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65m? portion of a large Colletes inaequalis nesting aggregation. We compared the
efficiency and performance of our model to manual counts of a technician.
Handling Editor: Fabrice Requier 3. Our model detected the location of 1094 nests, representing 88% of the nests
present in our test dataset, and a true-positive rate of 97%. Adjusting for error,
our model estimated a total of 1250 nests across the study site, comparable to
the total estimated from a manual count of 1259 nests. Our model detected nests
20 times faster than the manual counts while mapping the aggregation with mil-
limetre accuracy. Spatial analyses show that bee nest density was heterogeneous,
with dense spatially clustered regions comprised of upwards of 60 nests per m2.
4. Synthesis and applications. Our novel application of UAV imagery and object de-
tection models for mapping and censusing ground nesting bee aggregations rep-
resents a rapid, cost-effective solution for overcoming limitations in traditional
manual methods. This workflow has applications for bee conservation, manage-
ment and research such as monitoring bee nesting populations before and after
habitat restoration or habitat disruption events, quantifying the impacts of man-
agement strategies or repeat censusing of populations over time to determine
nesting population demographics and early identification of local extirpation risk.
Our workflow generates essential data with the high throughput required to help

inform the conservation decisions needed to stem global bee declines.
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1 | INTRODUCTION

Human-caused biodiversity loss, fueled by multiple co-occurring
drivers of global change, is contributing to the degradation of eco-
system services and faltering ecosystem function (Sage, 2020). Food
security and global floral biodiversity rely on pollination services
provided by animals, which pollinate approximately 90% of angio-
sperm species (Ollerton et al., 2011; Tong et al., 2023), with the ma-
jority of pollination services provisioned by insects, especially bees
(Willmer, 2011). In recent decades, rapid declines in bee populations
and diversity have been linked to intensive pesticide use, habitat
loss, invasive and pest species introductions, pathogens and climate
change (Dicks et al., 2021; Goulson et al., 2015; LeBuhn & Vargas
Luna, 2021; Van Dooren, 2019; Zattara & Aizen, 2021). Concerns
regarding declining bee diversity and the loss of bee-mediated pol-
lination services have contributed to a growing interest in bee moni-
toring and conservation initiatives (Potts et al., 2024; Schlesinger
et al., 2023; Woodard et al., 2020). Despite increasing research and
policy centred on pollinator conservation, implementation of con-
servation programs for pollinating insects is complicated by insuf-
ficient data on life histories, habitat preferences, physiology and
abundance.

Current studies of bee declines are often focused on determining
trends in species diversity on large geographical scales (Bartomeus
et al., 2013; Orr et al.,, 2021), and regional studies of local popula-
tion are often performed with low spatial or temporal resolution,
in part due to the effort required to carry out pollinator surveys.
The current methods available for studying local bee populations are
limited in their ability to discern population trends or environmental
impacts on habitat quality. Presently, studies of bee populations reg-
ularly focus on foraging adults using structured sweep netting pro-
tocols (Brosi et al., 2008), bowl trapping (Kimoto et al., 2012), mark
recapture (Hennessy et al., 2020), or visual observations (Larsson &
Franzén, 2008). However, the emphasis on foraging adults does not
necessarily capture the nesting population and may not accurately
reflect population trends when sampling results are biased by local
conditions at the time of sampling (Baum & Wallen, 2011; Packer &
Darla-West, 2021). Removal methods and lethal sampling for iden-
tification may further confound estimates of population trends and
potentially contribute to local declines, leading to a growing inter-
est in alternative sampling methods (Miller et al., 2022; Montero-
Castano et al., 2022).

Research on ground nesting solitary bee aggregations is lim-
ited to a handful of traditional protocols. Research objectives fo-
cused on exploring bee aggregations are generally facilitated by
manually marking and counting nests (Bischoff, 2003; Cameron
et al., 1996; Linsley et al., 1952), quadrat studies (Dar et al., 2021;
Giulian et al., 2024) or emergence traps (Sardifias & Kremen, 2014).

These methods, however, have varying success rates dependent on
surveyor effort and ecological context, are extremely laborious and
time-intensive and may not scale well to investigations of spatial
variation. Additionally, the data collected are limited in their ability
to account for fine grain variation in nest density and distributions
and the resulting population estimates are coarse, often based on
extrapolations from rough delineations of nest site extents, leading
to observation error and uncertainty, which could mask popula-
tion trends. In the case of emergence traps, which require place-
ment before the emergence of bees when nests are undetectable,
inference is further complicated by trap success rates of less than
20% (Pane & Threatt, 2017). Despite the growing use of technol-
ogy in pollinator research, the existing methods for investigating
ground nesting bee nesting ecology at the site level remain largely
unchanged. Advancing the study of nesting biology with fine spatial
and temporal scale surveys is essential for informing bee conserva-
tion decisions and facilitating improvements in habitat restoration
and conservation.

Novel technological innovations, such as automated remote
sensing workflows, have the potential to move nesting surveys away
from estimates and extrapolations towards complete censuses of a
site's population at a fine spatial resolution. In comparison to tra-
ditional ground counts, manual counts of wildlife populations with
unmanned aerial vehicle (UAV) imagery are more precise (Hodgson
et al., 2016), however, manually counting UAV imagery is time con-
suming and may give biased results (Torney et al., 2019). Deep learn-
ing object detection algorithms have become increasingly accessible
with improvements in availability and abundance of ecological image
data (Weinstein, 2018). Paired with the recent improvements and
affordability of consumer level UAVs, there is a proliferation of stud-
ies exploring the application of automated UAV-based wildlife mon-
itoring with object detection algorithms spanning a wide variety of
objectives including surveys of ant mounds (dos Santos et al., 2022),
seabird nest counts (Cusick et al., 2024; Hayes et al., 2021), rare
plant population censuses (Rominger & Meyer, 2021) and pest wasp
monitoring (Jeong et al., 2023).

The introduction of inexpensive programmable UAVs with
high-resolution cameras and the rapid advancement of artificial in-
telligence methods for object detection present an opportunity to
increase the efficiency and coverage of ecological surveys of bee
nesting aggregations. To evaluate the feasibility and practicality of
using automated UAV remote sensing to census wild bees, we sur-
veyed a section of a large Colletes inaequalis nesting aggregation in
Ithaca, New York, USA. Like 64% of described bee species, C. in-
aequalis is ground nesting (Cane & Neff, 2011) and has a propen-
sity to form dense aggregations of hundreds to thousands of bees
(Lépez-Uribe et al., 2015). In the early spring, individuals emerge
and mate, after which females tunnel into the ground, creating nests
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containing small underground chambers in which they provision pol-
len and lay eggs. Each nest belongs to a single active female and
contains on average 3.5 eggs (Batra, 1980). From above, these nests
appear as dark circular entrances surrounded by tumuli, piles of ex-
cavated dirt characteristic of many ground nesting species, creating
a distinctive above ground signature.

To demonstrate the application of UAV imagery and computer
vision-based nest detection, we detail a workflow for autonomous
image acquisition and processing of an active C. inaequalis nesting
aggregation. We apply a computationally tractable, open-source
object detection modelling framework capable of identifying small
objects across large orthomosaics. Here, we highlight the appli-
cation of these methods for facilitating rapid, cost-effective and
scalable censuses and millimetre scale spatial analyses to explore
the population size and spatial structure of bee nesting aggrega-
tions with the throughput required to facilitate sub-daily repeat
censuses. Finally, we discuss the application of UAV-based surveys
for ground nesting bee conservation and the avenues for future
improvement of these methods. Our approach highlights the ap-
plicability of current, user-friendly object detection algorithms for
modernizing the monitoring of known bee nesting aggregations
and advancing our knowledge of bee life histories and nesting
behaviour.

2 | METHODS

We imaged a C. inaequalis nesting aggregation on 23 April 2024,
during active nest provisioning, with an Air2S UAV (SZ DJI
Technology Co., Ltd.), a consumer grade drone with a 20MP, 1-inch
CMOS camera sensor. The nesting aggregation is located within a
cemetery in Ithaca, NY, USA, with active nesting across a roughly
25,000m? area. We obtained permission from the property own-
ers, along with all required Federal Aviation Administration clear-
ances to operate the UAV. The ground cover is mowed grass
with patches of bare dirt. We captured drone imagery at ~14:15
during warm sunny conditions (18°C, 8km/h wind). To facilitate
autonomous flight and image capture, we generated a series of
waypoints with the Flight Planner plugin (Gruca, 2023) in QGIS
(QGIS Development Team, 2024). We placed route waypoints with
70% image overlap covering a large extent of the nesting aggrega-
tion that was representative of the variability in nest and vegeta-
tion density. The routing was set to follow terrain at a constant
elevation of two metres above ground level (AGL) based on a 1-m
resolution digital elevation model (New York Office of Information
Technology Services, 2021), resulting in a nominal ground sam-
pling distance of 0.6 mm/pixel. We programmed an autonomous
flight plan from the waypoint coordinates (WGS84) with Litchi (VC
Technology Ltd, 2024). At each waypoint, we set a 2-s delay al-
lowing the UAV to stabilize prior to image capture with a gimbal
angle of -90 degrees (pointing directly towards the ground). All
images were merged into a single orthomosaic using WebODM
v2.5.2 (Toffanin et al., 2024).
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We used the same UAV to capture images across the nesting
aggregation, but outside the surveyed area of interest, to develop
a representative training dataset. To ensure the model was robust
to changes in altitude, lighting and vegetation, we captured images
that cover the variation in vegetation and lighting conditions found
across the nesting aggregation at altitudes between one and three
metres AGL. Training images were split into 608 x 608 pixel images
for annotation, resulting in a comprehensive training dataset of
1512 images that included a range of nest densities and background
contexts. Training images contained old nests, bare patches of dirt,
emergence holes and other unrelated objects such as leaves and
pinecones that may be misclassified as nests. We labelled all active
nests (nests with a clear entrance) within the training set using Label
Studio (Tkachenko et al., 2020) and we included nests at the edge of
the image only when the entrance hole was clearly identifiable and
not cut off. Training the model to only identify active nests ensured
the model did not detect unrelated bare patches of dirt or anthills
which have a smaller, less circular opening. This also provided a more
accurate snapshot of the current nesting population at the exact
time of surveying. The entire training dataset was reviewed three
times to ensure that all nests were annotated correctly and that the
annotation of edge cases was consistent across all images.

We implemented our bee nest detection workflow with YOLOV5,
a pretrained object detection model using the ‘you only look once’
model architecture (Redmon et al., 2016) under the Ultralytics frame-
work (Jocher et al., 2022). We employed the standard architecture
for the medium model, which we trained to detect nest entrances
using our training image set with 300 epochs with batch gradient
descent. To compensate for the small size of the nests within the
image, we employed Slicing Aided Hyper Inference (SAHI) (Akyon
et al., 2022). SAHI is a generic framework which can be combined
with any other object detection algorithms to improve the detec-
tion of small objects by slicing images into a series of overlapping
patches with increased relative pixel sizes. The resulting patches
are fed through the object detection algorithm's forward pass be-
fore the bounding boxes are merged across overlapping patches to
return all detections across the original input image. We sliced the
image at 608 x 608 pixels, matching the training image size, with a
40% overlap between slices.

To assess model performance, we split the orthomosaic along
with the model detections into 608 x 608 pixel tiles and randomly
selected 40% of tiles (365 images) which we manually labelled in
Label Studio to act as a test set (Figure S1). In evaluating the model
against the test set, we employed a workflow using Voxel51 (Moore
& Corso, 2020). We defined true-positives as model prediction
bounding boxes that had an intersection over union (IOU) of 0.4,
that is, the proportion of overlap between the prediction-bounding
box and the ground truth-bounding box. As nests have ill-defined
boundaries, annotations will not perfectly agree on an exact edge.
A higher IOU may cause some true-positive detections to be incor-
rectly categorized as false-positives if the edge of the bounding box
does not perfectly align with the edge of the ground truth annota-
tion. Exact alignment with annotations, however, is less important
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for validating nest detections where we prioritize the detection of
the object centre, not its boundaries. We calculated the confidence
level which maximized F1 score (the harmonic mean between preci-
sion and recall) and evaluated model performance with F1, precision,
recall and mean average precision (mAP) at this optimal confidence
level. This optimal confidence threshold places an equal weight on
precision and recall and deviations would be necessary if either pre-
cision or recall is more important to the specific model application
(Deepak & Bhat, 2025). All nest detections across the full orthomo-
saic were thresholded at the determined optimal confidence level,
dropping any detections with a confidence score below the lower
limit. To assess our model's robustness to image acquisitions at
higher altitudes, and therefore larger ground sample distances and
lower resolutions, we downsampled the orthomosaic to half the res-
olution, approximating a flight of twice the altitude, and performed
the same workflow as described above.

To facilitate further analysis, we drew on the ability of the object
detection model to localize the predicted nest bounding boxes. We
first georeferenced the orthomosaic using the GPS coordinates of
five ground control points spread throughout the study area and pro-
jected the image to WGS84 / UTM zone 18N (EPSG:32618). To es-
timate the point locations for each nest detection, we calculated the
centroids of each individual bounding box. We examined the density
and distribution of the nests throughout the study area with spatstat
v3.3.1 (Baddeley et al., 2015) in R v4.4.3 (R Core Team, 2025). We
mapped the density of nests with kernel density estimation using
a bandwidth selected to minimize the mean-square error criterion
(Berman & Diggle, 1989). To identify if the distribution of nests dif-
fers from complete spatial randomness across the study area, we
calculated the local L-function, a local linearized version of Ripley's
K-function also called the neighbourhood density function, at a dis-
tance of 0.1 m (Baddeley et al., 2015; Getis & Franklin, 1987). Finally,
we calculated the nearest neighbour distance as the Euclidean dis-
tance from each point to its nearest neighbour, similar to the data
collected in the field during a previous quadrat-based study of a
nesting aggregation's distribution pattern (Potts & Willmer, 1998).

To evaluate how our detection model compared to manual meth-
ods, we calculated the difference in accuracy and time costs with
manual nest counts performed by an undergraduate technician.
The technician was provided with instruction on nest identification,
counting methods and given example images of true nests and edge
cases, including emergence holes and abandoned nests. After a brief
training covering the instructions and example images, the techni-
cian was instructed to count all nests across the same orthomosaic
used in object detection with DotDotGoose v1.7.0 (Ersts, 2024) and
record the time required to complete the task. To assess the per-
formance of the manual counts, the resulting point locations of all
counted nest locations were manually transformed into bounding
boxes and compared against the labelled test set images. We calcu-
lated the F1 score, precision, recall and mAP of the manual counts as
described above, allowing for a direct comparison between manual
counts and the object detection model predictions across an iden-
tical image.

3 | RESULTS

The orthomosaic from the UAV imagery covered a 65.3 m? (5.1m by
12.8 m) section of the C. inaequalis nesting aggregation, representing
substantial variation in nest and vegetation density. Our YOLOvV5
and SAHI object detection workflow detected 1094 nests across
the study area. Based on our model's predictive performance across
the test dataset, we can estimate the true count within the study
area is ~1250 nests. Assuming an average of 3.5 brood cells per nest
(Batra, 1980), we estimate a total of 4375 individuals in the next gen-
eration prior to overwintering mortality given the current nesting
activity.

The time to import the 791.7 MB orthomosaic, run the detection
model, and export the predictions was 2min and 38s when run on a
GPU (1152 CUDA cores; 3GB) and 7 min and 52s when run on a CPU
(6 core; 3.6 GHz). Both tests were run using consumer grade compo-
nents and 64GB DDR4-3200 RAM. The resultant model predictions
had an F1 score of 0.921 (precision 0.969; recall 0.877) when thresh-
olded at the optimal confidence level of 0.625. The model mAP was
0.457. This translates to 97% of the model nest predictions being
true nests and the model finding 88% of the nests present in the test
dataset. Overall, the model predictions included few false-positives;
however, the model slightly underestimated the total number of
nests present in the study area.

False-positives were generally caused by dirt-coloured leaves of
similar size to the nest tumuli (Figure 1a) as well as mounds of dirt
perhaps caused by other organisms or old unused nests (Figure 1b)
that did not have adequate representation in the training images.
False-negatives often occurred when two nests were directly ad-
jacent to one another and their tumuli greatly overlapped with the
model only detecting one of the nests (Figure 1d). The model some-
times grouped both overlapping nests into a single large detection
resulting in the detection being classified as two false-negatives and
as a false-positive during model evaluation (Figure 1c). The model
also occasionally failed to detect nests that were partially covered
by debris or vegetation (Figure 1e) or surrounded by large patches of
dirt without a distinct tumulus (Figure 1f).

The model was able to detect nests inimages from down-sampled
imagery representing the expected resolution from a flight at dou-
ble the altitude, with a decrease in run time of 76%-37s. Despite
the lower resolution and the mismatch between training and test
image resolution, the model performed comparably well when pre-
dicting across the low-resolution dataset with an F1 of 0.903 (pre-
cision=0.97, recall=0.85) at an optimal confidence level of 0.263.

In evaluating our model against manual counts by a trained un-
dergraduate technician, we found comparable model performance.
The object detection model outperformed manual counts with fewer
false-positive detections contributing to an approximate 8 percent-
age point increase in precision relative to the manual counts (man-
ual: 0.89, model: 0.97) and a comparable, though slightly lower recall
(manual: 0.90, model: 0.88). In total, the undergraduate technician
counted 1259 nests, consistent with our adjusted model estimate of
1250 nests. The principal difference between these two approaches
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False Positive

False Negative

FIGURE 1 False-positives (3% of predictions) were caused by (a) unusual objects such as leaves sized similarly to nests; (b) old nests that
were no longer active; (c) two overlapping nests detected as one combined nest. False-negatives (12% of ground truth nests) were also
caused by (d) overlapping nests; (e) nests partially covered by grass or debris; (f) nests in a larger patch of dirt with low or nonexistent tumuli.
Overlapping nests sometimes led to both a false-positive and a false-negative detection.

was in the throughput and total task completion time. The under-
graduate technician annotated and counted the full orthomosaic in
just under an hour, 51.5min, representing a throughput of 131.4h
per hectare. The model processed the full resolution orthomosaic in
2.6min using an average consumer-grade computer, almost 20 times
faster, representing a theoretical throughput of 6.7h/ha, assuming
linear scaling. With the low-resolution dataset, the task completion
time was 84 times faster, albeit with the tradeoff of reduced recall
compared to the manual counts.

The kernel density map, estimated with a bandwidth of 0.38m,
showed two distinct regions of high-density nesting (Figure 2a).
Nest density peaked at approximately 62nests/m? in the central
high-density nesting zone and a lower density of 53 nests/m? in the
second most dense region. The Local L-function calculated with a
distance of 0.1 m indicated nest clustering (Figure 2b) in the dens-
est regions. Throughout the remainder of the study area, the Local
L-functions suggested most nests were clustered, but to a lesser
degree, with values above the expectation for complete spatial ran-
domness. This pattern held true across distances down to below
2.5cm (Figure S2). Within these dense clusters, most nests were
within 10cm of their nearest neighbour, with distances increasing
towards the outside of the defined clusters and towards the western
edge of the aggregation (Figure 2c).

4 | DISCUSSION

Accurate population counts and spatial surveying of bees is essen-
tial for conservation decision-making and adaptive management;

however, traditional methods for researching ground nesting bee
aggregations are laborious and do not scale well to broad temporal
or spatial studies, particularly in large aggregations which may be
comprised of millions of nests (Blagoveshchenskaya, 1963). Here,
we present a rapid, cost-effective, and precise method based on an
open-source object detection model and autonomous UAV remote
sensing to map a large bee nesting aggregation with millimetre scale
accuracy. In benchmarking the nest detection model against manual
counts, we showed that UAV-based mapping can greatly reduce pro-
cessing time by upwards of 2000%, opening the door to repeat daily,
or sub-daily censuses of nest site use, nesting behaviour and com-
prehensive spatial analyses of large aggregations. Our model-based
methods performed comparably to manual counts and were better
able to resolve true detections, with the tradeoff of a minor under-
estimation in the proportion of nests identified. The model results
show that it tends to undercount the total number of nests, result-
ing in conservative estimates of population sizes. In the context of
population monitoring for at-risk species, overestimation may lead
to inaction or delayed action and a bias towards underestimating
population counts may be preferable to overestimation. The model
had a high precision of 0.97, meaning almost all model detections are
true nests. This is critical for population surveys where low precision
could contribute to erroneous abundance estimates and overconfi-
dence in population stability. Further refinement of model structure
and training could address the slightly lower recall resulting from the
model's inability to detect some cryptic nests, presenting a potential
focal area for future improvement.

This model was trained solely to detect nests of a single bee
species, Colletes inaequalis, and was not designed to differentiate
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FIGURE 2 Spatial point pattern analyses of the C. inaequalis nesting aggregation within the study area. (a) Nest density, calculated with
kernel density estimation, revealed two distinct high-density patches of the study area. (b) Local L-function indicated that the nests are

more clustered than expected under complete spatial randomness at 0.1 m, with clustering decreasing towards the edge of the nesting
aggregation in correspondence with decreasing density. (c) Nearest neighbour distances, represented as a Steinen diagram, demonstrate that
the majority of nests within the highly clustered regions were within 20 cm of the next closest nest and 10cm or less in the densest areas.

between or detect across nests of different species. However, many
bees exhibit a similar nesting morphology, with a simple dirt mound
created when excavating a central tunnel and the model may per-
form well across many bee species, which share this morphology.
Using the same described methodology, the existing model can eas-
ily and iteratively be trained to detect nests across species or even
to differentiate among species. This may be particularly feasible for
distinguishing between bees with distinct above-ground nest struc-
tures, such as some species in the genus Diadasia, which construct
tall chimney-like structures in place of the more common unstruc-
tured tumuli (Eickwort et al., 1977). Additionally, our model was
trained solely to detect active nests with a central opening, as the
difference between old rained out nests and dirt piles can be hard
to differentiate even for a trained researcher. This helps the model
only detect bee nests while ignoring other similar mounds such as
ant hills or dirt piles. Furthermore, the focus on censusing only ac-
tive nests allows researchers to perform repeat sampling to quantify
the daily progression in population and nesting activity throughout
the nesting period. With simple reannotating of the training data
and retraining, the model could be easily adjusted to detect all nests
present (old and active); however, this may increase the number of
false-positives.

Remote detection of bee nests may not be feasible for all of the
~64% of bee species which excavate nests (Cane & Neff, 2011).
Some species are extremely cryptic, nesting under thick vegeta-
tion or rocks (Jackson et al., 2025) or sealing their nest entrances
with dirt or debris between visits (Hurd et al., 1974). While these
cases represent a potential limitation of our approach, many

ground nesting species are thought to prefer open grassy or sandy
areas with little tall vegetation, suggesting that this methodology
can be applied to a substantial proportion of bee species (Antoine
& Forrest, 2021; Potts et al., 2005). However, nesting biology
alone may not be the only limiting factor; weather can impact
the external presentation of nests, making them more difficult to
detect, which may be particularly important for studies of spe-
cies which nest during the rainy season. For example, following
heavy rains in the spring in New York, the tumuli of C. inaequa-
lis nests can be temporarily washed away, removing the above
ground signature the model was trained to recognize. Additionally,
nesting activity may change over time as aggregations move or
respond to the environment through mechanisms such as bet
hedging (Danforth, 1999). This could potentially skew interannual
monitoring of a population and require critical evaluation to rule
out alternative causes of population changes. Therefore, remote
sensing does not eliminate the need for traditional life history in-
vestigations and nest excavations, particularly for understanding
below ground nest structure, reproductive rates, and brood cell
provisioning, among others. Our novel surveying methods work
in conjunction with natural history observations to make analyses
of bee nesting aggregations more repeatable and cost effective.
Additionally, the YOLO family of models, and other general
object detection models, may not perform optimally with many
small and heavily clustered objects (Akyon et al., 2022; Redmon
et al,, 2016; Yang et al., 2019). We mediated this issue effectively
by predicting across the study area with SAHI but did note false-
negatives from neighbouring nests with overlapping tumuli, an
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issue which may become exacerbated in particularly dense nest-
ing aggregations. A larger, more diverse suite of training images
may be able to better capture the variation in nest structure, aid in
the differentiation of nests from their surrounding substrate and
improve the model's ability to discriminate between active bee
nests and other objects resembling tumuli, for example, leaves,
pinecones and old nests. Alternatively, other object detection
model architectures may be more suitable for the unique task of
nest identification and may provide improved performance over
YOLOvVS5. However, the application of other model architectures
may be demanding in comparison, and the use of the Ultralytics
framework, as we employed here, is a popular and user-friendly
implementation of object detection for ecological problems, en-
abling the adoption of this method by researchers without exten-
sive experience in computer vision.

While there are opportunities to refine the model architecture
to optimize bee nest detection and generalize to a greater diversity
of bee nest morphologies, this study successfully demonstrates
the efficiency of using UAVs and object detection to census large
bee nesting aggregations with high accuracy. While we only se-
lected a subset of the aggregation as our area of interest, the
use of an automated flight plan allows for the easy scaling of this
workflow to cover significant areas with minimal additional effort.
With our model proving robust to changes in image resolution, we
suggest that the altitude at which images are captured can be in-
creased by at least double, significantly reducing the time required
for image acquisition, the overall dataset size, and further improv-
ing computational efficiency. Moreover, the application of real-
time object detection using video sequences from a UAV presents
an opportunity to more efficiently scale up remote nest detection.
Such an implementation would simplify flight planning and may
reduce the time needed for image acquisition. Animal detection
in UAV videos is already being implemented in other ecological
systems (Van Gemert et al., 2015) and likely could be adapted for
bee nest identification.

Given the ongoing concerns related to pollinator conservation,
innovative technology like UAV-based nest detection can accelerate
targeted conservation and management of ground nesting bees. The
method we present here enables population censusing at extremely
fine spatial and temporal scales, a level of detail that current tech-
niques cannot tractably achieve. Improvements in bee population
monitoring present an opportunity to reduce epistemic uncertainty,
which may contribute to inaction when action is warranted or costly
action when unwarranted. Additionally, the flexibility of this method
enables studies of bees within their nesting habitat, opening the
possibility to evaluate habitat quality and within-site use based on
localized variation in soils, pesticides, vegetation or microclimatic
factors.

Deconstructing how bees interact with microhabitats will en-
able granular risk assessments of known nesting populations and
improve the success rate of habitat restoration and protection ini-
tiatives through targeted conservation actions informed by the fine-
scale environmental preferences of species of concern. Additionally,
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mapping may facilitate the mitigation of disturbance events through
early planning, such as the protection of dense nesting areas during
construction. For example, planned repair or replacement of a dam
near Rensselaerville, New York potentially threatens an aggregation
of an imperilled species of ground nesting bee. The use of fine-scale
maps of nesting density during construction could ensure critical
habitats and nesting populations are delineated and protected from
damage or loss. The rapid and repeatable nature of our automated
data acquisition and processing workflow enables efficient data
collection across time, capturing intra- and interdiel and -annual
variation, allowing for direct, real-time monitoring of how threats
impact individual populations and behaviour. UAV-based monitoring
of aggregations across a disturbance event, for instance a period of
extreme heat or land-use change, would allow for the quantifica-
tion of impacts and risk within a nesting aggregation and could guide
mitigation efforts or habitat restoration for species of conservation
concern. Additionally, as these data are spatially explicit, locally tar-
geted interventions can be performed.

Our workflow pairing automated UAV imaging with a custom
trained object detection model provides a rapid and cost-effective
solution for censusing ground nesting bee aggregations. We show
significant improvements in spatial resolution and reduction in ef-
fort over traditional manual methods without sacrificing accuracy,
highlighting that this affordable workflow, utilizing consumer level
technology, is a promising method for generating meaningful con-
servation data. The limitations of current monitoring approaches
have hindered bee conservation action, necessitating a moderniza-
tion of methods (Portman et al., 2020). By embracing conservation
technology and computational methods, UAV-based remote sensing
of bee nesting aggregations provides a novel approach for direct

monitoring of bee population declines.
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SUPPORTING INFORMATION

Additional supporting information can be found online in the
Supporting Information section at the end of this article.

Figure S1. A test set consisting of 40% of the study site, 365 tiles
showninred, was randomly selected to evaluate model performance.
Figure S2. Plot of local L-functions for all nests at distances (r) up
to 2.5m with line colour corresponding to the value of the function
when r=1m. Lines below the dashed theoretical line are dispersed
and lines above are clustered. The distance which a line remains
along the x-axis (L,.(r)=0) is the nearest neighbour distance,
showing that the nearest neighbour distance increases with more
dispersed nests. The mean value (solid blue line) of all nests in the
study area is more clustered than expected under complete spatial
randomness with the average nest showing clustering (L,oc(r) > r)

above approximately 2.5cm.
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