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Abstract. There are three types of castes in honey bee (Apis mellifera L.) colony:
the queen, workers, and drones. Although they are all important to perpetuate
the species, drones do not collaborate with tasks in the colony and their counting
may overestimate the real number of foraging workers, individuals who really
contribute to pollination services. So, monitoring, classifying, and counting the
flow and proportion of workers and drones through the beehive entrance provide
useful information related to the colony’s well-being. This has become possible
thanks to the so-called Precision Beekeeeping, an emerging field of digital agri-
culture to gather and transfer bee-related data over time. Here, we propose
ApisFlow, a real-time object-tracking framework for automatically detecting,
tracking, classifying and counting the flow of honey bee castes at the hive en-
trance. ApisFlow uses computer vision and machine learning methods and al-
gorithms. We strongly believe that ApisFlow allows bee counting, tracking, and
classification in a less laborious, safe, fast, and accurate way to help beekeepers
in making decisions saving time. Suggesting a high-precision algorithm with a
mean error rate below 5%.

1. Introduction

Precision beekeeping is an emerging field of digital agriculture that integrates Computer
Science/Engineering, Biology, and Zootechnics to promote remote non-invasive monitor-
ing of bee colonies. Thanks to digital infrastructures and computing methods, precision
beekeeping allows monitoring honey bee (Apis mellifera L.) colonies seeking to support
and improve pollination services, as well the well-being and production of these insects
and beekeepers [Hadjur et al. 2022]. Although this bee species is the most used for pol-
lination services in commercial plantations around the world [Khalifa et al. 2021], they
need to meet some minimum standards in order to well perform their role as commercial
pollinators. Therefore, some parameters can be used to verify whether and when a colony
is suitable for this service [Delaplane et al. 2013]. Counting the flow of bees entering and



leaving the hive is a good indicator for that [Sagili et al. 2011]. Besides providing a good
estimate of the colony strength, observing the flow of bees in the hive entrance associated
with the detection and classification of the type of bee caste can provide more accurate
information about the pollinator potential of a colony, as well as a prediction about swarm-
ing [Boes 2010]. Honeybee colonies have three types of castes: the queen, the workers,
and the drones. Although they are all important for the perpetuation of this species on the
planet, workers and drones are the castes that are most often seen entering and leaving
the nest As drones do not collaborate with tasks in the colony and their numbers increase
when the colony is heavily populous, their count may overestimate the real number of
foraging workers, individuals who really contribute to pollination services. In addition,
these drone counts can be used as swarming predictors, helping beekeepers not to have
their colonies suddenly weakened, as long as they receive this information and quickly
carry out adequate management to avoid this phenomenon [Boes 2010]. However, the
presence of an observer in front of a beehive for counting and detecting bees, in addition
to disturbing the activities of the bee colony, can be dangerous and exhausting for this ob-
server, as well as it is not practical to be carried out continuously [Delaplane et al. 2013].

Therefore, to tackle this problem, computer vision algorithms based on Digi-
tal Image Processing (DIP) techniques can be used to monitor these variables at a dis-
tance and in real-time, facilitating diagnoses or predictions of certain events that are hap-
pening or will occur in certain colony or even in an entire apiary [Barros et al. 2021,
Albuquerque et al. 2022, Andrijevic et al. 2022]. From this perspective, here we pro-
pose ApisFlow, a framework capable of automatically detecting, tracking, classifying,
and counting in real time the honey bee castes entering and leaving the beehive by meth-
ods and algorithms of computer vision and machine learning.

2. Material and Method
2.1. Videos dataset

We used a honey bee dataset from the Appalachian State University! to test and validate
ApisFlow. This dataset has 1-minute long videos captured from the entrance of 24 bee-
hives and has been recorded since April 2022, on a daily basis, every five minutes, from
7h:00 a.m. to 8h:00 p.m.

2.2. Hardware and Software

Machine learning and computer vision algorithms are typically CPU and GPU intensive as
as they deal with billions of mathematical operations for making successful predictions.
To tackle this challenge, we used a robust computer system that included a high-end
GPU (GTX 1060 6GB), a sizeable 16GB of RAM, i5 7400, Windows 10, and GPU-
powered algorithms. Additionally, we relied on Python 3.10.9, an advanced programming
language, and leveraged a range of helpful libraries such as NumPy, SciPy, OpenCYV, and
the standard Python library.

2.3. ApisFlow flowchart

Figure 1 shows the ApisFlow dataflow. To use the ApisFlow framework, you need two
things: (1) the videos you want to count bees, and (2) a trained object detector specific
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to the dataset you are using with ApisFlow. Once you have these two requirements, you
can start counting the data. The counting process happens in a real-time and online way,
meaning it happens while the video is being processed, and each frame is only viewed
once (3). ApisFlow detects objects in the images using the object detector you plugged
in, then associates track, classifies, and counts them in that order (4). After processing
each video, the counted data is saved (5) and exported for each class (6).

Export data with
machinecountedvalues M = = = = = s s ccc e e e e == =====
for each video

Trained
object detector

Videos of beehive
entrance

to process?

Process next NO
video

Detect,
4 associate

Has next
frame?

tracks,classify
and count.

Figure 1. ApisFlow flowchart.

Over the last years, we have seen interesting advances in object detection tools
such as YOLO? (You Only Look Once), R-CNN [Girshick et al. 2014], and MobileNet
[Howard et al. 2017]. By following the best practices of software engineering, we de-
fined interfaces for object detector creation and detection. This allows us to seamlessly
use different algorithms without requiring modifications to the underlying code, only the
object detector being used. In our tests, we mainly used YOLOVS, which is currently
considered the most advanced real-time object detection method. YOLO is suitable for
the purpose of this study because it achieves both high accuracy and fast prediction times
[Yin et al. 2020].

2.4. Classification

The object detection algorithm plays a crucial role in determining the object’s category
within an image. In this study, we specifically focused on identifying and categorizing
workers, drones, and other insects, referred to as potential enemies.

2https://docs.ultralytics.com/






