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Abstract. Stingless bee entrance monitoring requires a non-invasive tool to 
measure colony traffic without disrupting foraging. A hybrid edge-cloud 

object identification system and physics-aware vision instrumentation 
framework are used to track stingless bees in this paper. The system uses a 
Raspberry Pi 4 edge node, Sony IMX296 Global Shutter camera, Only Look 
Once (YOLO)-based detection, and Observation-Centric Simple Online and 
Realtime Tracking (OC-SORT) tracking. Because entry activity implies 
foraging intensity, the traffic count can be a non-invasive proxy for colony 
health and yield. The edge-side YOLO11 and OC-SORT tracking pipeline 
found trajectory fragmentation during high-speed ingress. A frame interval 

of 0.0667 s was achieved using a 15 FPS edge processing rate. Inter-frame 
displacement may approach 0.333 m for bee motion exceeding 5 ms-1, 
producing missed detections and identity switching. Thus, a sampling-based 
tracking failure situation happens when a bee travels more than the tracker's 
maximum association distance between two processed frames. This 
illustrates that frame rate, bee velocity, field-of-view scale, detector recall, 
tracker association tolerance, and biologically meaningful bee counting 
interpretation all affect bee tracking reliability. Validation using 14 one-

minute Geniotrigona thoracica entrance videos showed an average IN 
counting accuracy of 85.0%, OUT counting accuracy of 66.7%, and total 
counting accuracy of 76.3% compared with manual video counting. 

1 Introduction 

Stingless bees are important tropical pollinators and are widely associated with 
meliponiculture, crop pollination, honey production and ecological sustainability [1, 2]. In 
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practical beekeeping, external hive entrance activity is one of the simplest indicators of 

colony condition. A healthy colony normally shows active foraging traffic, while abnormal 

entrance behaviour may indicate stress, predator disturbance, weak colony activity or 

environmental changes [3]. However, manual observation of bee traffic is labour-intensive, 

subjective and difficult to repeat over long monitoring periods [4, 5]. 

 Computer vision offers a promising solution because it allows non-invasive monitoring 

of bees without opening the hive [6, 7]. Nevertheless, bee entrance monitoring is not only an 

artificial intelligence problem [8]. From the viewpoint of instrumentation and computational 
physics, the system must measure small and fast-moving objects, maintain temporal 

continuity of trajectories, and convert image-based position data into interpretable motion 

quantities [9]. Therefore, tracking reliability depends on the interaction between optical 

sensing, frame rate, computational latency, motion blur, object detector recall, and tracker 

association logic [10, 11]. 

 This paper reports the development of a hybrid edge-cloud framework for real-time 

species identification and directional counting of stingless bees. The edge node was 

responsible for lightweight object detection and tracking, while the cloud server handled 
species classification. Moreover, this paper reframes the work for the scope of 

instrumentation and computational physics by focusing on the physical interpretation of bee 

movement and the sampling limitation of the tracking instrument. 

The main contribution of this paper is not merely to show that a low frame rate affects 

tracking. Instead, the contribution is to formulate a sampling-based design rule for bee 

entrance tracking. The paper proposes that tracking failure occurs when the physical inter-

frame displacement of a bee exceeds the allowable displacement that the tracker can 

associate. 

2 System concept and instrumentation framework 

Fig. 1 illustrates the monitoring system which consists of four main layers: optical sensing, 

edge inference, trajectory analysis, and cloud server monitoring/communication. This 

structure follows the general cloud-edge-device concept, where time-sensitive tasks can be 

processed near the sensing node while more computationally demanding analysis can be 

handled in the cloud [12].  

 

 

Fig. 1. Hybrid edge-cloud instrumentation framework for stingless bee entrance monitoring. The edge 
node performs real-time body tracking and directional counting, while the cloud server performs data 
updates and dashboard visualisation 
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 The optical sensing layer captures video of the hive entrance using Sony IMX296 Global 

Shutter sensor. The edge inference layer performs real-time bee detection and multi-object 

tracking. The trajectory analysis layer converts frame-wise object positions into directional 

movement states. The cloud server monitoring/communication layer performs data updates 

and dashboard visualisation. 

 The visual sensing is based on a Raspberry Pi 4 Model B connected to a Sony IMX296 

global shutter camera through the MIPI CSI-2 interface. The use of a global shutter camera 

is important because all pixels are exposed simultaneously. This helps reduce rolling-shutter 
distortion when fast-moving bees pass through the field of view. This optical design was 

selected to support high-speed entrance monitoring and reduce motion artefacts in the 

captured video. 

 The software architecture follows a distributed edge-cloud design. The Raspberry Pi 

operates as the edge node and runs the lightweight YOLO11 detector and OC-SORT tracker. 

Lightweight telemetry, such as total IN/OUT count, is transmitted to a web-based dashboard 

through an MQTT publisher-subscriber structure. 

2.1 Detection, tracking and counting method  

The proposed vision system uses a YOLO-based detector and OC-SORT tracker for 

Geniotrigona thoracica entrance counting. In this paper, all detected bees are treated as a 
single tracking class. This is appropriate because the objective is not species identification, 

but reliable detection, identity continuity and directional counting at the hive entrance. The 

detector localises bees in each processed frame, while OC-SORT links detections across 

consecutive frames to maintain object identity and trajectory history. 

The dataset was created using video frames of Geniotrigona thoracica activity at the hive 

entrance. A total of 14 hive-entrance videos were selected for validation, and each video was 

analyzed using a fixed 1-minute counting interval. Frames were extracted from the video 

sequences and manually annotated using tight bounding boxes around visible bee bodies. The 
annotation focused on bee body localization rather than species labelling because the edge-

side YOLO11 model was designed as two movement classes, namely “IN” and “OUT” 

detector for tracking and directional counting. The recordings represented practical outdoor 

hive-entrance conditions, including natural lighting variation, shadow near the entrance, 

partial occlusion, hovering behavior, fast-moving bees, and bees crossing the field of view at 

different speeds. This allows the model to prioritise detection and tracking robustness, 

especially for small, blurred or partially occluded bees near the entrance. Directional counting 

is performed using a three-zone buffer logic. Two virtual vertical lines divide the image into 
Hive Zone, Buffer Zone and Air Zone. Line A is placed at 30% of the frame width, while 

Line B is placed at 60% of the frame width as can be seen from Fig. 2. A valid IN count is 

recorded only when the tracked bee moves from Air Zone through Buffer Zone into Hive 

Zone. A valid OUT count is recorded only when the tracked bee moves from Hive Zone 

through Buffer Zone into Air Zone. This buffer-zone logic acts like a hysteresis filter. It 

rejects bees that hover near the entrance, turn back inside the buffer zone or perform guarding 

behaviour without completing a full directional transition. However, the logic depends 

strongly on identity continuity. If the tracker loses the bee ID during the buffer transition, the 
state machine resets and the count may be missed. 

The YOLO11 detector was implemented using the Ultralytics object-detection 

framework and configured for lightweight hive-entrance bee detection. The dataset followed 

the same annotation structure as the previous stingless bee entrance-detection experiment, 

consisting of 165 original images with 206 bounding-box annotations across two movement 

classes, namely “IN” and “OUT”. Augmentation using rotation, flipping, and exposure 

adjustment increased the dataset to 387 images. The augmented dataset was divided into 336 
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training images, 17 validation images, and 34 testing images. Training was performed for 

100 epochs using an input image size of 640 × 640 pixels and batch size of 16. The confidence 

threshold and non-maximum suppression IoU threshold were set to 0.25 and 0.70, 

respectively, during inference following the default Ultralytics prediction configuration. The 

detector achieved an overall precision of 0.959, recall of 0.938, F1-score of 0.948, mAP@50 

of 0.918, and mAP@50–95 of 0.511. These values indicate that the detector was suitable for 

small-object bee movement detection, although additional motion-blurred and high-speed 

samples are still required to improve tracking continuity during rapid entrance crossing. 
For validation, each video sample was analyzed using a fixed 1-minute counting interval. 

Within each 1-minute interval, the automated system produced the YOLO + OC-SORT 

predicted IN and OUT counts, while the same video segment was manually reviewed to 

obtain the Manual in and Manual Out counts. The automated counts were then compared 

against the manual counts to calculate IN accuracy, OUT accuracy and total counting 

accuracy. 

Table 1 shows the Tracking and instrumentation parameters used in the proposed 

framework. The edge-side tracking model was configured for lightweight bee detection and 
real-time trajectory association. The objective of training was to support robust localisation 

of bees in entrance videos, so that the tracker could preserve object identity during Air-

Buffer-Hive or Hive-Buffer-Air transitions. The counting performance can be evaluated by 

comparing automated IN/OUT counts with manual counting from video observations. 

 

Fig. 2. Three-zone buffer logic for bee entrance tracking. Line A is positioned at 30% of the frame 

width and Line B is positioned at 60% of the frame width. A count is recorded only when the bee 
completes a full directional transition. 

2.2 Physics-aware trajectory formulation 

The object detector and tracker produce the centroid position of each detected bee in every 

processed frame. The image position of bee, i at time, t can be written as: 

p_i (t)={x_i (t),y_i (t)} (1) 

where xi(t) and yi(t) are the image coordinates in pixels. If the camera is calibrated using 
a spatial scale factor ks in metres per pixel, the projected displacement between two 

consecutive frames,  𝛥𝑠𝑖  can be estimated as: 

4

EPJ Web of Conferences 377, 02010 (2026) https://doi.org/10.1051/epjconf/202637702010

IPS 2026



𝛥𝑠𝑖 = 𝑘𝑠√[𝑥𝑖(𝑡 + 𝛥𝑡) − 𝑥𝑖(𝑡)]2 + [𝑦𝑖(𝑡 + 𝛥𝑡) − 𝑦𝑖(𝑡)]2
  (2) 

where Δt is the frame interval is second. Then, the projected velocity, Ui is: 

𝑈𝑖 =
𝛥𝑠𝑖

𝛥𝑡
  (3) 

The frame interval, Δt depends on the effective processing frame rate and can be 

calculated from:  

𝛥𝑡 =
1

𝑓𝑠
 (4) 

where fs is the operational frame rate, and the inter-frame displacement, d can be 
calculated from 

𝑑 =
𝑈𝑖

𝑓𝑠
  (5) 

These calculations show that frame rate should not be interpreted only as a computational 
performance metric. It is also a physical sampling parameter. 

Table 1. Tracking and instrumentation parameters used in the proposed framework. 

Parameter Value 

Target species for counting Geniotrigona thoracica 

Edge node Raspberry Pi 4 Model B 

Edge camera Sony IMX296 global shutter sensor 

Detection model YOLO11 

Tracking algorithm OC-SORT 

Counting logic Three-zone buffer logic 

Frame-width boundary Line A 30% of the frame width 

Frame-width boundary Line B 60% of the frame width 

Edge operating frame rate ~15 FPS 

Reference video frame rate 60 FPS 

High-speed ingress condition 5 ms-1 

Main output IN/OUT directional bee count 

Validation method Comparison with manual video counting 

Counting interval per sample 1 minute 

3 Results 

Each video sample was evaluated over a fixed 1-minute counting interval, during which 

YOLO + OC-SORT predicted counts were compared with Manual In and Manual Out counts 

obtained from the same video segment. The manual counts are denoted as Manual In, Manual 

Out, and Manual Total (Manual In + Manual Out), while the predicted counts are denoted 
as OC-SORT In, OC-SORT Out, and OC-SORT Total (OC-SORT In + OC-SORT Out). 

The accuracy percentage was computed from the absolute counting error relative to the 

corresponding manual count. The equations report the percentage agreement between the 

YOLO + OC-SORT count and the corresponding Manual video count are: 

𝐼𝑁 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 100 − (|
𝑂𝐶−𝑆𝑂𝑅𝑇 𝐼𝑁 − 𝑀𝑎𝑛𝑢𝑎𝑙 𝐼𝑛    

𝑀𝑎𝑛𝑢𝑎𝑙 𝐼𝑛
| × 100 )  (6) 

5

EPJ Web of Conferences 377, 02010 (2026) https://doi.org/10.1051/epjconf/202637702010

IPS 2026



𝑂𝑈𝑇 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 100 − (|
𝑂𝐶−𝑆𝑂𝑅𝑇 𝑂𝑈𝑇 − 𝑀𝑎𝑛𝑢𝑎𝑙 𝑂𝑈𝑇    

𝑀𝑎𝑛𝑢𝑎𝑙 𝑂𝑈𝑇
| × 100 )  (7) 

𝑇𝑂𝑇𝐴𝐿 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 100 − (|
𝑂𝐶−𝑆𝑂𝑅𝑇 𝑇𝑜𝑡𝑎𝑙 − 𝑀𝑎𝑛𝑢𝑎𝑙 𝑇𝑜𝑡𝑎𝑙    

𝑀𝑎𝑛𝑢𝑎𝑙 𝑇𝑜𝑡𝑎𝑙
| × 100 )  (8) 

The average accuracy across from all video samples was calculated as: 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (%)  =
𝑠𝑢𝑚 𝑜𝑓 𝑣𝑖𝑑𝑒𝑜 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒𝑠 

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑣𝑖𝑑𝑒𝑜𝑠      (9) 

The edge-side counting algorithm was evaluated using 14 Geniotrigona thoracica 

entrance videos. Manual video counting produced 687 Manual In events and 638 Manual 

Out events, giving 1325 total manual events. The YOLO + OC-SORT pipeline predicted 604 

IN events and 429 OUT events, giving 1033 total predicted events. This corresponds to 

aggregate errors of -83 for IN counting, -209 for OUT counting and -292 for TOTAL counting. 
From Fig 3. and using the manual counts as the reference, the average IN counting 

accuracy was 85.0%, the average OUT counting accuracy was 66.7% and the average total 

counting accuracy was 76.3%. The best total counting accuracy was 86.4% for video sample 

V4, while the lowest total counting accuracy was 53.5% for video sample V2. The IN 

accuracy ranged from 50.0% to 100.0%, whereas the OUT accuracy ranged from 50.0% to 

80.0%. The lower OUT counting accuracy indicates an important limitation of the current 

system. Exiting bees are more difficult to count because they often emerge from the dark or 

partially occluded hive entrance and accelerate rapidly toward the Air Zone. This condition 
can produce short visibility duration, partial body appearance, high-speed motion blur, 

missed bounding boxes during boundary crossing, and temporary identity switching in the 

OC-SORT tracker. Since the three-zone buffer logic requires a continuous tracking identity 

from Hive Zone to Buffer Zone and then Air Zone, any missed detection during this transition 

can reset the state machine and produce an undercount. Therefore, the lower OUT accuracy 

is not only caused by the counting logic, but by the combined effects of detector recall, 

temporal sampling, motion blur, field-of-view placement, and tracker association tolerance. 

 

Fig. 3. YOLO + OC-SORT counting accuracy compared with manual video counting across 14 video 
samples. Each sample represents a 1-minute counting interval. IN accuracy, OUT accuracy and TOTAL 
accuracy were calculated by comparing the automated counts with the corresponding Manual In, 
Manual Out and TOTAL manual counts. 
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3.1 Sampling-based tracking failure criterion 

For a vision-based tracker, the physical distance travelled by a bee between two processed 

frames can be represented by equation (5) in section 2.2. Tracking is expected to remain 
reliable only when this inter-frame displacement, d is smaller than the maximum 

displacement that the tracker can associate between consecutive frames, i.e. d ≤ dallow. 

 Where dallow is the allowable association distance of the tracker. Therefore, tracking 

failure becomes likely when 𝑑exceeds 𝑑𝑎𝑙𝑙𝑜𝑤 . In practical terms, this means that a bee 

moving too far between two processed frames may not be associated with the same identity, 

causing missed detections, trajectory fragmentation or identity switching. To quantify the 

sampling limitation, the maximum ingress velocity was taken as 5 m s⁻¹. This value was used 

as a conservative high-speed design assumption because published honeybee flight studies 
have reported bee flight-related testing and natural flight speeds within this range or higher. 

Nachtigall measured honeybee aerodynamic conditions at velocities between 0.5 and  

5 ms⁻¹ [13]. Although direct stingless bee velocity measurement was not performed in the 

present study, the 5 m s⁻¹ assumption provides a reasonable upper-bound reference for 

evaluating sampling-related tracking failure in small, fast-moving bees. Table 2 summarizes 

the expected inter-frame displacement at different effective frame rates. The calculation 

shows that increasing the frame rate reduces the distance travelled by the bee between two 

processed frames, which improves the probability that OC-SORT can maintain the same bee 
identity. 

 Table 2. Tracking and instrumentation parameters used in the proposed framework. 

Frame rate, fs 
Frame interval, 

(Δt=1/ fs) 

Inter-frame 

displacement, (d=U/ fs) 
Tracking implication 

15 FPS 0.0667 s 0.333 m 
High risk of missed detection 

and ID switching 

60 FPS 0.0167 s 0.083 m 
More suitable, but still 

detector-dependent 

100 FPS 0.0100 s 0.050 m 
More reliable if tracker 

tolerance is around 0.05 m 

 

The numerical trend in Table 2 is illustrated schematically in Fig. 4. At 15 FPS, the inter-

frame displacement is approximately 0.333 m, which may exceed the allowable association 
distance of the tracker. This condition increases the likelihood of trajectory fragmentation 

and identity switching. At 60 FPS, the displacement decreases to approximately 0.083 m, 

producing a borderline tracking condition. At 100 FPS and above, the displacement becomes 

smaller, improving the likelihood that the tracker can associate the same bee across 

consecutive frames. 

The same bee-tracking algorithm may succeed or fail depending on field-of-view size, 

camera placement and tracker tuning. A close-up view with a small physical field of view 

may require much higher frame rate because the bee crosses the buffer region quickly. A 
wider field of view may tolerate larger displacement but may reduce bee image size and 

detection confidence. Therefore, the design problem involves a trade-off between spatial 

resolution, field coverage, frame rate and detector accuracy. 

    It also suggests that 60 FPS alone is not a complete solution. Even at 60 FPS, identity 

switching may occur if the detector misses the bee for several frames due to motion blur, 

occlusion or poor generalization to fast-moving objects. Therefore, reliable bee tracking 

requires four conditions: sufficient temporal sampling, motion-blur-aware training data, 

tracker memory that can survive short detection gaps, and a buffer-zone logic that is tolerant 
to realistic insect motion. 
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Fig. 4. Effect of allowable inter-frame displacement, 𝑑allow, at different frame rates. Higher frame 

rate reduces the inter-frame displacement 𝑑 = 𝑈/𝑓𝑠, increasing the probability that the tracker can 
correctly associate the same bee across frames. 

4 Conclusion 

This paper presented a physics-aware vision instrumentation framework for Geniotrigona 

thoracica entrance tracking and counting using edge-based object detection and YOLO + OC-

SORT tracking. The system combines a Raspberry Pi 4 edge node, Sony IMX296 global 

shutter camera, YOLO11 detector, OC-SORT tracker, three-zone buffer counting logic and 

MQTT-based dashboard monitoring. The counting validation across 14 video samples 

showed average accuracies of 85.0% for IN counting, 66.7% for OUT counting and 76.3% 
for total counting, when compared with manual video counts. The edge-side tracking result 

also revealed trajectory fragmentation during fast entrance motion, especially when the 

detector failed to maintain continuous bounding-box localization during line-crossing events. 

The main contribution of the paper is the sampling-based interpretation of tracking 

failure. At the measured edge-processing rate of approximately 15 FPS, the frame interval is  

0.0667 s. For bee velocity above 5 ms-1, the bee may travel more than 0.333 m between 

processed frames. This can exceed the allowable association distance, dallow of the tracker, 

leading to missed detections, identity switching and undercounting. The tracking failure 

condition is expressed as U/fs > dallow. 

This condition provides a practical design rule for future bee-tracking instruments. It 

shows that reliable tracking requires not only higher FPS, but also suitable camera placement, 

calibrated field of view, motion-blur-aware detection, robust tracker memory and appropriate 
buffer-zone design. Future research work should calibrate the image scale, measure bee 

velocity distribution, tune OC-SORT association parameters, add motion-blurred training 

samples, and measure bee morphology to support bee flight analysis. 
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