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Monitoring the abundance of flying
insects and atmospheric conditions
during a 9-month campaign using
an entomological optical sensor

Topu Saha?, Adrien P. Genoud?, Gregory M. Williams? & Benjamin P. Thomas**

Monitoring the dynamics of insect populations is key to assessing the impact of human activities

on insect populations. However, traditional methodologies relying on physical traps have inherent
limitations in accurately monitoring insect abundance. Here, we present findings from a 9-month
campaign conducted in New Jersey, USA, utilizing a near-infrared optical sensor known as eBoss.
From April to December 2022, the eBoss derived the aerial density (insect/m3) and biomass density
(mg/m?3) with a 1-min resolution from a total of 302,093 insect observations. The data collected were
analyzed in relation to air temperature, relative humidity, and wind speed. The results revealed that
the abundance of flying insects exhibited an initial increase from April to June, reaching a peak of
0.094 insect/m? and 1.34 mg/m?3, followed by a subsequent decline towards the end of the year. Our
investigation showed a surge in insect abundance above 12.5 °C, with particularly high levels observed
between 19 and 31 °C. The impact of relative humidity and wind speed on insect populations was also
explored. Overall, this campaign demonstrated the efficacy of photonic sensors in gathering novel
and extensive data for the field of entomology, paving the way for improved understanding and
management of insect populations.

Insects are the most abundant and diverse animal on the planet, playing vital roles in ecosystems, agriculture,
and impacting human society in many ways. They serve as pollinators, decomposers, predators, and contribute
to the food chain of many animals, including humans. The decreasing abundance and diversity of insect species
has become a significant worry among both the scientific community and the general public'~*. Although there
is variability across species, location, and time, several studies indicate a decline in population abundance at a
rate of approximately 1-2% per year*®. The monitoring of insect population is a crucial aspect of entomology,
but the current tools available to researchers are limited in their capability to accurately assess insect abundance.
Researchers commonly use interception traps such as malaise traps or attractant traps that use bait like light,
pheromones, food, or CO,’"1°. While these methods can accurately identify the family, genus, species, and sex
of captured insects through expert identification or DNA barcoding, they have some drawbacks. Traps still
require time-consuming and expensive laboratory analysis where insects must be identified and weighed'®'8. As
aresult, the price and the complexity of operating large networks of physical traps are great barriers in the effort
to continuously monitor insect population over large spatial and temporal scales. Entomologists continue to lack
large-scale and long-term data on abundance and biomass trends. Moreover, the destructive sampling process
used in traps impedes any prospect of significantly scaling up their use. They can have negative impacts on
potentially endangered species, in addition to skewing abundance measurements when a large number of insects
are removed from the ecosystem. We believe that these limitations inherent to traps are significant drivers for
the general lack of data on insect population dynamics, which is now considered a significant issue in the field of
entomology®®?. This “data crisis”, as it is sometimes referred to, poses challenges in assessing ecosystem health,
identifying potential threats to insect populations, and evaluating the effectiveness of implemented policies.
Over the last decade, there has been significant improvement in entomological optical systems and entomo-
logical lidars®!~”. These advancements have the potential to complement trapping techniques and address some
of the limitations associated with collecting abundance data. Specifically, optical systems can observe very large
numbers of flying insects (over 1000/day) without interruption. In two previous studies***, we demonstrated
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that photonic sensors can estimate the aerial density (insect/m?) and the volumetric biomass density (mg/
m?) for months with a temporal resolution in the minute range. While it is not the focus of this study, optical
systems can also retrieve many morphological and optical properties of insects in their field of view, such as
mass, wingbeat frequency and its harmonics, body and wing optical cross-sections, as well as polarimetric and
spectroscopic properties to name a few. These parameters can be used to identify the species, sex group and
even gravidity of specimen?>?%3%%3 transiting through the field of view of the instrument, albeit with lower
accuracy than physical traps.

The present study makes use of an optical sensor developed over the last three years at the New Jersey Institute
of Technology. The sensor is referred to as the Entomological Bistatic Optical Sensor System, or eBoss, and is
designed to monitor the aerial density of flying insects, as well as their volumetric mass density, simply referred
to here as biomass density. This instrument is designed to be simple, affordable (= 2000 USD), automated and
eye-safe. Therefore, it can be easily deployed in public settings. It has the ability to track both aerial and biomass
densities with a 1 min-resolution and operate over long period of time with little to no human intervention.
These features allow for short time scale studies of insect abundance, circadian rhythms, insect behaviors and the
impacts of pesticide applications, to name a few. They also enable long-time scale studies of population dynamics,
decline of insect abundance and the impacts of climate change or public policies.

As previously demonstrated, the eBoss can estimate the mass of individual insects and derives the biomass
density within the volume of air probed by the instrument. The results of this previous study have been published
in A. Genoud et al.??, where additional details about the experimental setup, data processing and analysis are
provided. The system presented in this contribution has been deployed for nine consecutive months from April to
December 2022, during which the evolution of the aerial density and biomass density are measured throughout
the season and studied with respect to atmospheric conditions, such as temperature, relative humidity and wind
speed. To our knowledge this is the first time that metrics related to insect abundance have been monitor with
such high temporal resolution and over such long period of time, demonstrating that entomological photonic
sensors may become a powerful tool to monitor insect populations.

Methodology

Experimental setup. This field experiment makes use of a novel eBoss instrument designed to be eas-
ily deployable in public settings. The eBoss optical layout is presented in Fig. 1. It consists of an emitter and a
receiver sitting between 1 and 100 m from each other (36 m in this study). The laser source in the emitter is
a 5mW continuous laser diode (CPS980, Thorlabs, USA). The laser wavelength is in the near-infrared spec-
tral range, 980 nm at 20°C, and is outside the visible range of insects*. In addition, its intensity is too low to
cause any significant heating, making the laser beam imperceptible to insects. Because the laser beam profile
is initially elliptical, the beam is first transmitted through an anamorphic prism pair with 3x magnification to
obtain a circular Gaussian beam. The beam is transmitted toward a concave mirror and is then reflected by an
off-axis parabolic gold mirror (OAP mirror). Both mirrors act as a reflective beam expander, although only the
center of the beam is reflected by the OAP mirror, so that the wings of the Gaussian beam are not reflected. As
a result, the FWHM diameter of the beam reaches 50.8 mm and the energy density of the laser beam can be
assumed to be homogenous (i.e. “flat top approximation”), this assumption is further discussed in Section “Data
analysis” The spatial profile of the beam taken at its center through its x-axis is displayed in Fig. 2. The beam is
then directed horizontally over a distance of 36 m and propagates between 20 and 80 cm above the ground. The
light is collected by the receiver at the end of the optical path via a large converging lens (¢ 20 cm, =40 cm).
The light goes through a spectral bandpass filter and is then focused onto the active area of a silicon amplified
photodetector (PDA36A2, Thorlabs, USA). The spectral bandpass filter has a transmission above 95% from 950
to 1000 nm wavelength to minimize the contribution of the Sun and other unwanted light sources in the vicinity
of the detector. The 50-nm wide spectral window is chosen to account for changes in laser wavelength due to
large temperature fluctuations over the course of the season. The detector has an effective bandwidth of 90 kHz
and has a large active area (3.6 x 3.6 mm). While it increases the field of view of the receiver, the large active area
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Figure 1. Optical layout of the eBoss deployed during the 2022 field campaign.
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Figure 2. Spatial beam profile of the laser beam (x-axis).

reduces the effect of the laser pointing jitter mainly caused by mechanical vibrations on the emitter side. The
optical signal is recorded at a sampling frequency of 30,517 Hz using a 16-bit digitizer (M4i4420- x 8, Spectrum,
USA) with a 5 V range. The acquisition system is integrated to a regular desktop computer. The system is pro-
tected from wind, rain and snow by a tent on both emitter and receiver sides. The desktop is connected via a 4G
LTE router to transfer control data and monitor the proper functioning of the system. Additionally, a weather
station (WS-1002-WIFI, Ambient Weather, USA) is positioned about 15 m away from the receiver to monitor
the meteorological conditions such as temperature, rain, relative humidity, wind speed and direction as well as
UV radiation level. The eBoss was installed in a field within the city of Secaucus (Hudson County, NJ, USA), it
is approximately 40 x 10 m with tall grass bordered by a roughly 1 ha woodlot. The instrument was deployed on
April 20th, and data was collected until December 21st, 2022.

During the previous 2021 campaign, the beam expansion was achieved using refractive lenses, as showed in
A. Genoud et al.?’. This new version of the eBoss uses a reflective beam expander which significantly reduces
diffraction patterns observed over long distance (< 10 m) and provides a better beam quality than its previous
version, specifically the energy density within the beam is more homogenous leading to better measurement of
the optical cross section of insects and overall better signals.

Data analysis. Figure 3 shows an example of a signal recorded by the eBoss when an insect flies through
the probe volume of the system. The probe volume is defined as the intersection between the laser beam (red
in Fig. 1) and the field of view of the detector (green in Fig. 1). In practice, the probe volume is identical to the
volume covered by the laser beam. In the absence of any target in the probe volume, the recorded signal equals
the voltage corresponding to the flux of photons received by the detector which defines the baseline signal. This

1.58 WW’MM‘ ' ' ' WW

157} ]
S 156} h Vy E
: \
C
g
D 155¢ 1
154} 1
1.53 : : : :
0 20 40 60 80

Time (ms)

Figure 3. Typical signal recorded by the eBoss when an insect transits through the laser beam. The sharp drops
in signal are caused by the rapid movement of the wings during the duration of the transit.
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baseline signal can change by a few percents over the course of a few hours due to variations in sunlight, change
in optical extinction of the probed air or small drift in laser power. When an insect flies through the laser beam,
the measured signal drops as part of the laser intensity is absorbed, diffracted, or scattered by the insect. Due to
the movement of the wings as the insect transits through the beam, the optical attenuation cross section of the
insect rapidly changes, creating sharp drops in signal which occurs every time the wings display a large apparent
surface. These drops are visible in Fig. 3 where eleven wingbeat cycles occur during the transit.

When the insect transits through the probe volume (also referred to as an event), the signal displays a Gauss-
ian-like envelope as the insect enters then exits the probe volume. The transit duration typically lasts around
100 ms, with events shorter than 10 ms being automatically discarded and the longest events approaching 1 s.
Events can also be caused by non-insect targets, such as falling leaves, large pollens, water droplets or any other
object entering the laser beam. In order to detect insect events, a detection algorithm is used to identify drops
in signal below a certain threshold, and the wing patterns are used to discriminate between insects and other
non-insect objects. This algorithm has been thoroughly described previously”. In the case of rain, water droplets
create transit signals that can be distinguished from insect transit signals because of their absence of frequency
components in the 10-900 Hz frequency range. Those events can be effectively discarded for light rain and do
not prevent the proper collection of data. However, with heavy rain, there is a continuous flow of water droplets
through the beam, making it impossible to identify potential transits.

Aerial density. By measuring many events per day, the sensor can evaluate the aerial density of flying
insects. Instead of simply counting the number of transits, this approach considers the time of transit of each
event, related to the flight velocity of the insect. Fast flying insects, such as flies, are more likely to interact with
the instrument as they cover more distance in a given time, but with a shorter time of transit. Slower insects such
as butterflies or moths are less likely to enter the instrument’s field of view but will remain within the beam for
a longer time. As a result, counting events inherently includes a bias toward fast flying insects, and is directly
related to the probe volume of the instrument, making it a relative unit of abundance. The aerial density is calcu-
lated using Eq. (1), where the sum of all transit time is normalized by the duration of the measurement and the
volume probed by the instrument, providing an absolute unit expressed in number of insects per meter cube of
air. This approach has been discussed extensively in A. Genoud et al. and tested using a numerical simulation.

_ Zi At;

Pa= T (1)

where p, is the aerial density expressed in insect/m?, At; is the transit time of event i, and V is the probe volume
of air. T is the duration during which p, is measured and defines the temporal resolution of p,.

Biomass density. Because the cross section of the laser beam is known, the extinction cross section of the
insect expressed in mm? can be derived from the drop in voltage measured by the instrument. Assuming the
energy density of the laser beam as constant within the probe volume, the insect attenuation cross section o; can
be derived by the following equation:

I —Ir

oi=o0p — (2)

Iy
where o7 is the cross section of the laser (= 2027 mm?), I is the signal baseline value and I is the minimum value
of the transit signal. The cross section of the wings and the body can be differentiated by interpolating the local
maximum during the transit signal, allowing for the retrieval of the attenuation cross-section of the wings and the
optical cross section of the body separately (body here referring to all parts of the insects excluding the wings)?®.
The mass m; of an insect i expressed in mg can be retrieved by the following equation:

3/2
mi=1-0;’ (3)

where 1 is a factor allowing to convert the attenuation cross section of the insect into its mass. A previous labo-
ratory study®” demonstrated this approach to be robust and the value for 1 has been found to be equal to 0.157
mg/mm?® for the wet mass of the insect, and equal to 0.075 mg/mm? for the dry mass of the insect. All biomass
densities presented in the result section are based on the dry mass.

The volumetric biomass density of flying insects is then derived similarly to the aerial density by normalizing
the sum of all mass by the time of observation and the total probe volume:

N At
i=1 T "M
Py = v (4)
The time resolution of the aerial density p, or the biomass density pj is defined by T, which can be set to
days, weeks or months to observe their long-term evolution or set to minutes or hours to observe shorter scale
dynamics. The number of observed events, and therefore the retrieved aerial and biomass densities, is subject to
stochastic fluctuations®*?>**41, For this reason, there is a tradeoff between time resolution and uncertainty: high
temporal resolution, in the hour or minute range, may present significant statistical fluctuations on the retrieved
density while a longer time resolution, over days or weeks, may provide more robust results, but at the expanse
of short time scale information.
To evaluate the biomass density, the assumption that the beam energy density is spatially homogenous (flat-
top approximation) is used, however, as seen in Fig. 2, the beam spatial profile is not perfectly flat. Insects
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may transit through various levels of energy density, resulting in a potentially over or underestimated mass. In
addition to this effect, some insects may not fully enter the beam and transit through its edge, resulting in an
underestimation of their mass. Finally, the apparent surface of the insect may change depending on its orientation
when inside the beam, which impacts the retrieved extinction cross section and therefore its retrieved mass. The
overall error resulting from these effects was evaluated when the 7 parameter was retrieved experimentally. The

95% confidence bounds for 1 was (0.065, 0.085 mg/ mm?), leading to an estimated relative error on the retrieved
biomass density of + 13.3%.

Results

Aerial and biomass densities. Using the methodology described in Section “Data analysis”, both the
aerial density and biomass density have been measured throughout the season and the results are displayed in
Fig. 4. Both metrics are displayed using a daily average (T = 24 h) along with the 7-day rolling average, the tem-
perature and relative humidity. During the campaign, a total of 435,980 transits were recorded, of which 302,093
(69.3%) were identified as insect events. The data collection was interrupted multiple times during the campaign
because of multiple power outages, acquisition software or computer malfunctions, and realignment and routine
checkups of the system. In addition, data collected during intense rain or snow events were removed. When the
duration of the interruption remained below 6 h per day, both daily p, and p, were calculated by subtracting its
duration to T. When more than 6h of interruption occurs, the whole day was removed entirely as short periods
of either high or low activity gain excessive weight within that day, leading to sometimes abnormally high or low
densities. The resulting down time over total campaign time was 17.84%, mainly caused by one isolated malfunc-
tion of the instrument during the month of October (representing 55% of the total time down time).

Results show an increase in both biomass density and aerial density starting in April and reaching a maximum
on June 13th and 14th, respectively. The aerial density reaches a maximum of 0.094 insect/m? (or one insect
for every 10.6 m®), while the biomass density reaches a maximum of 1.34 mg/m?>. Past the peak in June, both
densities slowly decrease until December, with a notable sharp decrease in August followed by a slight increase
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Figure 4. Aerial and biomass densities (A and B), and daily temperature and relative humidity (C).
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in September. Differences between the evolution of aerial and biomass densities indicate a change in the average
mass of observed insects, potentially caused by new species emerging or disappearing.

The timestamp of each event allows for the monitoring of the aerial and biomass densities over a 24 h cycle
with a time resolution in the minute range. Figure 5A and B show both p, and pp, over the entire 9-month period
and as a function of the time of day with a 1-min resolution. These figures highlight the ability of entomologi-
cal photonic sensors to monitor insects” activities over extended periods of time with little interruption and
high temporal resolution. Figure 5C presents the color map of the temperature. The sunrise and sunset times
are shown by a grey line. During the spring and fall months, both p, and pj, display low values at night (<0.01
insect/m?® and < 0.1 mg/m?). Warmer summer months show continuous activity at night, with maximal values
around sunrise and sunset time.

Impacts of atmospheric conditions. Insects’ activity is greatly influenced by the temperature of their
bodies, which is almost entirely dependent on the atmospheric conditions**~*°. For each insect event, both the
temperature and relative humidity at the time of transit were recorded, allowing for the retrieval of the average
aerial and biomass densities measured within a given temperature range and/or RH range. Equations (1) and (4)
are used to evaluate the average aerial and biomass densities for a certain range of temperature and RH. In this
case, the duration T is equal to the total time of recording during which the temperature and RH were within
the desired range. Therefore, while there is less data available during certain atmospheric conditions, the aerial
and biomass densities are normalized over time. As a consequence, the occurrence of a given temperature or RH
does not impact the retrieved aerial and biomass densities.

Figure 6A shows the average p, and pp, by 0.5 °C temperature interval from the lowest to highest temperature
recorded during the field experiment (-5 to 40 °C). This figure shows that flying insects’ activity becomes much
more pronounced when the temperature reaches 12.5 °C and above, with 95.7% of all activity recorded above
this temperature. The highest activity was measured for temperatures between 19 and 31 °C, with a maximum
at 26 °C. Both aerial and biomass densities sharply decrease when temperature exceeds 36.5 °C, which is agree-
ment with previous observations*.
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Similarly, the impact of wind speed on aerial and biomass densities was studied. However, the range of wind
speed observed throughout the season is somewhat small, with the maximum wind speed measured reaching
23 km/h. Figure 6B presents the average densities p, and pj, by wind speed interval (1 km/h). The aerial density
appears to decrease with increasing wind speed, with no activity at all past 21 km/h, here as well in good agree-
ment with A. P. Moller’s findings*’.

The heat exchange between insects and their environment is a function of air temperature and the specific heat
capacity of ambient air. The latter is greatly influenced by the relative humidity (RH). Figure 6C and D presents
two colors plots, showing the average aerial density and biomass density found between a given temperature
and RH range. As in Fig. 6A, the same favorable temperature range can be seen, although it appears that for
high temperature (above 30 °C), insects are mostly active for low RH values. This would indicate that with high
temperatures and high RH, insects are either less active or seek cooler environment due to excessive heat.

Discussion and conclusion

In this study, the collection of weather-related data coupled with the high temporal resolution of the eBoss
instrument enables the study of population dynamics as a function of atmospheric conditions. We observed
that high abundance was measured mostly when temperatures were above 12.5 °C. The present study does not
aim at providing an in-depth analysis of how atmospheric conditions may impact insect abundance, however, it
demonstrates that optical sensors coupled with weather stations may be an effective way to collect data to better
understand the complex relationships between weather/climate and insect population dynamics. With growing
concerns that climate change may lead to significant shifts in insect populations, it appears necessary to develop
such tools, and this study aims at demonstrating the potential of such an approach. This work highlights the effec-
tiveness of entomological photonic sensors in continuously monitoring insect abundance over an entire season.
The strengths of this approach, when compared to more common methods based on physical traps, are as follows:

® Firstly, we believe that this approach requires less supervision and personnel than physical traps, both in
operating the instrument and analyzing its data. This can significantly reduce the cost associated with moni-
toring insect populations and opens the possibility of deploying large networks of sensors, allowing for data
collection on insect populations at large temporal and spatial scales.

e Secondly, the recorded data benefits from a much higher temporal resolution compared to traps. Data with a
1-min resolution allows for the study of insect behavior shortly before, during, and after various events, such
as rain or pesticide applications. It also provides a more accurate reading of conditions at the exact time an
insect is observed, as demonstrated in the present study with temperature, relative humidity, and wind speed
that are measured at the exact time when an insect is observed. Additionally, the eBoss can be used to study
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the short-term effects of various parameters that can be controlled by an operator to study insect behavior.
For example, it could measure the impacts of light sources with various intensities or wavelengths, or the
effects of chemicals released in the environment.

Finally, optical sensors offer several benefits, as partially discussed in the introduction, including the ability
to observe a high number of insects, non-destructive operation, minimal downtime, and providing measure-
ments in absolute units such as insects/m® and mg/m°.

On the downside, this approach has the following limitations:

Identifying insects down to the species level remains challenging. While some species and sex groups may
be identified based on their wingbeat frequency and optical properties, certain species may remain indistin-
guishable from others. However, it is worth noting that the issue of identification using optical sensors has
made rapid progress in recent years*>?%*-3338 and it is a relatively new and currently active topic of research.
The biomass density retrieved through this methodology is based on an estimate of the optical extinction
cross section of the insects. Many factors other than the actual mass of the insect influence the retrieved cross
section, such as the beam energy density, the orientation of the insects and its trajectory within the beam, as
discussed in Section “Data analysis”. As a result, the mass estimate of one insect may potentially be under or
overestimated. However, the biomass density is based on the sum of the retrieved mass from multiple transit
signals. The number of transit signals considered to evaluate the biomass density depends on its temporal
resolution. Assuming those effects are random, this statistically reduces their effect and should converge
toward a more accurate value as the temporal resolution goes down.

Any metrics related to abundance, such as aerial or biomass densities, are derived from measurements made
within the probe volume of air and are therefore subject to statistical fluctuations. For instance, a significant
increase in aerial density can be caused by a few insects randomly hovering near the laser beam, leading to
high aerial density readings that may not be representative of the surrounding environment. In general, due
to the highly heterogeneous spatial distribution of insects, moving the instrument a few meters may result
in potentially significant differences in measured abundance. This issue is also present with physical traps;
however, it is widely accepted that traps provide relative measurements of abundance (number of captured
insects) for which the spatial heterogeneity is less of an issue, while optical sensors provide absolute measure-
ments (insects/m?) and is therefore something to take into consideration.

Data availability
The datasets generated and analyzed during the current study are available from the corresponding author upon
reasonable request.

Received: 22 June 2023; Accepted: 15 September 2023
Published online: 20 September 2023

References

1.
2.

3.

10.

11.
12.

13.
14.

15.
16.
17.
18.

19.
. World Health Organization. Global Strategy for Dengue Prevention and Control 2012-2020 (2012).

Ghazoul, J. Buzziness as usual? Questioning the global pollination crisis. Trends Ecol. Evol. 20, 367-373 (2005).

Forister, M. L., Pelton, E. M. & Black, S. H. Declines in insect abundance and diversity: We know enough to act now. Conserv. Sci.
Pract. 1, €80 (2019).

Wagner, D. L., Grames, E. M., Forister, M. L., Berenbaum, M. R. & Stopak, D. Insect decline in the Anthropocene: Death by a
thousand cuts. Proce. Natl. Acad. Sci. U. S. A. https://doi.org/10.1073/PNAS.2023989118 (2021).

. Hallmann, C. A. et al. More than 75 percent decline over 27 years in total flying insect biomass in protected areas. PLoS ONE 12,

€0185809 (2017).

. Conrad, K. E, Warren, M. S., Fox, R., Parsons, M. S. & Woiwod, I. P. Rapid declines of common, widespread British moths provide

evidence of an insect biodiversity crisis. Biol. Conserv. 132, 279-291 (2006).

. Dirzo, R. et al. Defaunation in the anthropocene. Science 1979(345), 401-406 (2014).
. Van Klink, R. et al. Meta-analysis reveals declines in terrestrial but increases in freshwater insect abundances. 10.5281/zenodo

(2021).

. Potts, S. G. et al. Global pollinator declines: Trends, impacts and drivers. Trends Ecol. Evol. 25, 345-353. https://doi.org/10.1016/j.

tree.2010.01.007 (2010).

. Skvarla, M. ], Larson, J. L., Fisher, J. R. & Dowling, A. P. G. A review of terrestrial and canopy malaise traps. Ann. Entomol. Soc.

Am. 114, 27-47. https://doi.org/10.1093/aesa/saaa044 (2021).

McMeniman, C. J., Corfas, R. A., Matthews, B. J., Ritchie, S. A. & Vosshall, L. B. Multimodal integration of carbon dioxide and
other sensory cues drives mosquito attraction to humans. Cell 156, 1060-1071 (2014).

Gibb, T. J. & Oseto, C. Insect Collection and Identification: Techniques for the Field and Laboratory (Elsevier, 2020).

Kawada, H., Honda, S. & Takagi, M. Comparative laboratory study on the reaction of Aedes aegypti and Aedes albopictus to different
attractive cues in a mosquito trap. J. Med. Entomol. 44, 427-432 (2007).

Muirhead-Thomson, R. C. Trap Responses of Flying Insects (Academic Press Inc., 1991).

Mullen, M. A. & Dowdy, A. K. A pheromone-baited trap for monitoring the Indian meal moth, Plodia interpunctella (Hiibner-
Hiibner) (Lepidoptera: Pyralidae). J. Stored Prod. Res. 37,231-235 (2001).

Kline, D. L. Traps and Trapping Techniques for Adult Mosquito Control. https://digitalcommons.unl.edu/usdaarsfacpub/1042
(2006).

Moore, A. & Miller, R. H. Automated identification of optically sensed aphid (Homoptera: Aphidae) wingbeat waveforms. Ann.
Entomol. Soc. Am 95, 1-8 (2002).

Potamitis, I., Rigakis, I., Vidakis, N., Petousis, M. & Weber, M. Affordable bimodal optical sensors to spread the use of automated
insect monitoring. J. Sens. 2018, 1-25 (2018).

Wiihrl, L. et al. DiversityScanner: Robotic handling of small invertebrates with machine learning methods. Mol. Ecol. Resour. 22,
1626-1638 (2022).

Department of Health & Human Services. National Health Security Strategy and Implementation Plan 2015-2018 (2015).

Scientific Reports |

(2023) 13:15606 | https://doi.org/10.1038/s41598-023-42884-7 nature portfolio


https://doi.org/10.1073/PNAS.2023989118
https://doi.org/10.1016/j.tree.2010.01.007
https://doi.org/10.1016/j.tree.2010.01.007
https://doi.org/10.1093/aesa/saaa044
https://digitalcommons.unl.edu/usdaarsfacpub/1042

www.nature.com/scientificreports/

21.

22.

23.

24.

25.

26.

27.

28.
29.

30.

31.

32.

33.

34.

35.

36.

37.
38.

39.

40.
41.
42.
43.
44,
45.

46.
47.

Brydegaard, M. & Svanberg, S. Photonic monitoring of atmospheric and aquatic fauna. Laser Photonics Rev. https://doi.org/10.
1002/1por.201800135 (2018).

Kouakou, B. K., Jansson, S., Brydegaard, M. & Zoueu, J. T. Entomological Scheimpflug lidar for estimating unique insect classes
in-situ field test from Ivory Coast. OSA Contin. 3, 2362 (2020).

Brydegaard, M. et al. Lidar reveals activity anomaly of malaria vectors during pan-African eclipse. http://advances.sciencemag.
org/ (2020).

Genoud, A. P, Torsiello, J., Belson, M. & Thomas, B. P. Entomological photonic sensors: Estimating insect population density, its
uncertainty and temporal resolution from transit data. Ecol. Inform. 61, 101186 (2021).

Genoud, A. P, Basistyy, R., Williams, G. M. & Thomas, B. P. Optical remote sensing for monitoring flying mosquitoes, gender
identification and discussion on species identification. Appl. Phys. B https://doi.org/10.1007/s00340-018-6917-x (2018).
Genoud, A. P, Gao, Y., Williams, G. M. & Thomas, B. P. Identification of gravid mosquitoes from changes in spectral and polari-
metric backscatter cross sections. J. Biophotonics 12, €201900123. https://doi.org/10.1002/jbio.201900123 (2019).

Shaw, J. A. et al. Polarization lidar measurements of honey bees in flight for locating land mines. http://www.rand.org/publicatio
ns/MR/MR1608/MR1608.appg.pdf (2005).

Li, Y. et al. Insect flight velocity measurement with a CW near-IR Scheimpflug lidar system. Opt. Express 28, 21891 (2020).
Genoud, A. P, Saha, T., Williams, G. M. & Thomas, B. P. Insect biomass density: Measurement of seasonal and daily variations
using an entomological optical sensor. Appl. Phys. B 129, 26 (2023).

Genoud, A. P, Williams, G. M. & Thomas, B. P. Continuous monitoring of aerial density and circadian rhythms of flying insects
in a semi-urban environment. PLoS ONE 16, 0260167 (2021).

Li, M. et al. Feasibility of insect identification based on spectral fringes produced by clear wings. IEEE J. Sel. Top. Quantum Electron.
29, 1-8 (2023).

Li, M. et al. Potential for identification of wild night-flying moths by remote infrared microscopy. J. R. Soc. Interface 19, 20220256
(2022).

Miiller, L. et al. Remote Nanoscopy with Infrared Elastic Hyperspectral Lidar. Advanced Science https://doi.org/10.1002/advs.20220
7110 (2023).

Rada, P, Padilla, A., Hordk, J. & Micd, E. Public LiDAR data are an important tool for the detection of saproxylic insect hotspots
in Mediterranean forests and their connectivity. For. Ecol. Manag. 520, 120378 (2022).

Gbogbo, A. Y., Kouakou, B. K., Dabo-Niang, S. & Zoueu, J. T. Predictive model for airborne insect abundance intercepted by a
continuous wave Scheimpflug lidar in relation to meteorological parameters. Ecol. Inform. 68, 101528 (2022).

Rhodes, M. W,, Bennie, J. J., Spalding, A., Ffrench-Constant, R. H. & Maclean, I. M. Recent advances in the remote sensing of
insects. Biol. Rev. 97, 343-360 (2022).

Rydhmer, K. ef al. Automating insect monitoring using unsupervised near-infrared sensors. Sci. Rep. 12, 2603 (2022).

Genoud, A. P, Gao, Y., Williams, G. M. & Thomas, B. P. A comparison of supervised machine learning algorithms for mosquito
identification from backscattered optical signals. Ecol. Inform. https://doi.org/10.1016/j.ecoinf.2020.101090 (2020).

Genoud, A. P, Basistyy, R., Williams, G. M. & Thomas, B. P. Analysis of predictor variables for mosquito species identification
from dual-wavelength polarization-sensitive lidar measurements. In Proceedings of SPIE—The International Society for Optical
Engineering. https://doi.org/10.1117/12.2323432 (2018).

Song, B. M. & Lee, C. H. Toward a mechanistic understanding of color vision in insects. Front. Neural Circuits https://doi.org/10.
3389/fncir.2018.00016 (2018).

Kiihsel, S., Briickner, A., Schmelzle, S., Heethoff, M. & Bliithgen, N. Surface area—volume ratios in insects. Insect Sci. 24, 829-841
(2017).

Digby, P. S. Factors affecting the temperature excess of insects in sunshine. J. Exp. Biol. 32, 279-298 (1955).

Sotavalta, O. Flight-tone and wing-stroke frequency of insects and dynamics of insect flight. Nature 170, 1057-1058 (1952).
Rowley, W. A. & Graham, C. L. The effect of temperature and relative humidity on the flight performance of female Aedes aegypti.
J. Insect Physiol. 14, 1251-1257 (1968).

von Schmalensee, L., Caillault, P, Gunnarsdottir, K. H., Gotthard, K. & Lehmann, P. Seasonal specialization drives divergent
population dynamics in two closely related butterflies. Nat. Commun. 14, 3663 (2023).

Heinrich, B. Thermoregulation in endothermic insects. Science 1979(185), 747-756 (1974).

Mogller, A. P. Long-term trends in wind speed, insect abundance and ecology of an insectivorous bird. Ecosphere 4, 1-11 (2013).

Acknowledgements

Research reported in this publication was supported by the National Institutes of Health under award number
R21AI153732-01A1. The content is solely the responsibility of the authors and does not necessarily represent
the official views of the National Institutes of Health.

Author contributions

Conceptualization: B.P.T. Data curation: A.P.G., T.S., B.PT. Formal analysis: A.P.G., T.S., B.PT. Funding acquisi-
tion: B.PT. Investigation: A.P.G., T.S., B.PT. Methodology: A.P.G., B.P.T. Project administration: BPT. Software:
A.PG., TS. Supervision: B.P.T. Validation: A.P.G., T.S., G.M.W,, B.P.T. Visualization: A.P.G., T.S., B.PT. Writ-
ing—original draft: B.PT. Writing—review & editing: A.P.G., T.S., GM.W,, B.P.T.

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to B.P.T.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Scientific Reports |

(2023) 13:15606 | https://doi.org/10.1038/s41598-023-42884-7 nature portfolio


https://doi.org/10.1002/lpor.201800135
https://doi.org/10.1002/lpor.201800135
http://advances.sciencemag.org/
http://advances.sciencemag.org/
https://doi.org/10.1007/s00340-018-6917-x
https://doi.org/10.1002/jbio.201900123
http://www.rand.org/publications/MR/MR1608/MR1608.appg.pdf
http://www.rand.org/publications/MR/MR1608/MR1608.appg.pdf
https://doi.org/10.1002/advs.202207110
https://doi.org/10.1002/advs.202207110
https://doi.org/10.1016/j.ecoinf.2020.101090
https://doi.org/10.1117/12.2323432
https://doi.org/10.3389/fncir.2018.00016
https://doi.org/10.3389/fncir.2018.00016
www.nature.com/reprints

www.nature.com/scientificreports/

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

Scientific Reports|  (2023) 13:15606 | https://doi.org/10.1038/s41598-023-42884-7 nature portfolio


http://creativecommons.org/licenses/by/4.0/

	Monitoring the abundance of flying insects and atmospheric conditions during a 9-month campaign using an entomological optical sensor
	Methodology
	Experimental setup. 
	Data analysis. 
	Aerial density. 
	Biomass density. 

	Results
	Aerial and biomass densities. 
	Impacts of atmospheric conditions. 

	Discussion and conclusion
	References
	Acknowledgements


