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Simple Summary: In this study, we explored how the wingbeat frequency of flying insects changes
with air temperature. By analyzing over 300,000 insect observations using a near-infrared light sensor
made during an eight-month field experiment, we observed that flying insects increase their wingbeat
frequency when air temperature rises and that this trend was even more significant for insects with
naturally higher wingbeat frequencies. Based on our findings, we developed a model to predict
how wingbeat frequency typically changes with temperature. This model is designed to improve the
precision of insect clustering, often used with entomological optical or acoustic sensors. Although it
may not account for the unique responses of specific insect species to temperature variations, this
empirical approach provides a general insight into the relationship between wingbeat frequency and
temperature, which can be used to improve the effectiveness of insect classification from photonic or
acoustic sensors.

Abstract: This study examines the relationship between the wingbeat frequency of flying insects
and ambient temperature, leveraging data from over 302,000 insect observations obtained using a
near-infrared optical sensor during an eight-month field experiment. By measuring the wingbeat
frequency as well as wing and body optical cross-sections of each insect in conjunction with the
ambient temperature, we identified five clusters of insects and analyzed how their average wingbeat
frequencies evolved over temperatures ranging from 10 ◦C to 38 ◦C. Our findings reveal a positive
correlation between temperature and wingbeat frequency, with a more pronounced increase observed
at higher wingbeat frequencies. Frequencies increased on average by 2.02 Hz/◦C at 50 Hz, and up to
9.63 Hz/◦C at 525 Hz, and a general model is proposed. This model offers a valuable tool for correct-
ing wingbeat frequencies with temperature, enhancing the accuracy of insect clustering by optical
and acoustic sensors. While this approach does not account for species-specific responses to tempera-
ture changes, our research provides a general insight, based on all species present during the field
experiment, into the intricate dynamics of insect flight behavior in relation to environmental factors.

Keywords: wingbeat frequency; temperature; optical sensor; acoustic sensor; monitoring; clustering;
environmental factors; field experiment

1. Introduction

Over the past decade, there have been notable interest and advancements in the de-
velopment of new technology based on optical and acoustic sensors. These technologies
try to address the overall lack of abundance data on insect populations [1,2] and hold
potential for applications in agriculture, where pest monitoring and the decline of polli-
nators are critical, and in public health, for vector control strategies. Among these new
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methods are various optical sensors [3–13], including entomological lidars [7,9,14–21] and
radars [22–31], as well as acoustic sensing [32–34]. Smart traps, imaging technologies, and
computer vision [35–42] also offer alternative ways to track and evaluate insect abundance,
while some instruments coupled these observations with lethal lasers to directly eliminate
pests [43–51]. Often, the analysis of the data provided by these instruments uses machine
learning tools to identify insects [7,15,32,52–55]. This approach has highlighted the wing-
beat frequency as a significant predictor variable for identifying and discriminating among
flying insect species.

While the core technologies often originate in physics, applied optics, and computer
science, their applications are directly aimed at addressing pressing needs in entomology,
specifically in the monitoring of insect abundance. Optical and acoustic sensors currently
do not offer the same level of taxonomic resolution compared to traditional capture-based
methods. However, as demonstrated in this article, they are capable of monitoring thou-
sands of insects per day [4]. This capability significantly enhances the statistical power
and temporal resolution of abundance measurements. They provide a critical trade-off by
allowing for continuous, automated operation over extended periods, which drastically re-
duces labor requirements and associated costs. The challenge of achieving finer taxonomic
resolution with these technologies is well recognized and is a subject of ongoing research
within the entomological and technological communities. Efforts to refine taxonomic reso-
lution include improving the clustering of insect species derived from the data collected by
these instruments.

Wingbeat frequency, a parameter that plays a role in various biological and ecological
functions, including mating and thermoregulation [56–62], is one of the main features used
for clustering. The accurate interpretation and utilization of wingbeat frequency data are
contingent upon a comprehensive understanding of its dependency on environmental fac-
tors, most notably temperature. In addition to being related to air density, temperature has
been shown to influence insect muscle function and, by extension, wingbeat frequency [63].
Thus, this work contributes to the ongoing effort to refine the clustering of data collected by
acoustic and optical sensors by providing a broad model of the temperature dependency of
wingbeat frequency suited for large clusters of unknown species.

In light of these considerations, this contribution aimed to provide an empirical
analysis of the temperature dependency of wingbeat frequency among flying insects and
provide a general model for the correction of the wingbeat frequency of insects as a
function of the air temperature. To achieve this, we conducted a comprehensive 8-month
observational campaign in New Jersey, USA, utilizing a bistatic optical sensor to collect
data on over 302,000 insect observations directly in the field [4]. This vast dataset includes
detailed recordings of wingbeat frequencies, but also synchronized measurements of
atmospheric conditions, specifically temperature and relative humidity, at the time of each
observation. The relationship between wingbeat frequency and temperature has been
explored in a few studies, albeit often within the context of a specific insect family, genus,
or species, for example, with Culicidae [64,65], Periplaneta [66], Diptera and Apidae [67],
Coleopterida [68], and Lepidoptera [69], to name a few. By analyzing data from the many
insect species naturally present at the field location, this work offers a broader view of how
temperature influences wingbeat frequency across a wide array of insect taxa. While this
generalized approach may be less accurate for a specific species, this correction may enhance
the clustering and discrimination of insects using wingbeat frequency, particularly in
applications involving optical or acoustic sensors that suffer from low taxonomic resolution.

2. Materials and Methods
2.1. Entomological Bistatic Optical Sensor System (eBoss)

The optical sensor used in this study is named the Entomological Bistatic Optical
Sensor System, or eBoss. It operates as a bistatic device, featuring a transmitter and a
receiver that can be placed from 1 to 100 m apart, with a specific distance of 36 m in this
current study. Figure 1 illustrates that the transmitter component houses a continuous
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near-infrared (NIR) laser diode (CPS980, Thorlabs, Newton, NJ, USA), which operates at a
power of 5 mW and emits at a wavelength of 980 nm at 20 ◦C. The laser outputs an elliptical
beam that is then shaped into a circular Gaussian beam via an anamorphic prism pair that
has a 3× magnification factor. This beam is then expanded by being directed first towards
a concave mirror and then reflected by an off-axis parabolic (OAP) gold mirror. The OAP
mirror specifically reflects the beam’s central portion, with a diameter of 50.8 mm, filtering
out the beam’s peripheral areas to achieve a consistent energy density along the beam’s
path (also referred to as “flat top approximation”). The laser beam is maintained at a height
ranging from 20 to 80 cm above the ground and is aimed at the receiver’s converging lens,
which has an effective focal length of 40 cm. After passing through a spectral bandpass
filter (950–1000 nm wavelength), the focused light reaches a silicon amplified photodetector
(PDA36A2, Thorlabs, USA). The optical signal is captured at a sampling rate of 30,517 Hz
by a 16-bit digitizer (M4i4420- × 8, Spectrum, Hackensack, NJ, USA) with a 3 V range.
This data acquisition setup is linked to a standard desktop computer (Dell Technologies,
Round Rock, TX, USA), which is connected to a 4G LTE router allowing for remote system
monitoring. Additionally, a weather station (WS-1002-WIFI, Ambient Weather, Chandler,
AZ, USA) is located approximately 15 m from the receiver to track weather conditions every
minute. The eBoss was set up in a field in Secaucus (Hudson County, NJ, USA) bordered
by a woodlot of roughly 1 hectare. Grass was mowed when necessary to prevent it from
interfering with the laser beam. The device was deployed on 20 April and collected data
until 21 December 2022.
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Figure 1. Optical layout of the eBoss instrument.

2.2. Data Analysis

The recorded signal represents the light intensity that reaches the detector located on
the receiver end. As an insect passes through the laser beam, various parts of the insect,
including its body and wings, scatter, diffract, and absorb a portion of the incoming light.
This interaction causes a notable rise in optical extinction along the beam’s path, resulting
in a decrease in the baseline signal level, often resembling a Gaussian shape. This reduction
in the signal, known as a transit signal, is characterized by fluctuations in amplitude due to
the rapid flapping of the insect’s wings. An illustration of this type of signal can be seen
in Figure 2a. By performing a fast Fourier transform (FFT), the wingbeat frequency of the
insect can be retrieved, as shown in Figure 2b.

Furthermore, by evaluating the relative variation of intensity due to both body and
wings of the specimen, one can determine the optical extinction cross-sections for both
wings and body. When no target is present in the laser beam, the detector’s voltage is
labeled as the background signal V0, as illustrated in Figure 2a. Meanwhile, the voltages
recorded while an insect passes through are designated Vw for the wings and VB for
the body; see Figure 2a. With the cross-sectional area A of the laser beam known, the
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optical extinction cross-sections for the wings (σW) and body (σB) can be evaluated utilizing
Equations (1a) and (1b):

σw =
V0 − Vw

V0
× A (1a)

σB =
V0 − VB

V0
× A (1b)

Both VW and VB are evaluated by taking the average of the 10% minimum value.
Finally, the wing-to-body cross-section ratio can be evaluated by the following Equation (2):

σw/b =
σw

σw + σB
(2)
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Figure 2. (a) An example of an optical signal caused by a flying insect; the dotted line at the top
indicates the background signal, lower dotted lines represent the drop in intensity due to the insect’s
body and wings, respectively. V0 represents the background signal, while VB and Vw represent the
body and wing contributions to the measured voltage. (b) Frequency spectrum of the insect signal,
showing the first and fundamental peak corresponding to the wingbeat frequency of the insect
(~180 Hz); the following peaks are the harmonics.

The duration of a transit typically spans about 100 milliseconds, with occurrences
shorter than 10 milliseconds being automatically excluded, while the lengthiest events
may last up to 1 s. Transit events can also be triggered by non-insect entities: any non-
transparent objects with an extinction cross-section larger than approximately a mm2 will
result in a decrease in the signal; such objects are commonly falling leaves, large pollen
grains, water droplets, birds, or any other objects intersecting the laser beam. To identify
insect-specific events, a detection algorithm is employed that detects signal reductions
beyond a specific threshold, utilizing wing patterns to distinguish insects from non-insect
entities. This method has been extensively documented in earlier works [3]. During rainfall,
water droplets produce transit signals that are identifiable from those of insects due to
the lack of frequency components within the 10–900 Hz range. Such events are readily
excluded during light rain, allowing for uninterrupted data collection. Nonetheless, during
medium to heavy rain, the persistent influx of water droplets across the beam obstructs the
identification of potential transits.
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3. Results

During the eight-month period of the study, a total of 302,093 insect transit signals
were recorded. Figure 3 depicts the distribution of insect transit signals based on their
wingbeat frequency and their wing-to-body cross-section ratio. Within this distribution,
several clusters become apparent. To analyze these clusters, a Gaussian mixture model
(GMM) and K-means clustering were used independently to evaluate the optimal number
of clusters. The Bayesian information criterion (BIC) was calculated for cluster counts
ranging from 1 to 10. The results, shown in Figure 3b, include the BIC values for both the
GMM and K-means methods. The optimal number of clusters was determined using the
elbow method and identified using the methodology described in Raghavan et al. [70].
Both GMM and K-means are in agreement and the ideal number of cluster count was
determined to be five. These clusters are highlighted in Figure 3a with black dashed circles.
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K-mean (blue line) methods as a function of the number of clusters, showing the ideal number of
clusters at the elbow point.

The exact species composition of these clusters is unknown; however, both the wing-
beat frequency and wing-to-body cross-section ratios may provide information about the
potential species they include. The first cluster, located in the upper left section of the
figure, comprises insects with relatively large wings in comparison to their bodies and low
wingbeat frequencies, primarily including Lepidoptera (such as butterflies and moths) and
Odonata (dragonflies and damselflies). Clusters two and three encompass insects whose
wingbeat frequencies range from 80 Hz to 250 Hz and whose wing-to-body cross-section
ratios fall between 0.25 and 0.65. These clusters are home to a variety of species from
the orders Diptera (flies), Hymenoptera (bees and wasps), Coleoptera (beetles), Orthoptera
(grasshoppers, crickets), and Neuroptera (lacewings). The two remaining clusters, four
and five, correspond to mainly female and male mosquitoes, respectively. Mosquitoes are
characterized by their high wingbeat frequencies, with females typically ranging between
250 and 400 Hz and males between 350 and 700 Hz. Although some small midges might
also reach wingbeat frequencies over 250 Hz, their wing optical cross-sections are too small
to be detected by the instrument, making their presence in Figure 3a unlikely.

Using the temperature data from the co-located weather station, the timestamp of
each insect transit is used to retrieve the ambient temperature at the time of observation.
Figure 4 presents transit events as a function of both wingbeat frequency and temperature,
showing here again the five clusters visible in Figure 3a.
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For each cluster, the mean wingbeat frequency is computed for every interval of 0.5 de-
grees Celsius, with the outcomes subsequently modeled using a linear fit, as depicted in
Figure 5. Due to the decreased activity of insects at lower temperatures, 95% of the transit
occurrences are observed at temperatures exceeding 10 degrees Celsius [4]. Consequently,
observations recorded below 10 degrees Celsius were omitted due to their averages be-
ing derived from a limited number of events, rendering them susceptible to significant
statistical fluctuations.
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The slope (expressed in Hz/◦C), retrieved from the linear fit of each cluster, and the
average wingbeat frequency of the five clusters at 20 ◦C, are presented in Table 1.

Table 1. Average wingbeat frequency and corresponding slope value for five clusters.

Cluster Number Average Wingbeat Frequency (Hz) Slope (Hz/◦C)

1 50.51 2.02 ± 0.09
2 100.42 3.66 ± 0.15
3 171.33 5.10 ± 0.21
4 290.71 7.69 ± 0.32
5 525.58 9.63 ± 0.40

By using the slope values from each cluster as data points, a generalized temperature–
frequency correction can be determined using a second-degree polynomial fit with
a = −3.605 × 10−5, b = 0.0372, c = 0, as shown in Figure 6 and Equation (3).
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As a result, a general equation for temperature correction can be derived:

fcorrected = finitial +
(
−3.605 × 10−5 × ( f initial)

2 + 0.0372 × finitial

)
×

(
Tre f − T

)
(3)

where fcorrected is the wingbeat frequency after temperature correction, finitial is the wingbeat
frequency measured by the optical instrument, Tre f is the reference temperature, chosen
as 20 ◦C for this study, and T is the air temperature in degrees Celsius, at which the insect
flight observation is made and therefore at which finitial is determined.

As an example of this empirical approach, the raw wingbeat frequency distribution
obtained during this 8-month campaign is presented in Figure 7a, and the same distribution
obtained after correction at 20 ◦C is presented in Figure 7b.
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correction for a reference temperature of 20 ◦C.

4. Discussion and Conclusions

Our analysis focused on the variation in wingbeat frequency with temperature across
multiple flying insect species. Using a near-infrared sensor, the wingbeat frequencies of
more than 300,000 observed insects were retrieved over the course of eight months. Because
the field campaign was conducted day and night from spring to winter 2022, wingbeat
frequency measurements were made over a large range of temperatures, from −5 ◦C to
38 ◦C, although the analysis was conducted only between 10 ◦C and 38 ◦C as very few
insects were flying below 10 ◦C. Signals were regrouped in clusters identified through a
combination of wingbeat frequencies and the wing-to-body cross-section ratios, and the
average wingbeat frequency of each cluster was studied as a function of the air temperature
at the time the signals were measured. From this large dataset, we found that flying insects
increase their wingbeat frequency linearly with increasing temperature and that this trend
was more pronounced in insects with naturally higher wingbeat frequencies.

Our results align well with findings from other studies in the field. Table 2 presents
our findings compared to those of other studies:

Table 2. Comparison of slopes retrieved in other studies with slopes from the model.

Wingbeat
Freq. (Hz)

Slope from
Model (Hz/◦C)

Slope from
Ref. (Hz/◦C)

Species Studied in
Ref. Reference

25 0.81 0.6 Trigona jaty Farnworth [66]
96 2.9 0.17 Popillia japonica Ortelli [68]

120 3.57 2.26 Coleomegilla fuscilabris Ortelli [68]
200 5.47 5.4 Drosophila Unwin et al. [67]
240 6.27 6.98 Periplaneta americana Farnworth [66]
400 8.51 8.4 Ae. aegypti Reinhold et al. [71]
400 8.51 8.5 Ae. aegypti Villareal et al. [72]

However, Unwin et al. [67] looked at other species, notably multiple species of bees
and bumblebees, that led to a negative correlation with temperature. Similarly, Sotavalta in
1963 [73] found that the wingbeat frequencies of A. mellifera and Bombus pascuorum were
independent of temperature. Parmezan et al. [74] also observed several wild bees and
wasps and noticed a positive correlation between wingbeat frequency and temperature in
the data of all species except A. mellifera and N. testaceicornis.

These studies underline the complexity of biological responses to environmental
conditions and the limitation of such a general approach. Notably, the correction factor
may not uniformly apply across all species, as all species of flying insects do not have
the same response to an increase in temperature. Additionally, the general equation
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obtained in this work was derived from a dataset representative of a specific population of
flying insects in New Jersey, raising legitimate questions about its applicability to insect
populations in different geographic locations. Nonetheless, optical and acoustic sensors
used in entomology often struggle with low taxonomic accuracy and typically categorize a
vast number of species into broad clusters. Although there are exceptions, such as bees and
bumblebees, our findings indicate a general trend where wingbeat frequencies increase
with temperature. Furthermore, this increase accelerates at higher wingbeat frequencies,
as modeled by Equation (3) in this study. This insight may enhance the precision of data
analysis achievable with optical and acoustic sensors and contributes to ongoing efforts to
improve their taxonomic accuracy.
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