. Engelmann,
“PeakTree: A framework for structure-preserving radar Doppler spec-
tra analysis,” Atmos. Meas. Techn., vol. 12, no. 9, pp. 4813-4828,
Sep. 2019. [Online]. Available: https://amt.copernicus.org/articles/12/
4813/2019/

C. R. Williams et al., “Identifying insects, clouds, and precipi-
tation using vertically pointing polarimetric radar Doppler veloc-
ity spectra,” Atmos. Meas. Techn., vol. 14, no. 6, pp. 4425-4444,
Jun. 2021. [Online]. Available: https://amt.copernicus.org/articles/14/
4425/2021/

H. Kalesse-Los, W. Schimmel, E. Luke, and P. Seifert, “Evaluating
cloud liquid detection against cloudnet using cloud radar Doppler
spectra in a pre-trained artificial neural network,” Atmos. Meas. Techn.,
vol. 15, no. 2, pp. 279-295, Jan. 2022. [Online]. Available: https:/
amt.copernicus.org/articles/15/279/2022/

W. Schimmel et al., “Identifying cloud droplets beyond LiDAR atten-
uation from vertically pointing cloud radar observations using artificial
neural networks,” Atmos. Meas. Techn., vol. 15, no. 18, pp. 5343-5366,
Sep. 2022. [Online]. Available: https://amt.copernicus.org/articles/15/
5343/2022/

E. Knop, M. L. Grimm, F. Korner-Nievergelt, B. Schmid, and F. Liechti,
“Patterns of high-flying insect abundance are shaped by landscape type
and abiotic conditions,” Sci. Rep., vol. 13, no. 1, p. 15114, Sep. 2023.
[Online]. Available: https://www.nature.com/articles/s41598-023-42212-
z

U. Lhnert et al., “JOYCE: Jlich observatory for cloud evolution,” Bull.
Amer. Meteorological Soc., vol. 96, no. 7, pp. 1157-1174, Jul. 2015.
[Online]. Available: https://journals.ametsoc.org/view/journals/bams/96/
7/bams-d-14-00105.1.xml

J. D. Neto et al., “The triple-frequency and polarimetric radar experiment
for improving process observations of winter precipitation,” Earth Syst.
Sci. Data, vol. 11, no. 2, pp. 845-863, Jun. 2019. [Online]. Available:
https://essd.copernicus.org/articles/11/845/2019/


https://onlinelibrary.wiley.com/doi/pdf/10.1111/2041-210X.14023
https://onlinelibrary.wiley.com/doi/pdf/10.1111/2041-210X.14023
https://royalsocietypublishing.org/doi/10.1098/rstb.2023.0116
https://royalsocietypublishing.org/doi/10.1098/rstb.2023.0116
https://royalsocietypublishing.org/doi/10.1098/rspb.2025.0587
https://royalsocietypublishing.org/doi/10.1098/rspb.2025.0587
https://onlinelibrary.wiley.com/doi/pdf/10.1002/rse2.397
https://onlinelibrary.wiley.com/doi/pdf/10.1111/2041-210X.14125
https://www.mdpi.com/2072-4292/12/2/210
https://onlinelibrary.wiley.com/doi/pdf/10.1111/ecog.04003
https://onlinelibrary.wiley.com/doi/pdf/10.1111/ecog.04003
https://onlinelibrary.wiley.com/doi/pdf/10.1111/gcb.15433
https://onlinelibrary.wiley.com/doi/pdf/10.1111/gcb.15433
https://www.science.org/doi/10.1126/science.aat7526
https://www.science.org/doi/10.1126/science.aat7526
http://dx.doi.org/10.1080/01431161.2017.1320453
https://journals.ametsoc.org/view/journals/atot/39/10/JTECH-D-21-0177.1.xml
https://journals.ametsoc.org/view/journals/atot/39/10/JTECH-D-21-0177.1.xml
https://royalsocietypublishing.org/doi/10.1098/rstb.2023.0114
https://royalsocietypublishing.org/doi/10.1098/rstb.2023.0114
https://www.pnas.org/doi/abs/10.1073/pnas.1913598117
https://amt.copernicus.org/preprints/amt-2023-69/
https://amt.copernicus.org/preprints/amt-2023-69/
https://royalsocietypublishing.org/doi/10.1098/rspb.2020.0406
https://royalsocietypublishing.org/doi/10.1098/rspb.2020.0406
https://ieeexplore.ieee.org/document/1457403/
https://ieeexplore.ieee.org/document/1457403/
https://royalsocietypublishing.org/doi/10.1098/rspb.2023.2831
https://royalsocietypublishing.org/doi/10.1098/rspb.2023.2831
https://www.nature.com/articles/s41598-017-04503-0
https://www.nature.com/articles/s41598-017-04503-0
https://onlinelibrary.wiley.com/doi/pdf/10.1049/joe.2019.0600
https://onlinelibrary.wiley.com/doi/pdf/10.1049/joe.2019.0600
https://onlinelibrary.wiley.com/doi/pdf/10.1049/joe.2019.0653
https://onlinelibrary.wiley.com/doi/pdf/10.1049/joe.2019.0653
https://journals.ametsoc.org/view/journals/atot/25/9/2007jtecha953%5F1.xml
https://journals.ametsoc.org/view/journals/atot/25/9/2007jtecha953%5F1.xml
https://www.nature.com/articles/s41598-020-57779-0
https://www.nature.com/articles/s41598-020-57779-0
https://onlinelibrary.wiley.com/doi/pdf/10.1002/met.146
https://onlinelibrary.wiley.com/doi/pdf/10.1002/met.146
https://journals.ametsoc.org/view/journals/bams/88/6/bams-88-6-883.xml
https://journals.ametsoc.org/view/journals/bams/88/6/bams-88-6-883.xml
https://amt.copernicus.org/articles/12/4813/2019/
https://amt.copernicus.org/articles/12/4813/2019/
https://amt.copernicus.org/articles/14/4425/2021/
https://amt.copernicus.org/articles/14/4425/2021/
https://amt.copernicus.org/articles/15/279/2022/
https://amt.copernicus.org/articles/15/279/2022/
https://amt.copernicus.org/articles/15/5343/2022/
https://amt.copernicus.org/articles/15/5343/2022/
https://www.nature.com/articles/s41598-023-42212-z
https://www.nature.com/articles/s41598-023-42212-z
https://journals.ametsoc.org/view/journals/bams/96/7/bams-d-14-00105.1.xml
https://journals.ametsoc.org/view/journals/bams/96/7/bams-d-14-00105.1.xml
https://essd.copernicus.org/articles/11/845/2019/

LOCHMANN et al.: DERIVATION OF aic WITH TRIPLE FREQUENCY CLOUD RADAR OBSERVATIONS 4109614

(48]

[49]

[50]

(511

[52]

[53]

[54]

[55]

[56]

[571

[58]

[59]

[60]

[61]

[62]

[63]

L. von Terzi, J. Dias Neto, D. Ori, A. Myagkov, and S. Kneifel,
“Ice microphysical processes in the dendritic growth layer: A sta-
tistical analysis combining multi-frequency and polarimetric Doppler
cloud radar observations,” Atmos. Chem. Phys., vol. 22, no. 17,
pp- 11795-11821, 2022. [Online]. Available: https://www.proquest.com/
docview/2713128199/abstract/A540093BE1A74459PQ/1

K. Mrz, A. Battaglia, S. Kneifel, L. von Terzi, M. Karrer, and D. Ori,
“Linking rain into ice microphysics across the melting layer in stratiform
rain: A closure study,” Atmos. Meas. Techn., vol. 14, no. 1, pp. 511-529,
Jan. 2021. [Online]. Available: https://amt.copernicus.org/articles/14/
511/2021/

U. Gorsdorf et al., “A 35-GHz polarimetric Doppler radar for long-
term observations of cloud parameters—Description of system and data
processing,” J. Atmos. Ocean. Technol., vol. 32, no. 4, pp. 675-690,
Apr. 2015. [Online]. Available: https://journals.ametsoc.org/view/
journals/atot/32/4/jtech-d-14-00066 _1.xml

N. Kchler, S. Kneifel, U. Lhnert, P. Kollias, H. Czekala, and T. Rose,
“A W-band radar-radiometer system for accurate and continuous
monitoring of clouds and precipitation,” J. Atmos. Ocean. Technol.,
vol. 34, no. 11, pp. 2375-2392, Nov. 2017. [Online]. Available: https://
journals.ametsoc.org/view/journals/atot/34/11/jtech-d-17-0019.1.xml

S. Kong et al., “Insect multifrequency polarimetric radar cross section:
Experimental results and analysis,” IEEE Trans. Geosci. Remote Sens.,
vol. 59, no. 8, pp. 6573-6585, Aug. 2021. [Online]. Available: https://
ieeexplore.ieee.org/document/9211434

P. Kollias, B. A. Albrecht, and F. Marks, “Why mie?: Accurate observa-
tions of vertical air velocities and raindrops using a cloud radar,” Bull.
Amer. Meteorological Soc., vol. 83, no. 10, pp. 1471-1484, Oct. 2002.
[Online]. Available: https://journals.ametsoc.org/view/journals/bams/83/
10/bams-83-10-1471.xml

S. Tukiainen, E. O’Connor, and A. Korpinen, “CloudnetPy: A Python
package for processing cloud remote sensing data,” J. Open Source
Softw., vol. 5, no. 53, p. 2123, Sep. 2020. [Online]. Available: https://
joss.theoj.org/papers/10.21105/joss.02123

H. Kalesse, T. Vogl, C. Paduraru, and E. Luke, “Development and
validation of a supervised machine learning radar Doppler spectra peak-
finding algorithm,” Atmos. Meas. Techn., vol. 12, no. 8, pp. 4591-4617,
Aug. 2019. [Online]. Available: https://amt.copernicus.org/articles/12/
4591/2019/

T. Vogl, M. Radenz, F. Ramelli, R. Gierens, and H. Kalesse-Los,
“PEAKO and peakTree: Tools for detecting and interpreting peaks in
cloud radar Doppler spectra-capabilities and limitations,” Afmos. Meas.
Tech., vol. 17, pp. 6547-6568, Nov. 2024. [Online]. Available: https://
doi.org/10.5194/amt-17-6547-2024

H. Kalesse-Los, A. Kotsche, A. Foth, J. Rottenbacher, T. Vogl, and
J. Witthuhn, “The virga-sniffer—A new tool to identify precipitation
evaporation using ground-based remote-sensing observations,” Atmos.
Meas. Techn., vol. 16, no. 6, pp. 1683-1704, Mar. 2023. [Online].
Available: https://amt.copernicus.org/articles/16/1683/2023/

A. Kotsche et al., “Investigating KDP signatures inside and below the
dendritic growth layer with W-band Doppler radar and in situ snowfall
camera,” Atmos. Chem. Phys., vol. 25, no. 20, pp. 1-38, Oct. 2025.
[Online]. Available: https://doi.org/10.5194/acp-25-14045-2025/

C. R. Wood, D. R. Reynolds, P. M. Wells, J. F. Barlow, I. P. Woiwod,
and J. W. Chapman, “Flight periodicity and the vertical distribution
of high-altitude moth migration over southern Britain,” Bull.
Entomological Res., vol. 99, no.5, pp.525-535, Oct. 2009.
[Online]. Available: https://www.cambridge.org/core/journals/
bulletin-of-entomological-research/article/flight-periodicity-and-the-
vertical-distribution-of-highaltitude-moth-migration-over-southern-
britain/B36965590BCCIADC792A461FACE0868Carticle

J. W. Chapman, D. R. Reynolds, and A. D. Smith, “Vertical-looking
radar: A new tool for monitoring high-altitude insect migration,”
BioScience, vol. 53, no. 5, pp. 503-511, May 2003, doi: 10.1641/0006-
3568(2003)053[0503: vrantf]2.0.co;2.

C. G. Johnson, “The vertical distribution of aphids in the air and
the temperature lapse rate,” Quart. J. Roy. Meteorological Soc.,
vol. 83, no. 356, pp. 194-201, 1957. [Online]. Available: https://
rmets.onlinelibrary.wiley.com/doi/pdf/10.1002/qj.49708335606

H. Mao, R. Wang, C. Hu, and J. Yang, “Fully polarimetric radar
observing insects flight,” in Proc. ICSIDP, Dec. 2019, pp. 1-4. [Online].
Available: https://ieeexplore.ieee.org/document/9172916/

V. Drake, “Estimation of unbiased insect densities and density profiles
with vertically pointing entomological radars,” Int. J. Remote Sens.,
vol. 35, no. 13, pp. 4630-4654, Jul. 2014. [Online]. Available: https://
www.tandfonline.com/doi/full/10.1080/01431161.2014.919682

[64] S. Jansson, E. Malmqvist, M. Brydegaard, S. Akesson, and J. Rydell,
“A scheimpflug LiDAR used to observe insect swarming at a
wind turbine,” Ecological Indicators, vol. 117, Oct. 2020, Art. no.
106578. [Online]. Available: https:/linkinghub.elsevier.com/retrieve/pii/

S1470160X2030515X
Moritz Lochmann received the B.Sc. and M.Sc.
degrees in meteorology from Leipzig University,
; Leipzig, Germany, in 2015 and 2018, respectively,
= &) A and the Ph.D. degree from Leipzig Institute for
_’_x& Meteorology in 2023.

Subsequently, he conducted his Ph.D. research
in meteorology at the Leipzig Institute for Mete-

= ‘i
4 j orology, working on very short-term wind power

¥

predictions. His current research centers on observ-
ing aerial insects with meteorological instruments,
e.g., Doppler cloud radars.

# b

Birgen Haest received the M.Sc. degree in bio-
science engineering from the University of Ghent,
Ghent, Belgium, in 2007, and the Ph.D. degree
(summa cum laude) in ecology from the University
of Oldenburg, Oldenburg, Germany, in 2019.

From 2008 to 2014, he did research on vegetation
biodiversity mapping using optical remote sens-
ing imagery with the Remote Sensing Department,
Flemish Institute of Technological Research, Mol,
Belgium. In 2015, he moved to the Institute of Avian
Research “Vogelwarte Helgoland,” Wilhelmshaven,
Germany, in 2019. Since 2019, he has been working as a Research Associate
with the Swiss Ornithological Institute, Sempach, Switzerland, where he
researches the migratory movements of birds, bats, and insects, amongst
others, using radar technology.

Dr. Haest was awarded a Mid-Career Award from the International Radar
Aeroecology Conference for his scientific contributions to the field of radar
aeroecology in 2024.

Teresa Vogl received the B.Sc. degree in environ-
mental sciences from the University of Bayreuth,
Bayreuth, Germany, in 2015, and the M.Sc. degree
in meteorology from Leipzig university, Leipzig,
Germany, in 2018, and the Ph.D. degree in micro-
physical growth processes in mixed-phase clouds
using cloud radar observations from Leipzig univer-
sity, in 2026.

Furthermore, she is also working on machine
learning methodologies for photovoltaic power pre-
diction based on satellite observations.

Roel van Klink is an entomologist that specializes
in changes in insect biodiversity over time. His work
has shown that declines in insect biomass and abun-
dance are common, but not universal. Previously, he
worked on hands-on conservation management for
insects and on rewilding. He is also an avid collector
of plant- and leafthoppers.


https://www.proquest.com/docview/2713128199/abstract/A540093BE1A74459PQ/1
https://www.proquest.com/docview/2713128199/abstract/A540093BE1A74459PQ/1
https://amt.copernicus.org/articles/14/511/2021/
https://amt.copernicus.org/articles/14/511/2021/
https://journals.ametsoc.org/view/journals/atot/32/4/jtech-d-14-00066%5F1.xml
https://journals.ametsoc.org/view/journals/atot/32/4/jtech-d-14-00066%5F1.xml
https://journals.ametsoc.org/view/journals/atot/34/11/jtech-d-17-0019.1.xml
https://journals.ametsoc.org/view/journals/atot/34/11/jtech-d-17-0019.1.xml
https://ieeexplore.ieee.org/document/9211434
https://ieeexplore.ieee.org/document/9211434
https://journals.ametsoc.org/view/journals/bams/83/10/bams-83-10-1471.xml
https://journals.ametsoc.org/view/journals/bams/83/10/bams-83-10-1471.xml
https://joss.theoj.org/papers/10.21105/joss.02123
https://joss.theoj.org/papers/10.21105/joss.02123
https://amt.copernicus.org/articles/12/4591/2019/
https://amt.copernicus.org/articles/12/4591/2019/
https://doi.org/10.5194/amt-17-6547-2024
https://doi.org/10.5194/amt-17-6547-2024
https://amt.copernicus.org/articles/16/1683/2023/
https://doi.org/10.5194/acp-25-14045-2025/
https://www.cambridge.org/core/journals/ bulletin-of-entomological-research/article/flight-periodicity-and-the- vertical-distribution-of-highaltitude-moth-migration-over-southern- britain/B36965590BCC9ADC792A461F4CE0868Carticle
https://www.cambridge.org/core/journals/ bulletin-of-entomological-research/article/flight-periodicity-and-the- vertical-distribution-of-highaltitude-moth-migration-over-southern- britain/B36965590BCC9ADC792A461F4CE0868Carticle
https://www.cambridge.org/core/journals/ bulletin-of-entomological-research/article/flight-periodicity-and-the- vertical-distribution-of-highaltitude-moth-migration-over-southern- britain/B36965590BCC9ADC792A461F4CE0868Carticle
https://www.cambridge.org/core/journals/ bulletin-of-entomological-research/article/flight-periodicity-and-the- vertical-distribution-of-highaltitude-moth-migration-over-southern- britain/B36965590BCC9ADC792A461F4CE0868Carticle
http://dx.doi.org/10.1641/0006-3568(2003)053[0503: vrantf]2.0.co;2
http://dx.doi.org/10.1641/0006-3568(2003)053[0503: vrantf]2.0.co;2
https://rmets.onlinelibrary.wiley.com/doi/pdf/10.1002/qj.49708335606
https://rmets.onlinelibrary.wiley.com/doi/pdf/10.1002/qj.49708335606
https://ieeexplore.ieee.org/document/9172916/
https://www.tandfonline.com/doi/full/10.1080/01431161.2014.919682
https://www.tandfonline.com/doi/full/10.1080/01431161.2014.919682
https://linkinghub.elsevier.com/retrieve/pii/S1470160X2030515X
https://linkinghub.elsevier.com/retrieve/pii/S1470160X2030515X

4109614

Freya 1. Addison received the Ph.D. degree from
the University of Leeds, Leeds, U.K., in 2023.

She is a Post-Doctoral Researcher specializing in
the development of tools to monitor insect activity
using weather instruments. She was awarded the
Natural Environment and Research Council Doctoral
Training Partnership. Her background is in physics,
and her previous work includes the development of a
methodology for simulating the radar cross sections
of insects.

Maximilian Maahn received the M.S. degree in
meteorology from the University of Bonn, Bonn,
Germany, in 2010, and the Ph.D. degree in mete-
orology from the University of Cologne, Cologne,
Germany, in 2015.

He was a Research Scientist with the Univer-
sity of Cologne from 2011 to 2016. He moved
to the Cooperative Institute for Research in Envi-
ronmental Sciences (CIRES) of the NOAA Earth
System Research Laboratories and the University of
Colorado at Boulder, Boulder, CO, USA, from 2016
to 2020. Since 2020, he has led the Cloud and Precipitation Observations for
Process Studies (drOPS) Group, Leipzig University, Leipzig, Germany. He is
currently developing a novel in situ sensor for snowfall. His main research
interests include the improvement of remote sensing and in situ observations
of clouds and precipitation.

Dr. Maahn is a member of the American Meteorological Society and the
German Meteorological Society. He is an Associate Editor of Atmospheric
Measurement Techniques.

Willi Schimmel received the M.Sc. degree in
applied mathematics from Leipzig University of
Applied Sciences, Leipzig, Germany, in 2017, and
the Ph.D. degree from Leipzig Institute for Mete-
orology, Leipzig, in 2022, with a focus on cloud
droplet identification using machine learning meth-
ods.

He is a Post-Doctoral Researcher specializing in
atmospheric dynamics and modeling. His research
focused on the numerical simulation of large chemi-
cal multiphase systems in the troposphere. Currently,
his research revolves around Polarimetric Radar Signatures of Ice Formation
Pathways with Controlled Aerosol Perturbations, combining cloud seeding,
remote-sensing observations, and numerical modeling. His work will con-
tribute to advancing our understanding of atmospheric processes, i.e., ice
crystal formation and its impacts.

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 64, 2026

Christian Wirth received the Ph.D. degree for his
work linking carbon cycle and fire ecology of boreal
forests from the Max-Planck-Institute for Biogeo-
chemistry, Jena, Siberia, in 2000.

He is a plant ecologist who studies how natural
and human-induced changes in plant biodiversity
affect ecosystem processes. He leads the work-
ing group for Special Botany and Functional
Biodiversity at Leipzig University together with
Prof. Alexandra Weigelt. He is the Founding
Director of the DFG Center “German Center for
Integrative Biodiversity Research (iDiv) Halle-Jena-Leipzig,” Leipzig, Ger-
many, the Director of the Botanical Garden of Leipzig University, Leipzig, and
an Associate Member of the Max-Planck-Institute for Biogeochemistry, Jena,
Germany, from 2012 to 2022. In 2024, he was admitted to the Leopoldina
and to the Saxon Academy of Sciences and Humanities. Subsequently, from
stations in Princeton, Fairbanks, and Jena-he developed the TRY database
and trait-based approaches to study the relationship between biodiversity
and ecosystem functions in forest and grassland ecosystems. More recently,
he has been researching forest conservation, floodplain ecology, canopy
ecology (Leipzig Canopy Crane), and the impact of climate change on forest
biodiversity and ecosystem services.

Johannes Quaas is a Professor of theoretical mete-
orology at Leipzig University, Leipzig, Germany. He
specializes in clouds and climate, with expertise in
atmospheric modeling and satellite remote sensing,
as well as in biodiversity-climate interactions. He
was the lead author for the recent assessment report
by the Intergovernmental Panel on Climate Change.

Heike Kalesse-Los received the Ph.D. degree in
meteorology from Johannes Gutenberg University,
Mainz, Germany, in 2010.

She was a Post-Doctoral Researcher with McGill
University, Montreal, QC, Canada, from 2011 to
2014. She is a Professor of Arctic climate change
and remote sensing of the atmosphere at Leipzig
University, Leipzig, Germany. Her research centers
on microphysical process understanding of clouds
and precipitation formation around the globe, with
a focus on Arctic mixed-phase clouds, Southern
Ocean clouds, and trade-wind clouds. In her work, she combines synergistic
profiling of the atmosphere with active and passive remote sensing instruments
with machine-learning methods to, e.g., exploit cloud radar Doppler spectra
information content for liquid detection and riming occurrence. Recently, she
has also become interested in using atmospheric remote sensing observations
for novel deployments, e.g., in the field of interactions between climate change
and biodiversity change research.




