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Abstract: This study presents a field-deployable smart beehive that combines real-time, vi-
sion-based in/out counting with continuous environmental sensing on low-power edge
hardware. A four-zone entrance model with a conservation constraint (AA =0) is introduced
toregularize event inference, and practical stabilizers—a boundary buffer, short debounc-
ing, and per-track cooldown—are used to suppress spurious transitions caused by jitter, oc-
clusion, and brief reversals on the entrance lip. The system runs on a Raspberry Pi with an op-
tional Edge TPU accelerator and exposes a dashboard that collocates entrance activity with
internal and external temperature, humidity, CO,, and hive weight for management
decisions. Field experiments at two outdoor sites show that the proposed Algorithm 2 ach-
ieves event-level IN accuracy of 82.8-88.2% and OUT accuracy of 97.1-100.0%, substantially
reducing double counts relative to an aggregate-zone baseline while maintaining real-time
performance on embedded hardware. By interpreting the joint activity and microclimate
time series in the context of climate-smart agriculture, precision apiculture, and agricul-
tural-environment indicators, we demonstrate how the smart beehive can function not only
asan automated counter, but also asa sensor node for pollinator-aware, climate-smart farm
management.

Keywords: Apis mellifera, Climate-smart agriculture, Computer vision, Environmental
monitoring, Precision apiculture, Smart beehive

Introduction

Honey bees are central to agricultural productivity and ecosystem services, and
their foraging activity reflects short-term colony condition as well as landscape re-
source availability [1-3]. Reliable, scalable measurement of entrance traffic therefore
offers practical indicators for agricultural and apicultural management. Traditional
approaches—manual tallying, infrared (IR) beam gates, or tag-based systems—face
important limitations: manual counts do not scale and are observer-dependent; IR
beams suffer from occlusion and bidirectional interference during congested flows;
and tags or markers increase cost and alter natural behavior, constraining field de-

ployment [4-6].
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Computer-vision methods have emerged as a non-intrusive alternative. Early systems relied on background subtraction and
blob heuristics, which degrade under illumination changes, moving shadows, and overlapping bodies near hive slits. Recent ob-
ject-detection pipelines and tracking-by-detection strategies improve robustness but remain challenged by (i) frequent direction
reversals and short loitering bouts on the entrance lip, (ii) heavy occlusion in peak periods, and (iii) the compute and memory
constraints of low-power edge devices used in outdoor apiaries [7-9]. As a result, over-counting (double counts) and direction
flips are common failure modes, especially when frame rate is low or boundary definitions are tight. Recent work using on-hive
video loggers has also explored accuracy-energy trade-offs for bee object detection using YOLO variants [10].

This work develops a field-deployable smart beehive that integrates environmental sensing with real-time, vision-based count-
ing on frugal hardware. We formalize a four-zone entrance model with a conservation constraint (AA = 0) to regularize event
inference and introduce practical stabilizers—a boundary buffer, short debouncing, and cooldown—to suppress spurious tran-
sitions caused by jitter and brief reversals. The system runs on a Raspberry Pi with an optional Edge TPU accelerator and
exposes a dashboard that collocates IN/OUT time series with internal and external temperature and humidity, CO,, and hive
weight for management decisions.

From the perspective of environmental agriculture, climate-smart agriculture (CSA) frameworks emphasize the joint goals
of sustaining productivity, enhancing resilience to climate variability, and reducing greenhouse-gas emissions. Recent CSA-based
assessments of rice systems in Korea illustrate how weather variability, yield, and methane emissions trade off at the field scale
[11]. Similar climate-driven stressors act on pollinators: extreme heat, unseasonal warm spells, and prolonged drought can disrupt
floral resources and increase the thermoregulatory load on colonies. A smart beehive that records hive microclimate together
with entrance activity can therefore function as a CSA adaptation tool that helps maintain pollination services under changing
climatic conditions.

Smart-farm and smart-greenhouse infrastructures already use networked sensors, actuators, and cloud-based data analysis
to manage nutrient solutions and environmental parameters in controlled-environment agriculture [12,13]. At the same time,
honey bees and bumblebees remain highly sensitive to agricultural chemicals such as neonicotinoid insecticides and to broader
environmental quality, which is increasingly monitored through agricultural-environment conservation programs and air-quality
networks [14-16]. At a broader information-systems level, large-scale log-analysis infrastructures such as Beehive [17] illustrate
how heterogeneous telemetry can be mined for incident detection. In parallel, precision-beekeeping surveys and systematic reviews
report a strong trend toward intelligent, data-driven hive monitoring, encompassing environmental, acoustic, and visual sensing
modalities and a variety of analytical services to support colony management [18-20]. Positioning our system within this land-
scape, we view the proposed smart beehive not only as a counting device but also as a sensor node that can feed into cli-
mate-smart, pollinator-aware farm management.

Continuous monitoring of hive weight, temperature, and other physical variables has been used to characterize colony phenol-
ogy, foraging dynamics, and responses to environmental conditions without intrusive inspections [21-23]. Wireless sensor net-
works and Internet-of-Things (IoT) architectures for precision apiculture extend this approach by distributing sensor nodes across
many hives and sites, supporting remote observation and early-warning services [24-26]. Concurrently, studies of honey bee
thermal homeostasis and heat-stress responses have highlighted the narrow temperature range required for brood development
and the colony-level behaviors that emerge to buffer against heat and cold [27,28]. These biological insights motivate the in-
tegration of entrance activity and microclimate telemetry—here meaning continuous measurements of internal hive temperature,
relative humidity, CO, concentration, and hive weight—together with embedded analytics into a single platform that can support
both engineering and ecological interpretations of hive status.

This work makes three main contributions. First, we design and implement a vision-based smart beehive that combines
entrance video, environmental sensing, and an embedded dashboard on a low-power edge device suitable for deployment in
real apiaries. Second, we propose a conservation-aware four-zone entrance model with lightweight temporal stabilizers—where

“conservation-aware” indicates that the total number of bees in the global entrance set is constrained to be conserved (AA =
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0) between consecutive frames—and systematically analyze how frame rate and boundary spacing affect IN/OUT counting accu-
racy in field conditions. Third, we interpret the joint activity and environmental time series within climate-smart agriculture,
smart-farm, and environmental-indicator frameworks, relating hive-level signals to broader agricultural-environment contexts and

pollinator biology.

Results and Discussion

Counting accuracy of the four-zone model

Event-level accuracy for the proposed method (Algorithm 2) was as follows: Site 1 — IN = 82.8%, OUT = 97.1%; Site 2
— IN = 88.2%, OUT = 100.0%. Environment-wise summary accuracies are provided in Fig. la (IN) and Fig. 1b (OUT), and
minute-level trajectories for each environment-algorithm pair appear in Fig. 2a-d. Table 1 further summarizes IN and OUT
accuracies together with the net count error (predicted minus ground-truth events) for each algorithm-site pair; positive error
values indicate net over-counting and negative values net under-counting relative to ground truth. This tabular view makes it
visually clear that the aggregate-zone baseline (Algorithm 1) strongly over-counted both IN and OUT events, whereas the con-
servation-aware four-zone formulation (Algorithm 2) remained nearly unbiased, with only small residual count errors. Compared
with Algorithm 1, Algorithm 2 thus markedly reduced over-counting from brief oscillations, with residual discrepancies con-
centrated in a small number of ambiguous or congested intervals. These results indicate that the conservation-aware four-zone
formulation can deliver stable counting performance under realistic outdoor conditions while keeping the event logic lightweight
enough for embedded deployment (see Counting Algorithms in Materials and Methods for implementation details).

Across both sites, the CPU-only pipeline sustained approximately 3-4 frames per second (fps), whereas the Edge TPU config-
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Fig. 1. Summary accuracies by environment and algorithm: (a) IN accuracy; (b) OUT accuracy (Algorithm 1 vs. Algorithm 2).

Table 1. Summary IN and OUT accuracies and total count errors for each algorithm and site (positive error values indicate net
over-counting and negative values net under-counting relative to ground truth)

Environment  Algorithm IN accuracy (%) OUT accuracy (%) IN total count error (pred — gt) OUT total count error (pred — gt)

Environment  Algorithm 1 120 20.4 +221 +90
1 Algorithm 2 8238 97.1 +5 -1
Environment  Algorithm 1 12.8 57.7 +136 +22
2 Algorithm 2 88.2 100.0 +2 0
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Fig. 2. Minute-level ground-truth and predicted counts: (a) Algorithm 1 — Environment 1; (b) Algorithm 1 — Environment 2; (c)
Algorithm 2 — Environment 1; (d) Algorithm 2 — Environment 2.

uration sustained approximately 25-30 fps on the same scenes. End-to-end latency (capture - detection - association -> event
logic > user interface) remained under 1 s with the accelerator even with debouncing and cooldown enabled, while CPU-only
operation frequently exceeded this during bursts of activity. Higher fps yielded longer track lifetimes and fewer frame-to-frame
zone oscillations, particularly in congested entrance conditions. Detector performance was robust to moderate illumination change,
moving vegetation, and partial occlusions at the slit. False positives were most common on specular highlights and stationary debris.
Prolonged presence at the lip could mask true crossings; the proposed Algorithm 2 mitigated this via conservation (AA = 0), boun-
dary buffers, and short temporal persistence before committing events. Physical boundary spacing and frame rate jointly affected
accuracy. A spacing of approximately 3 cm or more at >25 fps reduced oscillation-induced reversals and stabilized inference; tighter
spacing (approximately 1-2 cm) increased spurious transitions, particularly on CPU where low fps magnified inter-frame
displacement. The dashboard co-visualized IN/OUT counts, fps, and environmental telemetry (internal and external temperature
and humidity, CO,, and hive weight), supporting interpretation of midday ventilation and transient slowdowns. We note several
limitations of the present field validation. First, the two outdoor sites used in this study represented temperate conditions without
prolonged periods of heavy rain or strong winds, and we did not systematically test performance under very low-light levels at
dawn, dusk, or heavily overcast days. Under such conditions, detection performance may degrade unless additional measures such
as infrared illumination, more aggressive exposure control, or higher-sensitivity cameras are employed. Second, although the
four-zone entrance model and stabilizers were designed to be robust under congested entrance conditions, extremely dense traffic

periods in which the slit is continuously blocked by overlapping bodies can still lead to under-counting or delayed event confirmation
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because individual bees cannot be reliably separated. Third, environmental factors such as water droplets, condensation, or debris
on the camera window during adverse weather can temporarily obscure the entrance region and cause intermittent loss of detections
until maintenance is performed. Future work will therefore include longer-term, multi-season deployments at additional sites to

quantify system performance across a wider range of climatic conditions, beekeeping practices, and entrance congestion levels.

Colony activity and microclimate regulation

From a biological perspective, the combined IN/OUT trajectories and microclimate telemetry provide more than simple traffic
counts. Daily activity profiles showed characteristic morning ramp-up and evening decline, with superimposed short-term fluctua-
tions that likely reflect changes in forage availability and weather. Such patterns are consistent with previous work using con-
tinuous hive weight and environmental measurements to infer foraging dynamics and colony phenology [21-23]. Networks of
smart beehives deployed across agricultural landscapes could therefore serve as distributed sensors of phenological shifts, forage
dearths, or stress events that affect many colonies simultaneously.

Microclimate measurements from the smart beehive also shed light on colony-level thermal homeostasis. Internal temperature
remained within a relatively narrow band compared with external temperature, despite substantial diurnal swings outside the
hive, and short bursts of entrance activity coincided with CO, peaks and subsequent declines, suggesting coordinated ventilation.
Representative multi-day trajectories combining entrance counts with internal and external temperature, humidity, and CO, illus-
trate how colonies adjust activity and ventilation under varying ambient conditions (Fig. 3). These observations align with ex-
perimental studies showing that honey bee colonies employ water cooling, fanning, and redistribution of workers to maintain
brood temperatures in the biologically preferred range and to respond to heat stress [27,28]. Comparisons of internal hive temper-

ature between conventional and smart hives under similar outdoor conditions (Fig. 4) further emphasize the potential of active
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Fig. 3. Representative multi-day trajectories of entrance activity and hive microclimate: (a) internal and external temperature; (b) in-
ternal relative humidity; (c) internal CO, concentration; (d) IN/OUT counts per minute.
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Fig. 4. Comparison of internal hive temperature under conventional and smart hives: (a) internal temperature time series for conven-
tional vs. smart hives under similar outdoor conditions; (b) distribution of daily minimum and maximum temperatures highlighting
improved thermal buffering in the smart beehive.

microclimate management to buffer colonies against thermal extremes.

Greenhouse case study and environmental-agriculture implications

In a pilot deployment in a commercial tomato greenhouse in Goheung, we further examined how entrance activity relates
to hive microclimate and crop production. Table 2 summarizes Pearson correlation coefficients between bee activity and mean
sensor values at different aggregation windows (12 h, 24 h, 1 week, and 1 month), as well as the correlation between monthly
cumulative bee activity and tomato yield. Short-term windows showed modest correlations between activity and internal temper-

ature or CO,, whereas weekly and monthly aggregations exhibited stronger positive associations (up to r = 0.90 for internal

temperature and r = 0.62 for CO,), reflecting that periods of sustained foraging and ventilation coincide with elevated internal
temperature and metabolic CO, loads. Monthly cumulative bee activity displayed a very strong correlation with harvested tomato
yield (r = 0.95; r* = 0.90), indicating that months with higher cumulative activity tended to coincide with higher tomato pro-
duction during the observation period. However, this estimate is based on a limited number of monthly observations collected
from a single commercial greenhouse during one cultivation cycle, and other management factors (e.g., cultivar, climate-control
setpoints, nutrient regime, and colony strength) were not controlled experimentally. We therefore regard this correlation as a
preliminary, site-specific observation rather than strict evidence of a causal relationship between bee activity and tomato yield.

At larger spatial scales, networks of such smart beehives deployed across agricultural landscapes could contribute to quantita-
tive assessments of agricultural-environment quality. Because bees forage over wide areas and respond to pesticide exposure,
air-pollutant loads, and broader agricultural-environment conditions [14-16], deviations in entrance activity or hive condition
shared by many colonies may signal wider environmental problems. This aligns with the broader use of indicators in agricul-

tural-environment conservation programs and with recent developments in precision apiculture and smart-beehive technologies

Table 2. Pearson correlation coefficients between bee activity and mean sensor values at different aggregation windows in a com-
mercial tomato greenhouse and between monthly cumulative bee activity and tomato yield

Aggregation window Internal temperature External temperature Relative humidity =~ CO, concentration Tomato yield

12 h 0.31 -0.014 0.12 0.099 -
24 h 0.25 0.22 -0.051 0.10 -
1 week 0.42 0.22 0.011 0.21 -
1 month 0.90 -0.037 -0.11 0.62 0.95
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[18-20,24-26]. By analogy with large-scale log-analysis infrastructures in enterprise networks [17], future smart-apiculture systems
will likely need to aggregate heterogeneous data streams from many hives and farms, using analytics informed by both engineering
performance and biological responses to prioritize incidents and support decision-making.

A conservation-aware four-zone model, coupled with lightweight temporal stabilizers, yields stable IN/OUT counts on
low-power hardware. Across two outdoor sites, the system achieved event-level IN accuracy of 82.8-88.2% and OUT accuracy
of 97.1-100.0%, with best performance under higher frame rates and adequate boundary spacing. Relative to aggregate-zone
methods, the approach substantially reduced double counts caused by brief reversals and boundary jitter, providing a pragmatic
basis for routine hive-activity monitoring. These findings should be interpreted in light of the fact that our field tests covered
only two sites and a limited range of weather and lighting conditions; broader, multi-season deployments under more extreme
low-light, adverse-weather, and highly congested entrance scenarios will be necessary to fully characterize system performance.

Beyond its technical performance, the smart beehive developed in this study links smart apiculture to the broader goals
of environmental agriculture. By continuously recording entrance activity together with hive microclimate and weight, the system
can support climate-smart beekeeping practices, contribute to smart-farm monitoring architectures, and provide bioindicator sig-
nals relevant to agricultural-environment conservation and air-quality management [11-16,18-20,21-28]. Future work includes
seasonal and multi-site deployments, applications in pesticide and environmental-risk assessment, and integration of hive-activity

indicators with crop performance and ecosystem-service metrics.

Materials and Methods

The platform used a Raspberry Pi 4B (5 V / 4 A) with an optional Coral Edge TPU accelerator. Environmental context
was captured via internal and external temperature and humidity sensors (e.g., SHT30, DHT22), a nondispersive infrared CO,
sensor (e.g., CM1107), and a load cell for hive-weight monitoring (e.g., CZL635, 5 kg). Optional relays drove a heater and cooling
fan. A web or on-screen dashboard presented IN/OUT counts, frames per second (fps), environmental time series, network status,
and date and time. The detailed hardware and sensor specifications are summarized in Table 3, and the physical enclosure,
sensor module, and I/O layout are illustrated in Fig. 5.

A fixed camera was mounted approximately orthogonal to the entrance plane, with a small ruler near the slit to enable
pixel-centimeter conversion. Representative camera views for long-range capture of honey bee (Apis mellifera) colonies at outdoor
hives and close-range capture of bumblebee (Bombus spp.) colonies in greenhouse pollination hives are also shown in Fig. 5.
The entrance model comprised four zones—A (global), B (inside), C (outside), and D (edge buffer). Inter-boundary spacing
between B-C and C-D was set to approximately 3 cm at 225 fps to reduce rapid state thrashing. For each site, camera intrinsics
and extrinsics, the entrance region-of-interest (ROI) mask, and boundary coordinates were stored. An example on-screen overlay

with the four-zone layout, entrance ROI, zone counters (A-D), frame rate, and environmental telemetry is displayed on the

Table 3. Hardware and sensor specifications for the smart beehive platform

Component Model/Part Specifications/Notes
Raspberry Pi 4B 5V /4 A power supply
Edge TPU (USB) Optional accelerator

Temp/Humidity Sensor SHT30 / DHT22 Internal / external
CO, Sensor CM1107 (example)
Load Cell CZL635 (5 kg)
Relay Module Heater / Fan control
Camera Entrance slit coverage; include ruler
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Fig. 5. Smart beehive hardware and entrance views in the experimental environments: top—schematic enclosures and sensor mod-
ules for the honey bee (Apis mellifera) and bumblebee (Bombus spp.) hives; middle—example long-range entrance views for honey
bee colonies at outdoor hives; bottom—example close-range entrance views for bumblebee colonies in greenhouse pollination

hives.

dashboard.

Object detection (training classes)

A lightweight single-shot detector (MobileNet-SSD variant) was trained with three classes: Honeybee (Apis mellifera),
Bumblebee (Bombus spp.), and Entrance (gate or slit). Data augmentation (rotation, scale, translation, and illumination jitter)
increased robustness to field variability. Inference ran on the CPU (approximately 3-4 fps) or the Edge TPU (approximately
25-30 fps). Confidence and non-maximum suppression thresholds were tuned per lighting condition, and detections were filtered
by the ROI before being passed to the counting logic. The detector was initialized from a publicly available MobileNet-SSD
checkpoint and fine-tuned on several thousand annotated entrance frames extracted from our field videos. Frames were split
into training and validation subsets (approximately 80:20) on a hive-by-hive basis to reduce leakage. Training used a modern

deep-learning framework with an Adam optimizer (initial learning rate on the order of 107, mini-batch size 32) for up to 50
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epochs, with early stopping based on validation loss. Model weights and configuration files were kept fixed for all experiments

reported in this study.

Counting algorithms

At a high level, both Algorithm 1 and Algorithm 2 follow the same processing pipeline: per-frame detection of bees and
the entrance, assignment of detections to predefined entrance zones, computation of zone-wise count changes between consecutive
frames, and simple rule-based inference of IN/OUT events from those changes. Two formulations were implemented. The baseline
Algorithm 1 aggregates population changes in zones B and C without a conservation constraint. After per-frame detection and
counting of (nA, nB, nC), frame-to-frame deltas (dA, dB, dC) are computed and, when a short debouncing window holds, entries
are inferred when dC < 0 and dB > 0 and exits when dB < 0 and dC > 0, incremented by min(|dC|, dB) or min(|dB|, dC).
This method is responsive but sensitive to lip loitering and boundary jitter because partial cancellations are not enforced (Fig.
6). In our implementation, the inner and outer entrance boundaries (between B and C, and between C and D) were spaced
by approximately 3 cm, and the minimum-displacement threshold min_gap was set to roughly one third of this spacing in
image-space pixels. The boundary buffer was set to +2 pixels and the debouncing window to 3 consecutive frames, while the
per-track cooldown was set to 0.5 s. These values were chosen empirically based on preliminary trials and then held fixed for

both environments; they can be adjusted in software to accommodate different camera geometries or entrance sizes.

Algorithm 1: Baseline In/Out Counting (3-zone, no conservation)

Require: frames, regions(A,B,C), 7, W
Ensure: IN, 0UT

1: IN,OUT « 0,0; init < false

2: for each f in frames do

3 det + DETECT(f,7)

1 (nA,nB,nC) < COUNT(det, regions)

5 if init then

6 (dA,dB,dC) + (nA,nB,nC) — (nAy,nBy, nCy)

T if DEBOUNCE(W) then

8 if (dC < 0) and (dB > 0) then > Cl, BT = IN
9: IN < IN + min(|dC|, dB)
10: else if (dB < 0) and (dC > 0) then > Bl, Ct = OUT
11: OUT « OUT + min(|dB|, dC)
12: end if
13: end if
14: end if
15: (ndg,nBy, nCy, dety, init) < (nA, nB,nC,det, true)
16: end for

17: return (IN,OUT)

Fig. 6. Baseline Algorithm 1 (three-zone aggregate) for IN/OUT event inference.

The schematic summarizes the main steps of the baseline pipeline: object detection and region-of-interest filtering, aggregate zone
counting, computation of frame-to-frame zone-count deltas, and simple debounced logic for committing IN and OUT events.

The proposed Algorithm 2 introduces a four-zone layout (A/B/C/D) and enforces conservation of the global set (AA = 0).
Events are confirmed only for true traversals: C>B is counted as IN; B>C as OUT; and C>D as OUT (departure). D->C cancels
a pending OUT and B->D is treated as a non-event. Stabilizers include a +1-2 pixel boundary buffer, 2-3 frame debouncing,
a short per-track cooldown (hundreds of milliseconds), a minimum-displacement check Crossed( + ) > min_gap, and a short-track

merge heuristic (Fig. 7).
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Algorithm 2: In/Out Counting (4-zone, conservation-aware)

Require: frames, regions, 7, W, Thiock, min_gap
Ensure: IN, OUT

L IN,OQUT <« 0,0; init + false

2: for each f in frames do

3: det <~ DETECT(f, 7)

4 (nA,nB,nC,nD) < CoUNT(det, regions)

5: if init then

6: (dA,dB,dC,dD) + (nA,nB,nC ,nD) — (nAg,nBy, nCy,nDy)

T if dA = 0 and DEBOUNCE(W) and COOLDOWN(Tyj0ck) then

8: if (nCy > nC) and (nB > nBy) and CROSSED(C—B.detq,det,min__gap) then
9: IN + IN+1

10: else if (nCy > nC) and (nD > nDy) and CrROSSED(C—D,dety,det,min__gap) then
11: OUT + OUT +1

12: end if

13: end if

14: (nAp,nBy,nCy,nDy, dety, init) + (nA,nB,nC,nD,det, true)

15:

16: return (IN,OUT)

Fig. 7. Proposed Algorithm 2 (four-zone with conservation) for IN/OUT event inference with debouncing, cooldown, and mini-
mum-displacement checks.

The schematic highlights the conservation-aware four-zone model with temporal stabilizers, including a global conservation con-
straint on the entrance set (AA = 0), a short per-track cooldown, 2-3 frame debouncing, minimum-displacement checks, and a
short-track merge heuristic.

Two outdoor sites representing different entrance congestion levels and background clutter were used. At each site, a 5-min
clip was annotated to produce frame-accurate IN and OUT event lists; slow-motion adjudication was used for ambiguous
sequences. Primary metrics were event-level accuracy for IN and OUT. We report means + standard deviations and Wilson
95% confidence intervals; where appropriate, paired comparisons (for example, CPU vs. TPU on identical clips) used two-sided

tests with a = 0.05.

Implementation details

All processing was implemented in Python on Raspberry Pi OS, using OpenCV for video capture and pre-processing and
a TensorFlow Lite-based runtime for MobileNet-SSD inference, with optional Coral Edge TPU acceleration. Event and sensor
time series were stored locally in a lightweight database and exposed through a simple web server for real-time visualization

on the integrated dashboard or remote clients.
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