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Simple Summary

Monitoring bee colony health typically requires opening hives or maintaining human ob-
servers at the entrance for extended periods, both of which are disruptive and impractical
at scale. This study describes a camera-based system that watches the hive entrance auto-
matically, counts bees going in and out, and does so without disturbing the colony. Using
artificial intelligence trained on over 12,013 images, the system can identify individual
bees in real time and follow their movements to determine whether each bee is entering
or leaving the hive. Tests on video recordings showed that the system works well under
low traffic conditions, though accuracy drops when many bees move simultaneously. The
approach is practical, low-cost, and scalable to multiple colonies, making it a useful tool
for beekeepers and researchers who want to track colony activity continuously without
manual effort.

Abstract

Honey bees are essential pollinators and ecological indicators, yet conventional moni-
toring approaches remain labor-intensive and limit the assessment of colony dynamics
across biologically relevant time scales. Hive entrance activity, defined as the movement
of bees entering and leaving the hive, serves as a direct proxy for foraging effort, resource
availability, and colony condition. However, manual observation is restricted in duration
and resolution, constraining continuous evaluation of colony responses to environmental
change. In this study, a non-invasive automated monitoring framework was developed
to quantify hive entrance activity under diverse environmental conditions. The system
integrates image-based detection, multi-object tracking, and direction-aware trajectory
analysis to identify and quantify incoming and outgoing bees. Trained on 12,013 annotated
images representing varied lighting conditions, backgrounds, and activity levels, the frame-
work achieved high detection accuracy (mAP@50 = 0.96–0.98) and real-time processing
capability. Video-based evaluations showed that frame-level detections can be translated
into entrance and exit estimates, although counting accuracy varied with traffic density and
occlusion. These findings demonstrate that automated monitoring enables continuous mea-
surement of biologically meaningful indicators of colony dynamics. The proposed approach
provides a scalable tool for investigating foraging activity, seasonal patterns, and colony
responses to environmental stressors, supporting improved ecological assessment and
pollinator conservation.

Keywords: automated monitoring; behavioral ecology; foraging behavior; hive entrance
activity; honey bee colony health; precision apiculture
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1. Introduction
Pollinating insects underpin the reproductive success of approximately 87% of flow-

ering plant species and contribute substantially to global food production through crop
pollination [1,2]. Among managed pollinators, the Western honey bee (Apis mellifera L.)
represents the most economically significant species, providing pollination services val-
ued at billions of dollars annually [3]. Beyond their agricultural importance, honey bee
colonies serve as powerful model systems for studying social insect biology, collective
decision-making, and population-level responses to environmental disturbance [4–6]. Yet
despite their ecological prominence and economic value, honey bee populations face mul-
tifaceted threats, including habitat loss, pesticide exposure, pathogens, parasites, and
climate-induced phenological mismatches [7–9].

Effective conservation and management strategies require robust monitoring systems
capable of detecting population declines and identifying causal mechanisms [10]. Honey
bee colony health is best assessed using colony-level metrics and integrated indicators that
reflect the dynamics and resilience of the super-organism as a whole, rather than metrics
focused solely on individual workers [11]. Among measurable colony traits, the rate of
forager departures and returns at hive entrances directly reflects colony foraging effort,
workforce availability, and resource acquisition dynamics [12,13]. Entrance activity patterns
correlate with colony size, brood production, food stores, and external resource availability,
making traffic counts a valuable non-invasive assessment tool [12,14,15]. Seasonal and
diurnal fluctuations in bee activity at and around the hive entrance reflect colony responses
to temperature, photoperiod, and floral resource phenology [16,17].

Traditional methods for quantifying hive entrance activity rely on direct human ob-
servation, typically involving timed counts of passing individuals at hive [15,18]. While
conceptually straightforward, this approach suffers from severe practical limitations. Man-
ual counting of hive entrance activity is labor-intensive and typically constrained to brief
observation intervals, limiting its ability to capture biologically meaningful variation over
hours, days, or seasons [19]. Observer fatigue and human-related limitations can intro-
duce systematic errors in manual flight activity counts, particularly during periods of
high traffic [20]. Distinguishing directional movement, which is critical for separating
incoming from outgoing individuals, becomes increasingly difficult as activity intensifies.
Importantly, human presence near hive entrances may itself alter bee behavior, introducing
observer effects into datasets [21,22]. These constraints have historically limited entrance
activity studies to small sample sizes, brief observation windows, and qualitative rather
than quantitative analyses.

Recent technological advances offer potential solutions to these limitations. Electronic
counters employing infrared sensors or radiofrequency identification (RFID) tags have
enabled automated traffic monitoring, yet these systems require physical modifications to
hive structures and may interfere with natural bee movement patterns [23]. Sensor-based
approaches further struggle to distinguish between incoming and outgoing individuals
without directional gating mechanisms, which themselves constrain bee passage and intro-
duce artifacts [24]. An ideal monitoring system would operate non-invasively, distinguish
directional movement, handle variable traffic densities, function across diverse environ-
mental conditions, and scale to multi-colony or population-level deployments.

Computer vision and deep learning technologies present promising alternatives for
automated insect monitoring [25]. Object detection algorithms trained on annotated im-
age datasets can identify and localize target organisms within video streams, enabling
automated counts without physical intervention [26–28]. For small, fast-moving targets
like flying insects, modern deep learning architectures such as YOLO (You Only Look
Once) offer real-time detection capabilities with accuracy approaching or exceeding human
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performance [28,29]. When coupled with tracking algorithms that maintain individual
identities across video frames, these systems can quantify directional movement, measure
activity rates, and characterize behavioral patterns at scales unattainable through manual
observation [27].

Despite growing interest in automated insect monitoring, most existing systems have
primarily targeted general biodiversity assessment or agricultural pest detection, with
comparatively limited emphasis on colony-level behavioral studies [25]. Applications
to honey bees specifically have remained relatively limited, with few systems validated
for sustained, field-realistic monitoring of entrance activity under diverse environmental
conditions [30]. Key technical challenges include maintaining detection accuracy under
variable illumination, distinguishing individual bees in high-density aggregations, tracking
fast-moving targets across cluttered backgrounds, and achieving computational efficiency
sufficient for real-time or long-term deployment [27].

Here, we address these challenges by developing and evaluating an automated system
for detecting, tracking, and counting honey bee traffic at hive entrances. Our approach inte-
grates state-of-the-art deep learning object detection with multi-object tracking algorithms
designed for monitoring directional movement at defined spatial thresholds. We trained
and compared multiple detection model architectures on an annotated image dataset
spanning varied lighting conditions, backgrounds, and activity densities to ensure robust
detection performance under realistic field conditions. We then assessed system-level
counting performance through comparisons with ground-truth manual counts derived
from independent video samples representing different traffic volumes. Our objectives
were threefold: first, to evaluate whether automated image analysis can achieve high
detection accuracy for individual honey bees at hive entrances; second, to compare detec-
tion performance and computational efficiency across multiple model architectures; and
third, to demonstrate the feasibility of translating frame-level detections into video-level
entrance and exit counts as a foundation for continuous, non-invasive colony monitoring.
By establishing the technical basis for scalable assessment of entrance activity patterns,
such tools promise to advance our understanding of honey bee foraging ecology, colony
phenology, and population responses to environmental change. The remainder of this
paper is organized as follows. Section 2 describes the image dataset construction, model
architectures and training procedures, and the video-based counting pipeline. Section 3
presents image-level detection results across all evaluated models and video-level counting
performance for the integrated system. Section 4 discusses the ecological implications
of the findings, system limitations, and directions for future work. Section 5 provides
concluding remarks.

2. Materials and Methods
2.1. Image Dataset Construction

The image data used in this study were obtained from multiple open-access honey bee
detection datasets available on the Roboflow Universe platform [31]. To ensure relevance
to the intended application of hive entrance traffic monitoring, only datasets containing
images captured at hive entrances or landing boards were selected. Datasets depicting
general foraging scenes, aerial views, or non-entrance contexts were excluded. All selected
images were annotated with bounding boxes identifying individual honey bees. Since
the images were sourced from multiple open-access datasets on the Roboflow Universe
platform, pre-existing annotations were reviewed and harmonized according to a unified
annotation guideline to ensure consistency across sources. Bounding boxes were drawn
to tightly enclose the visible body of each bee, including partially visible individuals at
frame boundaries, while excluding motion-blurred detections that could not be reliably
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localized. Images were resized to a fixed input resolution of 640 × 640 pixels. Standard data
augmentation techniques supported by modern YOLO-based detection frameworks, includ-
ing mosaic augmentation and color-space perturbations, were applied exclusively to the
8586 training images to improve robustness to moderate variations in scale, illumination,
and background [32,33]. Augmentation was applied online during training via the Ultra-
lytics framework’s built-in pipeline and was not applied to validation or test images. After
data cleaning and deduplication, the final image dataset consisted of a total of 12,013 anno-
tated frames. Of these, 8586 images were allocated for model training, forming the primary
basis for learning discriminative visual features of honey bees at hive entrances. A further
2207 images were reserved for validation and used exclusively to monitor training conver-
gence, guide model selection, and prevent overfitting. In addition, an independent test set
comprising 1220 images was constructed and kept completely separate from the training
and validation processes, serving solely for the final evaluation of detection performance
on previously unseen data drawn from the same operational domain. The dataset split
was designed to support domain-specific model optimization rather than cross-domain
generalization. Since the dataset was compiled from multiple open-access sources, some
degree of visual similarity between frames originating from the same recording sessions
may exist across subsets. However, the use of multiple independent source datasets and
the separation of training, validation, and test sets at the dataset level rather than at the
frame level is expected to mitigate the impact of potential data leakage on the reported
performance estimates.

An analysis of the annotation statistics is presented in Figure 1. The distribution of
bounding box centers across normalized image coordinates indicates a moderate central
concentration, consistent with the typical framing of hive entrance imagery, without evi-
dence of strong positional bias. The relative width and height distributions of bounding
boxes show a compact and consistent range, reflecting the expected scale of individual
honey bees within the image frames. Overall, these patterns indicate a well-structured and
spatially balanced annotation set suitable for robust object detector training.

In addition to the image-level test set, video-based evaluation was conducted using
a completely separate set of publicly available hive entrance videos that were not used
during any stage of model training, validation, or image-based testing. This ensured a clear
separation between image-level and system-level evaluation data.

2.2. Model Architecture and Training

Model training was performed on a CUDA-enabled desktop workstation equipped
with an NVIDIA GeForce RTX 4070 SUPER GPU (12.9 GB VRAM; NVIDIA Corporation,
Santa Clara, CA, USA), 64 GB system memory, and an Intel Core i7-14700K CPU (In-
tel Corporation, Santa Clara, CA, USA). The software environment consisted of Python
3.10 (v3.10), PyTorch 3.11.14 with CUDA support, and the Ultralytics YOLO framework
(v8.3.3) [33]. Object detection models were trained using architectures from the YOLO
family of one-stage object detectors [32,34]. Three architecture families were evaluated:
YOLOv8 [33], YOLOv11 [35], and YOLOv26 [36]. For each family, two model variants dif-
fering in capacity were compared, namely the lightweight “n” (nano) variant and the larger
“s” (small) variant, resulting in a total of six models (YOLOv8n, YOLOv8s, YOLOv11n,
YOLOv11s, YOLOv26n, YOLOv26s). This design enables systematic examination of the
trade-off between model complexity and detection performance both within and across
architecture families. Pretrained weights provided by the Ultralytics framework were
used to initialize the networks, enabling transfer learning and faster convergence. All
models were trained using an input image resolution of 640 × 640 pixels. Training was
conducted for a maximum of 100 epochs with a batch size of 16, while early stopping was
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enabled with a patience of 20 epochs to prevent overfitting. Optimization parameters were
automatically determined within the framework, resulting in the use of stochastic gradient
descent (SGD) with momentum. Model performance during training was monitored using
standard detection metrics, including mean Average Precision at an Intersection over Union
threshold of 0.5 (mAP@0.5), precision–recall curves, and F1-score. Final model weights
were selected based on validation performance.

Figure 1. Dataset annotation statistics and spatial distribution of honey bee bounding boxes.

2.3. Video-Based Entrance–Exit Counting and Ground Truth

System-level evaluation was conducted using independent hive entrance videos ob-
tained from publicly available online sources, which were not used during training, valida-
tion, or image-based testing. A region of interest (ROI) was manually defined around the
hive entrance area using either polygonal or circular configurations, depending on entrance
geometry. Bee trajectories were obtained using a tracking-by-detection approach based on
the BoT-SORT multi-object tracking algorithm [37], applied to detection outputs generated
by the YOLOv8 models. Although image-level detection performance was evaluated across
six models from three architecture families, video-based counting experiments were con-
ducted using only YOLOv8n and YOLOv8s, as these two variants provided representative
trade-offs between computational efficiency and detection accuracy sufficient to demon-
strate the feasibility of the proposed counting approach. Each detected bee was represented
by its bounding box centroid, and trajectories were constructed by associating detections
across consecutive frames. Entrance and exit events were identified using direction-aware
crossings of the ROI boundary. System-level performance was evaluated using aggregate
entrance and exit counts computed for each independent hive entrance video, with each
video treated as a single evaluation unit. Automated counts were compared against manu-
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ally established reference counts to assess counting accuracy at the video level. Counting
accuracy was calculated as:

Accuracy (%) = [1 − (|C_pred − C_gt|/C_gt)] × 100,

where C_pred is the predicted count and C_gt is the manually determined ground-truth
count. Using this formulation, an accuracy of 100% indicates perfect agreement between
the automated count and the manually established reference count, whereas lower values
indicate greater deviation from the ground truth.

Due to the inherent difficulty of establishing reliable ground truth under high traffic
conditions, the evaluation focused on short video segments with relatively low traffic
density in order to demonstrate the feasibility of the proposed counting approach. To enable
reliable manual annotation, videos were temporally slowed down during the annotation
process. Original video segments of approximately 15 s were replayed at reduced speed,
corresponding to an effective duration of approximately 180 s. This procedure allowed
accurate identification of entrance and exit events despite rapid bee movement near the
hive entrance. By separating image-level detection evaluation from video-based counting
assessment, the proposed framework provides a realistic representation of system behavior
under practical hive monitoring conditions, where temporal continuity and trajectory
consistency are essential.

3. Results
3.1. Image-Level Detection Performance

The image-level detection performance of the YOLO-based models was first evaluated
to assess their ability to localize and identify individual honey bees at hive entrances under
domain-specific conditions. This evaluation was conducted at the frame level and served
to verify that the models successfully learned discriminative visual features relevant to the
target application prior to system-level analysis.

On the validation dataset, all evaluated models achieved high detection accuracy,
indicating effective convergence and stable learning behavior. Among the YOLOv8 variants,
YOLOv8n achieved a mean Average Precision at an Intersection over Union threshold
of 0.5 (mAP@50) of 0.98, with corresponding precision and recall values of 0.96 and 0.95,
respectively. These results demonstrate that the lightweight YOLOv8n architecture provides
reliable detection performance while maintaining low computational complexity. The larger
YOLOv8s model exhibited slightly higher detection accuracy, achieving improved precision
(0.97), recall (0.96), and mAP@50 (0.99), reflecting the expected trade-off between model
capacity and performance.

Comparable trends were observed for the YOLOv11 and YOLOv26 architectures. For
both model families, the “s” variants consistently outperformed their lightweight counter-
parts in terms of precision, recall, and mAP metrics, albeit at the cost of increased model size
and training time. Overall, validation results indicate that all evaluated models are capable
of robust honey bee detection under hive entrance conditions. A detailed summary of
validation detection performance and computational characteristics is provided in Table 1.
Detection metrics were computed at the best-performing epoch for each model.

Image-based test performance was evaluated using a fully independent test dataset
composed of previously unseen frames from the same operational domain. As shown in
Table 2, all models maintained high precision and recall on the test dataset, with mAP@50
values exceeding 0.96 across architectures. YOLOv8s achieved the highest overall test
performance among the evaluated models, while also demonstrating efficient inference
speed. Lightweight models such as YOLOv8n and YOLOv11n provided competitive
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accuracy with reduced computational cost, highlighting their suitability for resource-
constrained deployments. Inference speed ranged from approximately 65 to 118 frames per
second, confirming that all models are capable of near real-time image-level processing.

Table 1. Validation, detection performance and computational characteristics of YOLO-based models.

Model Parameters (M) Precision Recall mAP@50 mAP@50–95 Training Time (h)

YOLOv8n 3.2 0.96 0.95 0.98 0.74 1.44
YOLOv8s 11.2 0.97 0.96 0.99 0.77 5.46

YOLOv11n 2.6 0.96 0.95 0.98 0.74 3.34
YOLOv11s 9.4 0.97 0.96 0.99 0.78 5.45
YOLOv26n 2.4 0.96 0.95 0.98 0.74 8.42
YOLOv26s 9.5 0.97 0.96 0.99 0.78 7.18

Table 2. Image-based test detection performance of YOLO-based models.

Model Precision Recall mAP@50 mAP@50–95 F1 Inference
(ms/img) Inference (fps)

YOLOv8n 0.93 0.97 0.96 0.73 0.95 9.78 102.25
YOLOv8s 0.94 0.98 0.98 0.76 0.96 8.45 118.31

YOLOv11n 0.93 0.97 0.97 0.73 0.95 15.32 65.28
YOLOv11s 0.94 0.98 0.98 0.76 0.96 10.27 97.35
YOLOv26n 0.94 0.96 0.96 0.73 0.95 11.67 85.68
YOLOv26s 0.95 0.98 0.97 0.77 0.96 10.61 94.29

3.2. Comparison of YOLOv8n and YOLOv8s Models

A comparative analysis of YOLOv8n and YOLOv8s was conducted to examine the
trade-off between model complexity, detection accuracy, and computational efficiency.
Although YOLOv8s consistently outperformed YOLOv8n in image-level detection metrics,
the observed performance gains were moderate relative to the increase in model size and
computational cost. YOLOv8n provides a lightweight baseline that enables efficient infer-
ence with reduced computational requirements, making it suitable for resource-constrained
deployments. In contrast, YOLOv8s offers improved detection robustness and higher accu-
racy, which can be advantageous under more challenging visual conditions. Importantly,
this comparison highlights that image-level detection accuracy alone is insufficient to fully
characterize system performance for entrance–exit counting tasks, where tracking stability
and temporal trajectory continuity play a critical role. Training convergence behavior and
learning dynamics for both YOLOv8 variants are illustrated in Figure 2. Both models
exhibited stable convergence without signs of overfitting, confirming their suitability for
subsequent system-level evaluation.

3.3. Video-Based Entrance–Exit Counting Performance

Based on the image-level detection accuracy and computational efficiency reported
in Tables 1 and 2, YOLOv8n and YOLOv8s were selected for video-based entrance–exit
counting experiments. These two models represent complementary trade-offs between
lightweight inference efficiency (YOLOv8n) and enhanced detection robustness (YOLOv8s).
Other evaluated model variants did not provide additional methodological insight at the
system level and were therefore excluded from further video-based analysis. Using the
integrated detection, multi-object tracking, and ROI-based trajectory analysis pipeline,
the proposed system successfully quantified aggregate entrance and exit counts for all
evaluated hive entrance videos (Table 3). Both YOLOv8n and YOLOv8s enabled stable
tracking of individual bees, allowing reliable identification of entrance and exit events
based on direction-aware trajectory crossings. Quantitative comparison with manually
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established reference counts indicated that YOLOv8s generally achieved comparable or
moderately improved counting accuracy relative to YOLOv8n, with more consistent perfor-
mance observed for exit events. In some scenarios, YOLOv8s showed improved robustness
involving brief occlusions and rapid bee movements near the hive entrance. However,
both models exhibited notable counting deviations under higher traffic densities, and
neither model consistently outperformed the other across all evaluated videos and event
types. Given the limited duration of the evaluated videos and the relatively low number of
counted events, the reported results should be interpreted as a proof-of-feasibility rather
than a comprehensive large-scale validation. It should also be noted that the test videos
used for counting evaluation were obtained from publicly available online sources with
diverse and uncontrolled recording conditions, rather than from a standardized acquisition
setup designed specifically for hive entrance monitoring. This heterogeneity in camera
angle, resolution, distance, and background likely contributed to the observed variability in
counting accuracy. Nevertheless, the findings demonstrate that the proposed pipeline can
effectively translate frame-level detections into accurate video-level entrance–exit estimates
under domain-specific conditions.

 

Figure 2. Training dynamics of YOLOv8n (left) and YOLOv8s (right), showing loss curves and
detection metrics over training epochs.
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Table 3. Video-level aggregate entrance–exit counting performance of YOLOv8 models.

Video Event Ground Truth YOLOv8n YOLOv8s Accuracy
YOLOv8n (%)

Accuracy
YOLOv8s (%)

Video1 In 32 11 11 34.4 34.4
Video1 Out 17 12 14 70.6 82.4
Video2 In 4 4 4 100 100
Video2 Out 7 4 5 57.1 71.4
Video3 In 15 19 22 73.3 53.3
Video3 Out 11 17 17 45.5 45.5

A qualitative illustration of the detection, tracking, and counting pipeline is provided
in Figure 3, demonstrating how individual bee trajectories are maintained across frames
and how direction-aware crossings of the region of interest (ROI) boundary are used to
identify entrance and exit events at the hive entrance.

 

Figure 3. Example configurations of the region of interest (ROI) used for hive entrance monitoring
and trajectory-based counting. (a) Polygonal ROI applied to a horizontal hive entrance, illustrating
tracked bee identities and direction-aware boundary crossings. (b) Circular ROI configuration used
for a vertical hive entrance, demonstrating stable multi-object tracking and aggregation of entrance
and exit events.

To provide additional qualitative insight into the visual cues used by the detection
models, Grad-CAM visualizations were generated for representative frames. As illustrated
in Figure 4, both YOLOv8n and YOLOv8s primarily attend to the body contours of indi-
vidual bees, supporting the interpretability of the learned features under the evaluated
conditions. The visualizations indicate that both models focus primarily on bee body
structures during detection.

The limited number of evaluated videos was primarily due to the lack of standard-
ized, high-quality, publicly available datasets suitable for direction-aware hive entrance
monitoring, highlighting a current gap in the literature.
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Figure 4. Qualitative visualization of model attention using Gradient-weighted Class Activation
Mapping (Grad-CAM): (a) Original input frame with overlaid attention heatmap, (b) Grad-CAM
response for YOLOv8n and (c) Grad-CAM response for YOLOv8s.

4. Discussion
Our findings show that deep learning–based object detection models can reliably

identify individual honey bees at hive entrances under a wide range of visual conditions,
achieving high image-level detection accuracy (mAP@50 = 0.96–0.98) on an independent
test dataset. When combined with BoT-SORT multi-object tracking and direction-aware
region-of-interest analysis, these models enabled automated quantification of entrance and
exit events from video recordings. Although counting accuracy at the video level varied
across evaluation scenarios, the overall results demonstrate the feasibility of automated,
non-invasive monitoring of colony entrance activity. By avoiding limitations associated
with observer fatigue, short observation periods, and potential human disturbance at the
hive entrance, such systems provide new opportunities to investigate honey bee ecology,
foraging dynamics, and colony responses to environmental change.

The results of this study provide a technical foundation upon which the following
ecological applications can be realized. Although these applications have not been empir-
ically tested within the scope of the present work, they represent the primary scientific
motivation for developing automated entrance monitoring systems and are discussed here
to contextualize the significance of the reported findings. From an ecological perspective,
the capacity to quantify entrance traffic continuously across hours, days, and seasons
represents a fundamental advance in colony-level monitoring. Entrance activity directly
reflects colony foraging effort, which in turn depends on worker population size, brood
production demands, food store levels, and external resource availability [38,39]. Temporal
patterns in entrance traffic provide integrative measures of colony condition that respond
to multiple internal and external drivers [13,40]. Previous studies using manual observa-
tion or limited sensor arrays (e.g., environmental sensors or simple optical counters) have
documented diurnal and seasonal variation in entrance activity, revealing peaks coinciding
with favorable temperature and floral resource availability [41–43]. However, these studies
typically captured only brief snapshots of activity, limiting our understanding of how
colonies adjust foraging effort in response to rapidly changing environmental conditions or
resource landscapes.

Continuous monitoring enabled by automated systems allows investigation of colony
responses to environmental drivers at ecologically relevant time scales. For example,
minute-to-minute fluctuations in entrance traffic may reflect real-time adjustments to
weather conditions, while hourly patterns reveal temperature- and light-dependent activity
thresholds [44]. Day-to-day variation can indicate shifts in floral resource availability
or colony nutritional demands, and seasonal trajectories document colony phenology,
including spring buildup, summer foraging peaks, and autumn preparation for overwin-
tering [12,45]. By capturing this hierarchy of temporal variation without the need for con-
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tinuous human presence, automated monitoring systems generate datasets of exceptional
temporal depth, enabling robust tests of hypotheses related to colony decision-making,
foraging strategies, and adaptive responses to environmental heterogeneity.

Directional movement classification, that is, the distinction between incoming and
outgoing bees, adds critical functional information to raw activity counts. Incoming traffic
dominated by pollen-laden foragers indicates active resource collection, whereas more
balanced bidirectional traffic can reflect orientation flights, robbing behavior, or other
non-foraging activities [46,47]. Asymmetries between incoming and outgoing counts can
signal unusual colony states, such as defensive behavior with net emigration, or conversely,
abnormal retention of foragers due to navigational disruption [46]. Moreover, the ratio of
pollen-bearing to non-pollen-bearing incoming foragers provides additional information
about resource preferences and floral community composition [48], although the system
developed in the present study does not yet distinguish pollen loads. Future integration of
additional image analysis modules could extract such fine-grained behavioral data from
entrance monitoring footage.

The image-level performance of the evaluated models across varied visual condi-
tions, including different lighting regimes, backgrounds, and activity densities, addresses
a critical requirement for field deployment in ecological research and apicultural prac-
tice. Natural hive entrances experience dramatic fluctuations in illumination across daily
and seasonal cycles, from direct morning sunlight to shaded afternoon conditions and
dawn/dusk transitions [49]. Backgrounds vary from uniform hive surfaces to cluttered
vegetation, depending on apiary configuration. Traffic density spans at least two orders
of magnitude, from sparse early morning activity to intense midday foraging peaks that
may exceed hundreds of passages per minute in large colonies during peak bloom [46]. All
six evaluated models achieved mAP@50 values of 0.96 or above on the independent test
dataset, with inference speeds ranging from approximately 65 to 118 frames per second. The
marginal performance differences observed between architecture families (mAP@50 ≤ 0.02)
suggest that architecture-specific design choices have limited impact when training data
quality and quantity are adequate. Although these benchmarks were obtained on a high-
specification GPU workstation, the inference speeds reported in Table 2 confirm that all
models exceed the frame rate requirements of standard cameras (25–30 fps). On embedded
or edge computing hardware (e.g., NVIDIA Jetson Nano or Raspberry Pi with accelerator),
inference speeds are expected to be substantially lower, and lightweight variants such as
YOLOv8n or YOLOv11n would be preferable for such deployments. Notably, YOLOv26
variants required substantially longer training times (8.42 h for YOLOv26n and 7.18 h for
YOLOv26s) compared to their YOLOv8 and YOLOv11 counterparts, while yielding no
meaningful accuracy gain, making them less practical for resource-constrained or real-time
field applications. The comparative analysis of YOLOv8n and YOLOv8s further revealed
that differences in tracking stability and counting accuracy became more apparent at the
video level than at the image level, as detailed in Section 3.

From a methodological standpoint, the performance observed in this study is in line
with broader trends in automated biodiversity monitoring, where deep learning approaches
increasingly match or exceed expert human performance for species identification and
behavioral classification tasks [50,51]. For insects specifically, recent applications have
demonstrated successful automated detection and classification in complex field environ-
ments, including nocturnal moth monitoring, agricultural pest surveillance, and pollinator
or broader insect communities [26,27,52]. Our study extends these advances to the moni-
toring of social insect behavior by demonstrating that detection and tracking algorithms
can be specifically adapted to quantify biologically meaningful individual actions, such
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as entrance and exit movements. When aggregated over time, these individual-level
measurements yield colony-level metrics that are directly relevant to population ecology.

The video-based counting evaluation revealed both the promise and current limita-
tions of the proposed approach. Under low-traffic conditions, the system achieved accurate
entrance and exit counts closely matching manual reference values. However, counting
accuracy decreased in scenarios involving higher traffic density, frequent occlusions, and
rapid movements near the hive entrance. The low counting accuracy observed for specific
event types, such as “In” events in Video 1 (34.4%) and “Out” events in Video 3 (45.5%), can
be attributed primarily to tracking failures under elevated traffic density and frequent occlu-
sion near the hive entrance. In these scenarios, bees entering or exiting in close succession
produced overlapping bounding boxes, causing identity switches and trajectory fragmenta-
tion in the BoT-SORT tracker. Additionally, the heterogeneous recording conditions of the
publicly available test videos, including variable camera angles, distances, and background
complexity, amplified these effects. Practical mitigation strategies include standardizing
camera placement to provide an orthogonal view of the entrance board, reducing entrance
width to limit simultaneous passage, and employing higher-frame-rate cameras to reduce
inter-frame displacement. At the algorithmic level, integrating re-identification modules or
appearance-based tracking constraints could reduce identity switches in crowded scenes.
These improvements are expected to substantially increase counting accuracy under real op-
erational conditions. Human observers counting fast-moving targets like flying bees exhibit
substantial disagreement, particularly during high-traffic periods when error rates may
exceed 20% [53]. While the automated system does not yet consistently surpass manual
counting accuracy across all conditions, its consistency and the absence of observer fatigue
effects suggest that with further refinement of tracking components, automated monitoring
has the potential to generate more reliable long-term datasets than those derived from man-
ual observation. This improved measurement precision has direct implications for statistical
power in comparative and experimental studies, potentially reducing sample sizes needed
to detect biologically meaningful differences in colony activity. The discrepancy between
image-level detection accuracy and video-level counting accuracy highlights that track-
ing stability and temporal trajectory continuity are critical determinants of system-level
performance, and that improvements in these areas represent the most promising avenue
for enhancing counting reliability. Given the limited number and duration of evaluated
video segments, the reported counting results should be interpreted as a proof-of-feasibility
demonstration rather than a comprehensive validation of operational counting accuracy.

Beyond its technical performance, the primary biological value of automated entrance
monitoring lies in enabling explicit, testable ecological hypotheses. For example, sustained
quantification of directional entrance traffic could be used to test whether colonies adjust
foraging intensity proportionally to short-term fluctuations in floral resource density, or
whether deviations from expected diurnal traffic curves precede measurable declines in
brood production or colony weight. Similarly, long-term traffic asymmetries between
incoming and outgoing foragers may provide early indicators of stress-related mortality or
orientation disruption. By transforming entrance activity into a continuous, high-resolution
colony-level behavioral metric, such systems create opportunities to experimentally evalu-
ate causal relationships between environmental change and colony dynamics.

Several ecological applications could benefit from further development and deploy-
ment of validated entrance monitoring systems. Colony health assessment represents one
priority area, as deviations from expected entrance activity patterns can signal disease,
nutritional stress, or exposure to environmental contaminants [12,54,55]. Colonies suffering
from pathogens, parasites, or pesticide exposure often exhibit reduced foraging activity,
altered diurnal patterns, or abnormal forager mortality, manifesting as asymmetric en-
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trance/exit ratios [56,57]. Continuous monitoring could enable early detection of such
anomalies before colony failure becomes irreversible. Similarly, the effectiveness of man-
agement interventions (such as supplemental feeding, therapeutic treatments, or queen
replacement) can be objectively evaluated by quantifying changes in entrance activity
relative to control colonies [19].

Landscape-scale studies of honey bee foraging ecology represent another promising
application. By deploying entrance monitors across apiaries distributed along environmen-
tal gradients or contrasting land-use contexts, researchers could examine how landscape
composition and configuration influence colony-level foraging success [58,59]. Variation in
entrance activity among colonies in different landscapes would indicate spatial heterogene-
ity in resource availability, potentially identifying land management practices that support
or limit pollinator populations. When combined with information on floral community
composition and bloom phenology, entrance activity data could reveal plant-pollinator
interaction dynamics at colony-relevant spatial scales [60].

Climate change impacts on pollinator phenology could also be investigated through
entrance monitoring. Long-term datasets on seasonal entrance activity patterns would
document shifts in colony spring emergence, foraging season length, and autumn prepara-
tion for dormancy [61]. Comparisons across years or geographic locations could identify
relationships between temperature trends, floral resource phenology, and colony activity,
addressing key uncertainties about how pollinator populations will respond to continued
warming [62]. Moreover, extreme weather events (heat waves, cold snaps, droughts, or
storms) exert acute effects on honey bee foraging that remain poorly documented due to
the difficulty of maintaining observations during such periods. Automated monitoring
systems would capture these events without gap, providing data on colony resilience to
environmental extremes.

Despite the demonstrated capabilities of our system, several limitations and challenges
deserve attention. First, while image-level detection performance was consistently high
across all evaluated models, video-based counting accuracy was variable and declined
under higher traffic densities. The primary source of counting errors appears to lie in the
tracking stage rather than detection, as brief occlusions, rapid direction changes, and over-
lapping trajectories near the hive entrance can lead to identity switches or missed events.
Additionally, the test videos used for counting evaluation were sourced from publicly avail-
able online recordings with uncontrolled and heterogeneous capture conditions, rather than
from a dedicated, domain-specific video acquisition protocol. Differences in camera angle,
resolution, distance to the hive entrance, and background complexity across these videos
likely amplified tracking difficulties and contributed to the observed variability in counting
performance. Future work employing standardized video recordings captured under con-
trolled, domain-specific conditions is expected to substantially improve counting accuracy
and enable more robust system-level validation. Furthermore, expanding training datasets
with additional high-density scenarios and exploring more advanced tracking algorithms
could further improve robustness in challenging conditions. Second, our current imple-
mentation focuses solely on traffic quantification without distinguishing among behavioral
states or external indicators such as pollen loads. While entrance counts provide valuable
colony-level activity metrics, additional ecological insights could be gained from automated
classification of forager behaviors, resource loads, and individual states (e.g., healthy versus
diseased) [13,63]. Integrating multi-task learning approaches that simultaneously detect
bees and classify their attributes represents a logical extension of our framework, though
validation would require larger annotated datasets with fine-grained behavioral labels.
Third, while our system operated reliably under the evaluated conditions, during valida-
tion trials, long-term deployment in operational settings will require attention to practical
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considerations, including weather protection for camera hardware, power management
for continuous operation, data storage and transmission, and maintenance protocols. Sev-
eral recent studies have addressed these engineering challenges for camera-based wildlife
monitoring, providing relevant precedents for developing robust field deployments [64,65].
Integration with solar power systems and wireless data transmission would enable remote
deployment in apiaries lacking electrical infrastructure, expanding the geographic scope
of potential monitoring applications. Fourth, our validation focused on entrance activity
for Apis mellifera, the most widely studied and economically important honey bee species.
The model was trained and evaluated exclusively on Western honey bee imagery; its
performance on other Apis species with different body sizes, coloration, or flight patterns
has not been tested and cannot be assumed. Similarly, hive entrance appearance varies
considerably across hive types and materials, and performance may differ across these
configurations. While the general object detection approach is expected to transfer across
taxa and hive types given appropriate retraining data, dedicated validation studies are
needed before deployment in non-mellifera or non-standard contexts, given the considerable
diversity in nesting biology and entrance configurations across bee species [66]. Expanding
automated monitoring to diverse wild bee taxa represents an important frontier for pol-
linator biodiversity research but will require coordinated dataset generation efforts [25].
Therefore, the present results should be interpreted as species- and setup-specific, and not
as directly generalizable without retraining and validation under the target conditions.
Fifth, we emphasize that entrance activity data, while valuable, represent only one dimen-
sion of colony ecology. Comprehensive assessment of colony health and function requires
integration with other metrics, including brood production, disease prevalence, nutritional
status, and genetic diversity [67,68]. Entrance monitoring is best viewed as a component of
multi-faceted monitoring programs rather than a standalone diagnostic tool. Nonetheless,
the ease and scalability of automated entrance monitoring relative to more invasive assess-
ment methods (e.g., hive inspections, brood counts, pathogen screening) position it as a
valuable first-line surveillance tool that could trigger more detailed investigations when
anomalies are detected.

Looking forward, several research priorities emerge from our work. Methodologically,
continued refinement of tracking algorithms to handle higher density aggregations and
longer tracking durations would expand system capabilities. Integration of behavioral clas-
sification modules to automatically identify forager states, interaction events, or unusual
activities would enrich the biological information extracted from monitoring data. Devel-
opment of lighter computational implementations suitable for edge computing devices
would reduce power requirements and enable fully autonomous field deployments. From
an ecological standpoint, the most pressing need is for longitudinal datasets that leverage
automated monitoring to document entrance activity patterns across seasons, years, and
environmental gradients. Such datasets would provide unprecedented opportunities to
test hypotheses about honey bee population ecology, foraging optimization, colony life
history, and responses to anthropogenic environmental change.

5. Conclusions
This study demonstrates that automated, image-based detection and tracking can pro-

vide accurate identification of individual honey bees and a feasible pipeline for translating
these detections into entrance and exit counts at the hive level. Although further refinement
of tracking and counting components is required to improve performance under complex
field conditions, the proposed framework establishes a robust foundation for continuous,
non-invasive colony monitoring. By enabling the transformation of hive entrance activity
from an intermittently observed variable into a continuously quantified parameter, this ap-
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proach supports the assessment of colony dynamics at fine temporal scales. Such advances
provide new opportunities for understanding honey bee population processes and offer
practical tools for ecological research, precision apiculture, and pollinator conservation.
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