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BugNet: a rapid and scalable
pipeline for automated
Insect monitoring using
hierarchical data

Ari Grele™ and Lora A. Richards?

‘Department of Entomology, University of Wisconsin-Madison, Madison, WI, United States,
2Department of Biology, University of Nevada Reno, Reno, NV, United States

Despite the importance of monitoring insect diversity to ecological and
conservation questions, we lack suf cient technologies to monitor insects at
scale. While research into automated systems for monitoring biodiversity through
camera traps has led to the development of a number of machine learning
approaches for insect monitoring, these tools suffer from a lack of training data
and face challenges in classifying insects in highly diverse systems where the
majority of species are unknown to science. To address these challenges, we
developed BugNet, an automated pipeline for aggregating insect image data from
online databases and training hierarchical classi cation models, and test a large-
scale insect detection model on GBIF and eld images. We show that this system
can be used to rapidly create and validate classi cation models with high accuracy
on internet and eld images. Furthermore, we show that incorporating
hierarchical data into classi cation models improves their ability of models to
handle unknown taxa. These systems are an important step towards a generalized
and scalable insect detection platform. While not capable of monitoring every
dimension of insect diversity, BugNet can be used to accurately classify insects
from camera trap images, and is can be scaled to meet the data needs of larger
ecological and conservation questions.
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Introduction

Insects are major contributors to global biodiversity (Stork, 2018), drive fundamental
ecosystem processes (Friind et al., 2010; Yang and Gratton, 2014), and have been a central
component of human culture (Duffus et al., 2021) and ecology (Flint and van den Bosch,
1981; Evans and Weinstein, 2021) for millennia. Our understanding of insects and
their global impact relies on our ability to observe and monitor them over meaningful
timescales and across ecological and human contexts, from tropical pollinator diversity
(Vizentin-Bugoni et al., 2018) to agricultural pest abundance (Keasar et al., 2023).
As insect populations decline and species loss continues to accelerate (Wagner et al.,
2021; Edwards et al., 2025) under intensifying anthropogenic stressors, our ability to
monitor insect communities is becoming increasingly important. Insect abundance and
community composition are highly dynamic, uctuating over timescales from minutes
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(Lawson and Rands, 2019; Wong and Didham, 2024; Wong, 2025)
to decades (Williams and Simon, 1995; Weisser and Siemann, 2008;
Barbosa et al., 2012). Yet much of this variation and its response to
natural and human driven processes goes unnoticed due to
limitations in our existing monitoring methods. Traditional insect
surveying techniques are labor intensive, requiring signi cant
investment either in direct observations in the eld (Opp and
Prokopy, 1986), or in post-processing of insect specimens (Aman
et al., 2024) or recorded data (Zaller et al., 2015; Gilpin et al., 2017).
These studies can be dif cult to scale when ecological questions or
conservation needs require larger datasets, often forcing researchers
to choose between collecting in-depth data over a narrow scope, or
shallow data over a wide scope.

For example, much of our understanding of pollinator ecology
in the eld is based on short duration surveys, where visitation at
individual owers is observed for less than 30 minutes per plant,
often with multiple days or weeks between observation periods
(Kleijn et al., 2015; Fijen and Kleijn, 2017). In some cases, broad
conclusions about insect behavior are generalized from
observations lasting only a few minutes (Tamburini et al., 2016).
While visual insect surveys outperform passive capture methods
such as pan-trapping (T ai et al., 2007), short observation durations
cannot fully describe insect visitation patterns (Fijen and Kleijn,
2017), or hour to hour and day to day variation in abundance
(Kendall and Nicholson, 2025) and community composition
(Venjakob et al., 2016). Similarly, much of our understanding of
tropical insect diversity relies on traditional trapping methods
which aggregate insects over days to weeks (For example, Janzen
and Hallwachs, 2019; Seymour et al., 2024; Aman et al., 2024),
preventing us from understanding short term variation in insect
abundance or temporal species turnover (Houadria et al., 2016;
Souza et al., 2022; Wong and Didham, 2024).

In the last decade, an increasing need for rapid and scalable
biodiversity monitoring techniques has driven the development of
automated monitoring systems that use machine learning to
supplement (Kelling et al., 2012; Boulent et al., 2023; Campbell
et al., 2023) or replace traditional methodologies (Dyer et al., 2024,
Roy et al., 2024). While these techniques have shown promise in
vertebrate systems, such as large mammal identi cation from
camera trap images (Schneider et al., 2019; Velez et al., 2023) or
bird identi cation (Kahl et al., 2021) from audio recordings,
machine learning methods have been dif cult to apply to insects
due to their overwhelming species diversity. High insect diversity
impacts automated insect monitoring in multiple ways.
Heterogeneity in species distributions leads to high levels of
species turnover that make it dif cult to generalize models trained
on samples from speci c locations to other locations, even over
short spatial ranges (Seymour et al., 2024). This heterogeneity
additionally means that any general system trained on a large
pool of species is likely to suffer from misidenti cations within
individual sites where only a subset of this pool is present. Each
additional species a model is trained to classify creates opportunities
for misidenti cations, biasing models to treat local species
assemblages as if they were as diverse as the global species pool
(Fukunaga and Flick, 1984). General automated systems are
additionally constrained by the large proportion of undescribed
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insect species, as well as species that have scienti c descriptions but
lack the image documentation necessary for training models
(Scheffers et al.,, 2012; Stork, 2018). Although taxonomic gaps
affect traditional methods of monitoring biodiversity, they
become a challenge for models that require an initial list of
potential taxa to train. While traditional taxonomic methods
can create new lists of known and unknown species for any
given location, the most commonly used classi cation models
are only able to assign identi cations based on this initial list.
These issues are compounded by the presence of cryptic species
(Scheffers et al., 2012), sexual dimorphism (Allen et al., 2011),
morphological changes across life stages (Wiegmann et al., 2009),
long-tailed species distributions (Jain et al., 2024; Reyes-Gonzalez
et al., 2024), and a lack of accessible data to train models
(Jain et al., 2024).

Although recent work (see, for example, Teixeira et al., 2023)
has made inroads into solving these problems, through the
development of automated image (Geissmann et al., 2022; Jain
et al., 2024; Beuchert and Gifford, 2024) and audio data collection
platforms, the release of training datasets of varying sizes and
granularity (Van Horn et al., 2018; Wu et al., 2019; Teixeira et al.,
2023; Jain et al., 2024; Truong et al., 2025), and the deployment of
task-speci ¢ computer vision models (Teixeira et al., 2023), a
generic and scalable system for automated insect identi cation
remains out of reach. While there has been signi cant work on
developing platforms for monitoring speci ¢ species (Ratnayake
etal., 2021; Leopold and Jantsch, 2024) or functional groups such as
pollinators or agricultural pests (Pegoraro et al., 2020; Teixeira et al.,
2023; Alex et al., 2025) the few existing platforms aimed at cross-
taxon insect monitoring are typically restricted to individual orders
of insects such as Lepidoptera (Jain et al., 2024; Roy et al., 2024) and
lack data at lower taxonomic levels (Jain et al.,, 2024), making it
dif cult to generalize data from these systems to ecosystems at large.

One approach that has shown promise for large scale, generalized
insect monitoring is the incorporation of hierarchical information
into classi cation systems (see, for example, Bjerge et al., 2023), which
allows models to leverage morphological information from higher
taxonomic levels to improve performance on the classi cation of
genera or species. Recent work (Badirli et al., 2023; Bjerge et al., 2023)
has demonstrated that hierarchical models can have high
performance both on classifying known species from their training
data and distinguishing these species from novel taxa, which
may assist in insect monitoring in highly diverse ecosystems
and allow these models to generalize across heterogeneous sites
without suffering from misidenti cations. However, while existing
hierarchical classi ers perform well at identifying taxa not in their
training data, they remain limited by available training images with
high resolution taxonomic data and in some cases require non-image
data such as DNA to operate effectively (Badirli et al., 2023).

We address these issues by developing BugNet, a system of
computer vision models designed to avoid misidenti cations of
unknown taxa by integrating image annotations across taxonomic
levels. To allow these models to operate more accurately in
ecosystems where large proportions of taxa are unknown or
cannot reasonably be identi ed from images, we leverage the fact
that most online insect image datasets lack species level annotations
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to directly train models to avoid assigning overly speci ¢ IDs to
uncertain taxa by treating missing data as information which can
in uence the models during training. We apply this technique via a
hierarchical classi cation system, which both improves model
performance at low taxonomic levels and allows models to still
assign classi cations to insects at high taxonomic levels when they
cannot be classi ed to species or genus. Additionally, we developed
a software ecosystem that allows rapid annotation of image data to
train and validate localization and classi cation models, as well as a
data pipeline that quickly automates the scraping of image data
from online sources and formats it for model training.

Methods
The BugNet annotation pipeline

We developed a custom pipeline for scraping and annotating
insect images from online databases centered around three
major components.

1) We built a custom annotation tool which allows for the
extremely rapid manual annotation of bounding boxes, i.e.
boxes that de ne the location and size of an insect, and
categorical annotations of downloaded images. This
software couples common operations, such as saving
data and loading new images, into single actions which
can be performed entirely with the mouse or keyboard.
Keybindings are fully customizable, allowing users to adapt
the software to their own work ows. The annotation
software can be set to allow the annotation of bounding
boxes, circles, and lines to provide support for multiple types
of data which may be useful to associate with training images
(Figure 1). In practice, we ve found that when annotating
bounding boxes insect images can be processed at
approximately 3.1 seconds per image (1,160 images per
hour), and when annotating categorical information
images can be processed at 0.6 seconds per image

10.3389/fev0.2026.1750931

(6,000 images per hour), allowing new data to be rapidly
incorporated into training datasets. Annotated data is saved
in a standardized JSON format which can be easily converted
to COCO (Lin et al., 2015) or YOLO (Jocher et al., 2020)
data formats.

2) We developed a data pipeline for rapidly scraping insect

images from the Global Biodiversity Information Facility
(GBIF) database. For a set of geocoordinates and a radius
around those coordinates, all available insect observations
are pulled from GBIF using the pygbif GBIF python client
(Chamberlain and Boettiger, 2017). These observations are

Itered against a user de ned list of taxa to include or avoid,
and all appropriately licensed image media associated with
the remaining observations are downloaded directly using
image URIs associated with each GBIF observation. Images
are only downloaded if licensed under CC licenses
permitting derivative work. Full images from this process
are passed through a binary image Iter based on an
Ef cientNet-BO classi cation model (Tan and Le, 2019),
trained to remove images which do not include insects
(e.g. images of eld notes or host plants), images which do
not include appropriate life stages (e.g. images of caterpillars
and other larvae), and images which are not of suf cient
quality to use for training new models (e.g. extremely under-
exposed, over-exposed, and blurry images). This binary Iter
was trained on approximately 10,000 images manually
annotated from a random sample of GBIF insect media.
Filtered images are passed through a YOLO-V5-m
localization model (Table 1, Jocher et al., 2020) trained on
250,000 images to localize and crop insects from images.
Cropped insect images are passed through a nal
Ef cientNet-BO binary Iter trained on 40,000 images to
remove incorrectly cropped objects and other low-quality
images. As this system relies on expert annotations on GBIF
images, only cropped insects from images that include a
single detected insect are retained for training, as the
taxonomic annotation cannot be determined when
multiple insects are present in an image. Images are stored

Load data directory

FIGURE 1

Example view of insect annotation software. A eld image of Trigona bees on a fruit bait at lyarina Research Station, Ecuador, in the process of
annotation with bounding boxes. Insects can be annotated using a simple user interface with bounding boxes, circles, lines, and text comments via

mouse or keyboard.
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TABLE 1 De nitions for machine learning approaches and common performance metrics.

Term

Balanced accuracy

De nition

A measure of accuracy suited for datasets where some classes are greatly over or under represented. It is de ned as
the sum of the true positive and true negative rates divided by two. For classi cation with multiple output classes,
each class is treated as a binary classi cation, and true and false positive rates are averaged across classes (See
Hand and Till, 2001). Values range from zero (low performance) to one (high performance).

10.3389/fev0.2026.1750931

References

Brodersen et al., 2010

F-score

The harmonic mean of the precision and recall. Values range from zero (low performance) to one (high
performance).

Jude Chukwura Obi, 2023

Intersection Over

A measure of the degree of overlap between two sets or regions. For regions, it is de ned as the area shared

Union (I0U) between two regions divided by the total area covered by those regions. Values range from zero (no overlap) to da F. Costa, 2021
one (perfect overlap).
Localization The act of determining the location and shape of a foreground object in an image, without classi cation of other
. Redmon et al., 2016
attributes.
Precision In classi cation tasks, the number of true positives divided by the total number of true and false positives (i.e. the
proportion of positive IDs which are correct). Values range from zero (low performance) to one (high Jude Chukwura Obi, 2023
performance).
Recall In classi cation tasks, the number of true positives divided by the total number of true positives and false

negatives. Values range from zero (low performance) to one (high performance).

Jude Chukwura Obi, 2023

Receiver Operating
Characteristic (ROC)

The curve de ned by the relationship between the true positive rate of a dataset and the false positive rate at
different con dence thresholds. The area under this curve is a measure of model performance, where zero
indicates low performance and one indicates high performance.

Jude Chukwura Obi, 2023

with all associated metadata from GBIF, including the

annotations can be

Itered by taxonomic name and the

full taxonomic information available below taxonomic
class. If information is not known for a certain taxonomic
level, that level and all lower taxonomic levels are saved
as Unknown .

3) We created a taxonomic annotation tool which enables the

rapid validation of existing data and annotation of new
image data with taxa names following the GBIF taxonomic
backbone (GBIF Backbone Taxonomy, 2025.). Images are
annotated in bulk, with up to 200 images annotated
simultaneously per user input. Images with existing

level of taxonomic precision. Unannotated images can be
visually compared to reference images for each taxon
downloaded from GBIF to improve annotation accuracy
(Figure 2). Annotated data is saved in a standardized
JSON format, which can easily incorporate new taxonomic
annotations into existing training data or statistical analyses.
In practice, we ve found that trained entomologists can use
this software to annotate 35 images per minute (2,100
images per hour) to the level of genus or lower. All
annotation software was built using Godot V4.2.

FIGURE 2

Example view of insect taxonomic validation software. Field images of insects observed at La Selva Biological Station, Costa Rica,

Itered to order

level identi cations. The images consist primarily of stingless bees in the genus Trigona. Insects can be bulk selected and lower-level taxonomic
annotations applied through a drop-down menu.
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