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Abstract

Ecological studies of pollinators often require long-term and extensive monitoring,
posing a significant cost and limitation to research. Traditional sampling methods of
observation such as sweep netting and pan trapping provide valuable information on
pollinator diversity, but scale poorly when conducting large sampling efforts across
space and time. We introduce “buzzdetect”, our tool to apply deep learning models to
audio data for conducting passive acoustic monitoring on pollinators, and test our
accompanying audio classification model. The model is capable of distinguishing the
buzzing of insect flight from environmental noise with a sensitivity of 27% at a
precision (true positive rate) of 95%. Application of buzzdetect to recordings made in
pumpkin, watermelon, mustard, and soybean reveals differences in timing and
intensity of foraging: foraging occurred the earliest in pumpkins and the latest for

soybean while foraging activity was most intensive in mustard.
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Introduction

Sampling effort is one of the largest costs of carrying out pollinator research.
Ecological systems often have low signal to noise ratios, which demands extensive
sampling to overcome. This issue is compounded for studies that seek to characterize
patterns in space (e.g., edge effects, habitat fragmentation, population distribution)
or in time (e.g., foraging patterns, population dynamics). Studying these effects
requires sampling across many points in space or over longer periods of time. The
labor and expertise required for sampling can quickly become the limiting factor of a
study’s sample size, hampering the ability to discern patterns of pollinator activity

with sufficient resolution.

Insect sampling methods can be generally divided into two categories: active and
passive. In active methods, the researcher must be present during the course of
sampling. Two of the most common active methods of pollinator monitoring are
visual observation and sweep netting. Visual observation is appealing for the ability
to confirm foraging events on flowers, ensuring that sampled insects are indeed
pollinators of the plant in question and not incidental visitors. In contrast, sweep
netting affords finer taxonomic resolution and has repeatedly been shown to capture
a high abundance and richness of pollinators (Baum and Wallen 2011, Popic et al.
2013, Prendergast et al. 2020). The downside to both of these methods is their
time-intensiveness. Because a researcher must be present for the entire duration of
sampling, active methods are prohibitively costly for studies that are large in spatial
or temporal scale. Passive methods capture insects without the attendance of the
researcher. The most common passive method for pollinator monitoring is pan
trapping, which allows a single researcher to deploy numerous bee bowls, leave them
for the desired duration, and then retrieve and identify samples at leisure. This
facilitates extensive sampling across points in space and can capture species across a
duration of interest, but it does not improve temporal resolution. To distinguish
patterns across time, the researcher must reset the traps at each time point. For
example, to measure foraging on an hour-by-hour basis, the researcher must return
to every study site at every hour to reset traps, which diminishes the advantage of
passive monitoring and may be impossible for large scale studies. Further, the

capture of pan traps is itself a function of local floral abundance. When there are few
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flowers in the local environment, the bowls, which imitate the color of flowers,
become relatively more attractive than when surrounding resources are plentiful
(Wilson et al. 2008, Baum and Wallen 2011, Popic et al. 2013, Kuhlman et al. 2021,
Westerberg et al. 2021). This is a consequential flaw if floral abundance varies
across study sites or as the result of an intervention. This bias can be so strong as to
completely invert the measured trend of pollinator abundance. St. Clair et al. (2020)
found that the number of honey bees captured by pan traps in soybean fields was
low during soybean bloom, then increased dramatically when flowering ended. This
pattern is implausible, as the authors note, and indeed the opposite trend has been
found when sampling with methods not suffering this bias (Souza et al. 2023,
Forrester et al. 2024). Finally, after the bouts of sampling have concluded, both
sweep netting and pan trapping generate samples of insects that require taxonomic

expertise and a significant investment of time to process and identify.

Bioacoustic monitoring offers a promising solution to the above shortcomings. This
method detects and identifies organisms by the sounds they produce, allowing
recording devices to be deployed at scale as easily as pan traps while offering fine
temporal resolution. Because recorders should not attract pollinators, their sampling
1s not confounded with resource abundance in the local landscape. Most importantly
for large-scale studies, the analysis of audio data can be automated through the use
of machine learning by building models that identify the sound signatures of species
of interest. This is the basis of passive acoustic monitoring, which seeks to answer
ecological questions through automated monitoring (Ross et al. 2023). Acoustic
monitoring has seen rapid adoption in avian systems (Xie et al. 2023), aquatic
systems (Parsons et al. 2022), and whole-soundscape analysis (Nieto-Mora et al.
2023, Turlington et al. 2024). A recent landmark in the field was the release of the
Cornell Lab of Ornithology’s powerful avian identification model “BirdNET” (Kahl et
al. 2021), which has received hundreds of citations in the few years since its
publication—in no small part because of their open-sourcing of their model weights

and accessible analysis software (BirdNET Team 2025).

Entomological bioacoustics has seen little development relative to these systems.
Kohlberg et al. (2024) recently reviewed publications using bioacoustics for insect
detection and identification. The authors identified 49 papers employing automated

bioacoustics to monitor insect populations, the earliest being a floppy-disk-based


https://doi.org/10.1101/2025.06.13.659554
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.06.13.659554; this version posted June 19, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY 4.0 International license.

system in 1978, but the majority (28 papers) being published since 2020. Gradisek et
al. (2017) , Ribeiro et al. (2021) and Ferreira et al. (2023) tested a number of
different algorithms capable of classifying recordings of bumble bee flight or
sonication buzzes according to species. However, while these models are impressive,
they are not suitable for passive acoustic monitoring because they are not designed
to distinguish insect sounds from environmental noise. Rather, they are designed to
be run on input audio known to contain a bumble bee buzz. Additionally, to our
knowledge, only the models from Ferreira et al. (2023) are publicly available
(Ferreira 2025). There also exist some models suitable for passive monitoring. Folliot
et al. (2022) produced a convolutional neural network capable of distinguishing
insect buzzes from environmental noise, but to the best of our knowledge the model
was not made public. Miller-Struttmann et al. (2017) produced a model based on
Computational Auditory Scene Analysis (Heise et al. 2017). The model is capable of
distinguishing bumble bees from environmental noise, but while the model
definition is given in Heise et al. (2017), the model itself is not available for
download. The startup company BeeHero produces the Pollinator Insight Platform
that appears to operate on a very similar principle as buzzdetect, but it is offered as
a commercial service for agriculture and is not developed as a research tool. Of the
papers reviewed by Kohlberg et al. (2024), none provided both (i) a readily available
algorithm capable of distinguishing insect buzzes from environmental noise and (i1)
a tool capable of applying such an algorithm to long-duration field recordings. The
goal of this work is to produce a machine learning model capable of detecting insect
buzzes for pollinator monitoring, develop an accompanying tool to apply the model to
large audio datasets, and apply it to pollinator monitoring in four bee-attractive

crops: pumpkin, watermelon, mustard, and soybean.
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Methods

Training dataset

Figure 1. An example of a recorder deployed in soybean.

Alt text: a Sony recorder strapped to a plastic fence post and deployed low in the

foliage of a soybean field.

We produced the training audio for the machine learning model according to
bioacoustics methods developed by Forrester et al. (2024). In brief, handheld Sony
ICD-PX370 recorders were fastened to plastic electric fence posts, set at the height of
the flowers of interest, and left to record for several days (Figure 1). All training
audio was produced in soybean fields during flowering in central Ohio. Audio events
were manually annotated to serve as training data for the machine learning model

(see Table 1 for audio event labels). Audio events were identified by listening to the
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recordings while inspecting the spectrogram and comparing putative buzzes to

reference audio. In total, roughly 24,000 seconds of annotations were generated.

We labeled around 2,500 seconds worth of buzzing insect flight in the training data.
Because it was not possible to rigorously identify insects from the audio alone, we
grouped buzzes into three broad categories according to the pitch relative to the buzz
of honey bee flight, about 230Hz (Altshuler et al., 2005), for which we had the best
reference audio. 8% of the training data for insect buzzes was from buzzes with a
pitch higher than honey bees, 58% from medium-pitched buzzes (those that we found
to be a good match to our reference audio), and 33% from buzzes with a lower pitch.
For training, we conflated all buzz pitches into the single label “ins_buzz” to
maximize training data and because we found that classification performance was

superior when combining these classes.
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Table 1. Breakdown of training class volumes. Values in the “label” column correspond to the

labels used in buzzdetect model training and output.

label description events seconds

ambient_background Uneventful background noise 1,503 5,322
mech_auto Cars, trucks, motorcycles 1,268 5,106
mech_plane Jet planes, propeller planes 149 4,465
ins_buzz Any insect flight buzz 1,570 2,508
ins_trill Crickets and cicadas 336 1,915
ambient nojse  Loud amblent nofses scraping 1414
mech_hum g/iz?l?i(;nous mechanical 63 1,283
ambient_rain Rain and thunder 54 1,141
human Etlilgn}izrvocalization; talking, 943 675
frog Any calling frog 201 310
mech_siren Emergency vehicle sirens 161 176
mech_train Train horns 83 100
bird_goose Canada goose calls 27 31

Model training

We employed transfer learning to train a convolutional neural network using a

relatively small volume of data. In brief, this technique entails acquiring a
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pre-trained, general-purpose model and retraining a small part for a specific task
rather than attempting to train an entire model from scratch. The general structure
for model training followed the “Transfer learning with YAMNet” tutorial by the
Google TensorFlow team (TensorFlow Authors 2022). We used the pre-trained audio
classifier YAMNet (Plakal and Ellis 2025), which was trained on the AudioSet
corpus (Gemmeke et al. 2017) to classify audio into 521 events. However, these
events are largely irrelevant to pollinator study systems. We created our own model
in order to fine-tune detection for field audio. Our model essentially replaces the
final layer of YAMNet, which performs classification. We use the values from the
second-to-last layer of YAMNet (the embedding layer, see TensorFlow Authors 2022)
as the input and connect these values to 8 output neurons corresponding to our
events of interest (see Table 1). We then trained our model by applying YAMNet to
our training dataset, extracting values from the second-to-last layer, and training

our model on the extracted values.

buzzdetect

Accompanying the model, we developed a Python-based tool to facilitate the analysis
of large volumes of audio data. We call the tool “buzzdetect” (stylized in the lower
case). To accelerate analysis, buzzdetect employs parallel processing and optional
processing on GPU. Audio files to be analyzed should not require any preprocessing:
we use the packages soundfile (Bechtold 2025) to read a wide variety of file formats
and librosa (McFee et al. 2023) to resample audio in-memory to the appropriate
sample rate. On budget hardware (Intel Core 17-2600 8-core CPU, NVIDIA GeForce
GTX 1650 GPU, 7200 RPM Western Digital HDD), we see an analysis rate of

roughly 1,400%, analyzing an hour of audio in under three seconds.

YAMNet segments input audio into discrete 0.96-second “frames” and performs
classification on each frame. Thus, for each input audio file, buzzdetect outputs
model results to a CSV file as follows: each row corresponds to a single audio frame,
a “start” column records the timestamp of the start of the frame in seconds, and a
column for each output neuron records the activation value of the neuron for that

audio frame.

An output neuron’s activation is a measure of the model’s confidence that the

neuron’s corresponding event is present in the input data. Thus, where the ‘ins_buzz’
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neuron activation is high, we expect to hear the buzz of insect flight. The researcher
then sets a threshold above which to call detections. The choice of a threshold value
is a subjective one; higher or lower thresholds may be desired depending on how the
researcher values the trade-off between the sensitivity and its precision. We use
sensitivity to mean the probability of a detection given the occurrence of insect flight
buzzing in the frame and precision to mean the probability that a buzz is present in
the frame given a detection (the true positive rate). A higher threshold is more
conservative; it will produce a higher precision (called detections are more likely to

be true) at the cost of sensitivity (true buzzes are less likely to be called).

Model validation

To evaluate the model’s performance in a realistic, long-term context, we selected a
small subset of audio files from our previous unpublished work in four crops planted
in central Ohio: pumpkin, watermelon, mustard, and soybean. None of the audio
used for evaluation was part of the model’s training set and all of the validation
recordings were conducted at different sites than the training recordings. This
provides a truly out-of-sample test set with real-world audio event distributions and

distinct environmental noise profiles.

Each of these studies followed the bioacoustic methods developed by Forrester et al.
(2024) and described in the “Training dataset” section above. From each experiment,
we selected audio from four randomly selected recorders on a single day near the
middle of the flowering period of the crop: August 8, 2024 for pumpkin, July 27, 2024
for watermelon, September 9, 2024 for mustard, and August 10, 2023 for soybean.
This produced four 24-hour recordings from each crop for a total of 16 recordings. We
then selected one recording per crop and manually annotated the audio events
contained in the first five minutes of every hour of the recording from 6:00am to
8:00pm. This produced a total of 60 manually annotated time periods for comparison
to the buzzdetect model. Our annotations for the validation data followed the same
labeling scheme as for the training data. We matched every frame of the buzzdetect
results to their corresponding annotations in order to calculate sensitivity and
precision. In this way, we evaluated overall model performance as well as

performance for each crop and for each buzz pitch.
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Application

To simulate a research application of buzzdetect, we applied the model to the full
24-hour recordings. We used a threshold corresponding to 95% specificity, as
determined by our validation results, and calculated the detection rate across time
by binning results into 10-minute bins and dividing the number of positive frames by
the total number of frames in the bin. Using the R (R Core Team 2025) package
ggplot2 (Wickham 2016), we plotted the trend of each recorder across the day to

show the pattern of diel foraging in each crop.

We tested for differences in the average foraging intensity in each crop by
calculating the average detection rate across the course of the day and regressing
this against crop type in a beta regression using the R package betareg (Cribari-Neto
and Zeileis 2010). To correct for differences in the model’s sensitivity in different
crops, we scaled each recorder’s detection rate according to crop sensitivity as
determined during model validation. Differences were tested in a pairwise post-hoc

test using the pairs.emmGrid function of the package emmeans (Lenth 2024).

We tested for differences in the timing of foraging in each crop by determining the
10-minute bin with peak foraging for each recorder. We expressed the time of day as
a decimal with 0 and 1 representing midnight and 0.50 representing noon. Time of
peak foraging was regressed against crop type in a linear model using the base R
function Im (R Core Team 2025) and differences between crops were again tested
with a pairwise post-hoc test using the pairs.emmGrid function of the package

emmeans (Lenth 2024).
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Results

Annotation

Table 2. The distribution of buzz pitches from manual annotation, given in

seconds and as a percentage of the total buzzes for that crop.

buzz pitch
crop high (sec) medium (sec) low (sec) total (sec)
pumpkin 88 (42.5%) 67 (32.3%) 53 (25.3%) 208
watermelon 12 (11.1%) 79 (75.5%) 14 (13.3%) 105
mustard 9 (0.4%) 2138 (99.6%) 0 2146
soybean 1 (0.1%) 1138 (99.9%) 0 1139

We observed a continuous hum of insect buzzing in mustard from 10:00am—2:00pm
and in soybean from 12:00pm—2:00pm. The spectrogram for this hum was enriched
in bands that matched the medium buzz pitch; all audio was considered positive for

medium buzzes at those times.
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Model Validation
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Figure 2. Comparison of model sensitivity (probability of buzz detection given a
true buzz in the audio) and precision (probability of a true buzz in the audio given

a buzz detection) across a range of threshold values.

Alt text: A line graph showing that as threshold increases from negative three to
positive one, sensitivity decreases from nearly one hundred percent to zero
percent and precision increases from twenty percent to one-hundred percent. At a
threshold of minus one, the precision is about ninety-five percent and the

sensitivity is about twenty-five percent.

Averaged across all crops and buzz pitches, the model could detect buzzes with a
95% precision and 27% sensitivity at a threshold of -1.1. At this threshold, the model
was most sensitive to medium-pitched buzzes (26%) and low-pitched buzzes (24%),
and insensitive to high-pitch buzzes (0%). This relationship was similar across
thresholds.
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Figure 3. Comparison of sensitivity and precision in different crops.

Alt text: Two line graphs. The first shows that at a threshold of negative one,
precision is above ninety-five percent for all crops but watermelon, which has
about eighty percent precision. The second shows that sensitivity is highest for
mustard and soybean around twenty five percent and lower for watermelon and

pumpkin around ten percent.

Model performance varied by crop (Figure 3). At the average 95% precise threshold
of -1.1, the precision in pumpkin was 89% and the sensitivity was 9%; in
watermelon, the precision was 80% and sensitivity was 12%; in mustard, the
precision was 95% and the sensitivity was 31%; in soybean, the precision was 96%

and the sensitivity was 26%.
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Application
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Figure 4. Activity curves for each of the four recorders for each crop. Detection
rate is calculated in 10-minute bins. Hash marks on the X axis represent peak

foraging time of one of the recorders.

Alt text: A line graph showing that pumpkin has high activity around eight in
the morning, watermelon and mustard have high activity shortly before noon,

and soybean has high activity around one in the afternoon.

Foraging activity varied considerably between recorders in the same crop (Figure 4).
One recorder in watermelon showed much greater activity than the others, with
3,202 detections over the 24-hour period while the other recorders averaged around
340. This difference was genuine, not a model artifact, as a review of the audio
around peak foraging confirmed the presence of many buzzes. Even in mustard
where the four recorders showed the most consistent trend in foraging activity,

detection rates spanned a range of roughly 0.50 during the period of peak activity.
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Mustard showed significantly higher foraging than soybean and pumpkin (both z >
5.9, both p < 0.001), but not higher foraging than watermelon (z = 2.1, p =0.14). The

lack of difference with watermelon was driven by one recorder with an unusually

high detection rate; after removing the data from this recorder, the difference

between mustard and watermelon was significant (z = 11.4, p < 0.001). The other

crops did not significantly differ from one another in average detection rate.

These results also reveal differences in the timing of foraging between these crops.

With the exception of watermelon and mustard (¢ = -0.4, p = 0.98), each crop differed

from all other crops in the timing of peak foraging (all p < 0.05).

Threshold: -1.2
Sensitivity: 30%

Precision: 92%

Threshold: -0.2
Sensitivity: 11%

Threshold: 0.8
Sensitivity: 1%
Precision: 100%

Precision: 100%

A
\ " pumpkin
. & /&ﬁ\ watermelon
relative
detection
rate
mustard
« f |
Aﬁ&& i \ soybean
\ _ QLMJ\%MG V..

6 am 12 pm 6 pm 6 am 12 pm 6 pm 6 am 12 pm 6 pm

Figure 5. Trends in activity curves are similar even when sensitivity drops very
low. The Y-axis is lacking values because detection rates have relativized for each

panel to better visualize the trend.

Alt text: A line graph showing the same trends as in Figure 4, now repeated
multiple times at different threshold values. As the threshold increases,
sensitivity decreases to one percent. However, the foraging trends look similar

even as sensitivity decreases.
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Discussion

The diel patterns of foraging in different crops captured by buzzdetect are
corroborated by existing literature. Foraging in watermelon (Njoroge et al. 2010, Di
Trani et al. 2022, Korichi et al. 2025), pumpkin (Ali et al. 2014, Phillips and
Gardiner 2015) and other cucurbits has been shown to peak early in the morning
and taper off by midday, while foraging in soybean sees a more gradual onset and
offset later in the day (Chiari et al. 2005, Blettler et al. 2018, Jung et al. 2020, Souza
et al. 2023, Forrester et al. 2024). The trend in mustard is less distinct, but a midday
bloom with high visitation is also supported by existing literature (Mandal et al.
2018, Gautam et al. 2022, Adlin Prajula et al. 2023, Priyadarshini et al. 2025). In
part, these differences are likely due to floral attractiveness and phenology, but
these data were collected in different locations at different times of the year. With
this small sample, we seek to demonstrate the potential of buzzdetect to identify
foraging patterns rather than to draw firm conclusions as to their drivers in these

particular crops.

An important caveat in interpreting the sensitivity value is that it is calculated in
terms of audio frames, not buzzes. However, a buzz might span multiple frames.
Insect buzzes in our annotations lasted about 1.5 seconds on average, which would
be expected to span 2.6 frames given a random position in the audio framing. Thus,
using our model’s per-frame sensitivity of 27% the probability of missing a detection

in all three frames is closer to 0.73%¢ = 0.45, a per-buzz sensitivity of 55%.

We found that the general trend of activity over the course of the day looks similar
even at remarkably low sensitivities (Figure 5). In part, this is likely due to the
difference between per-frame and per-buzz sensitivity. Additionally, over the course
of an entire day, even a small sample of buzzes is sufficient to capture an informative
trend. At a precision of 95%, the number of detections our model produced in a day
averaged across the four crops was about 2,800. Comparing this to the normal
abundance of capture in pan traps and sweep nets, the realized sensitivity of this
method may be comparable to other sampling methods. For example, Hudson et al.
(2020) found that only about 20% of bees that approached a pan trap were
successfully captured by the trap.
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Considerations

While our model can detect insect buzzes, it is not able to identify the insect
producing the buzz. Distinguishing between species by their flight buzzes is a more
challenging task than discriminating buzzes from environmental noise, and
preliminary testing showed that our volume of training data was not sufficient to
train a model to make such a distinction. Prior work has produced models capable of
classifying insects given a positive example of a buzz (Gradisek et al. 2017, Ribeiro
et al. 2021, Ferreira et al. 2023), and buzzdetect could serve as a first-pass to extract
portions of audio positive for buzzes to then be identified by these more specific

models.

While the model’s sensitivity to low and medium buzzes was comparable, high
buzzes were very unlikely to produce a detection. This implies that model
performance will differ between pollinator assemblages. Indeed, sensitivity varied by
crop type (Figure 3), which appears to be driven by differences in pollinator
composition (Table 2). The model showed least sensitivity in the crops with the most
high-pitched buzzes. While it may be possible to address this shortcoming by further
sampling of underrepresented classes, a similar problem is inherent to all
bioacoustics applications: louder and more active organisms are inherently easier to
detect. For a given level of sound energy, the buzz of a bumble bee propagates
farther than the buzz of a mosquito. The bird that sings incessantly will produce

more detections than the one that remains silent.

Imperfect detection pervades all sampling methods (Chen et al. 2013, Kellner and
Swihart 2014), but it is not without redress (Royle et al. 2005, Guillera-Arroita
2017). It 1s beyond the scope of this article to fully address imperfect detection
arising from bioacoustics (see Ducrettet et al. 2025 for detailed discussion), but we
offer two recommendations for interpreting buzzdetect results. First, a small
subsample of audio from an experiment can be manually validated to calibrate
model results for differential sensitivity, as we did in our average foraging analysis.
Second, bioacoustic monitoring can be supplemented with smaller bouts of
traditional sampling. A light sampling effort with visual observation or sweep
netting could provide a ground-truth with which to compare acoustic detections,
while still capitalizing on the labor savings of automated monitoring. These methods

complement one another: bioacoustics provides intensive, time-rich, automatic
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monitoring while traditional trapping provides rich taxonomic information and

direct observation of pollinator activity.

Like all sampling methods, our passive acoustic monitoring method is not without
trade-offs. In some applications, these trade-offs may not meaningfully impact the
results: deployment in patches where one species is the predominant forager, where
pollinator assemblage is constant, or in order to examine the timing, but not
intensity, of insect activity. In other applications, we suggest that bioacoustic
sampling be supplemented with other sampling methods. Passive acoustic
monitoring is a rapidly evolving field and we believe buzzdetect is a promising first
step in enabling automated, long-context, and large-scale monitoring of pollinators.
Buzzdetect is available at github.com/OSU-Bee-Lab/buzzdetect.
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