
2. 300 images were annotated using X-AnyLabelling and uploaded to
Roboflow. 

Tool

4. This study used YOLOv11s-seg for object detection, segmentation, and
validation. The dataset was split (90% train, 5% validation, 5% test). Training
on an NVIDIA 3070 Laptop GPU (8GB). Models were tested with various input
sizes (960×960 to 256×256) and batch size 4 over 200 epochs to optimize
performance.
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Deep Learning-Based Honeybee Hive Classification

Abstract
Traditional honey assessment is typically conducted through visual inspection by farmers, which can be inconsistent due to varying levels of experience and
different phases of honey production. With the growing demand for honey products, image processing offers an efficient alternative for estimating honey
quantity. This study presents a machine learning based method utilizing image processing to quantify honey areas inside the red, green, and blue (RGB) images
captured with a consumer-grade camera (Sony, a7R IV, 2019). Monthly image collections were conducted between July 2024 and January 2025. YOLO version 11
was applied to the 464 honeycomb images for enabling automated detection and classification of capped and uncapped honey cells. Moreover, 64.6% of
honeycomb images were used to train and validate the model. For masking capped honey cells, the mean average precision (mAP) at an intersection over
union at threshold of 0.5 was 80.5%. For masking uncapped honey cells, the mAP50 was 74.3%. Using bounding box detection, the mAP50 score was 80.5% for
capped honey cells and achieved the highest performance for uncapped honey cells at 83.4%. This method offers a reliable, scalable solution for real-time
honey quantity assessment, significantly enhancing beekeeping efficiency through automated monitoring of honey production.

Method
1. A DIY wooden studio box with a Flash Godox TT685 TTL ensured consistent
lighting. A Sony A7R4 captured 60MP images (9504x6336px).

Table 1 lists the annotated classes, with polygons drawn around objects of
interest.

3. The annotated dataset was resized for model compatibility. Augmentation
techniques like flipping, rotating, and altering image properties increased
dataset size and diversity, reducing overfitting. 

5. After predicting the image, we extract each class's segment area and
measure its region properties using scikit-image.
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Results & Discussion
 1. These table show a clear trade-off between input image size, training time,
and detection performance.

2. This comparison shows that the YOLOv11s-seg model provides similar results
to manual labeling, demonstrating its potential for automating honeycomb
analysis with minimal error (Image ID = _DSC5334).

uncapped = 352, capped = 2, others = 1

uncapped = 297, capped = 2, others = 1
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3. Example of the percertage of honey areas calculating the mask.
 capped + uncapped 

(capped + uncapped + others)
* 100Honey area (%) =

* 100Honey area (%) =

Honey area (%) = 29.944 %

Conclusion
The study shows that YOLOv11s reliably detects and classifies honeycomb
cells, achieving mAP50 scores of 80.5% for capped and 83.4% for uncapped
cells—nearly matching manual labeling. Although larger input sizes improve
accuracy, they require longer training times. Overall, integrating deep learning
with image processing provides an efficient, scalable method for real-time
honey assessment, offering a strong alternative to traditional inspections.
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