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Abstract—The monitoring and predictions of various multi-

level states of honeybee colonies are performed using emerging 

Internet of Things technologies and data processing methods. It is 

become common to use multiple sensors and devices providing 

multi-modal data to monitor a single activity. Modern data 

analysis and data processing procedures include a step of data 

fusion in order to provide more accurate input data. This, 

however, requires implementation of machine learning and large 

data sets, whereas gathering large data sets of real time and 

observation data is a common problem for small to medium size 

apiaries. This why there are no real implementation of data fusion 

method in precision beekeeping field. The aim of this paper was to 

introduce the concept of data layering, which aims to solve the 

global precision beekeeping problems without implementation of 

machine learning. The concept was demonstrated within the scope 

of foraging optimization problem using three data sets: flowering 

calendar data, rainfall precipitation data and bee activity data.  
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I. INTRODUCTION  

Along with development of Internet of Things (IoT) novel 
approaches for optimization of beekeeping related activities 
were introduced [1]. Application of IoT solutions in the 
framework of beekeeping lead to introduction of a new 
subcategory of precision agriculture called precision beekeeping 
[2]. The precision beekeeping (PB) in essence is an apiary 
management strategy that uses the principles of data collection 
and data processing in order to minimize resource consumption 
and maximize productivity of bees [3].  

The main objectives of precision beekeeping are to monitor, 
detect and predict such colony states as queenlessness, 
broodlessness, pre-swarming, swarming and after swarming. 
There are many studies [4]–[7] aimed to achieve these 
objectives. The common point of these studies relates to the 
processing of a particular time series data related to colony state, 
e.g. using temperature to detect swarming or brooding.  

In modern apiaries, data are collected through use of wireless 
network technologies [8], [9]. Firstly, this introduces the 
limitations of sensory data itself, e.g. data imperfections, data 
granularity, data inconsistency. Secondly, integration of sensors 
may pose a technical challenge when environmental variables, 
such as terrain, internet or mobile network coverage, become the 
deciding factors. The solution to both of these problems is to use 

data from multiple sources, including multi sensor data, and 
non-sensory data from third party organizations, i.e. 
meteorological stations, map services. However, any additional 
data source may provide the data of different format, or in 
different time intervals, thus leading to the challenge of 
processing this data as a singular unit. This leads to the problem 
of organizing raw data before it is processed. There are various 
methods to organize raw data, the most common is 
concatenation of the two time series data sets of same format. 
The advanced methods are built around data fusion that use 
neural networks at its core [10], [11]. There are multiple 
advantages of using data fusion methods to prepare raw data 
sets, e.g. elimination of imperfections and achieving data 
consistency. The biggest advantage of data fusion is possibility 
of fuse multi modular and heterogeneous data sets. According to 
Data-Information-Knowledge-Wisdom [12] hierarchy data are 
the part of the first step of achieving a complete understanding 
of particular topic. However, data fusion methods require 
detailed data sets, typically spatial-temporal data, for training a 
neural network and, therefore, are scarcely used [13] in the 
framework of PB. One of the steps of a complete data fusion 
method is data layering – organizing the data in the form of the 
layers, where each layer corresponds to particular time series, 
e.g. one layer per month/week/day/hour/minute/second. As a 
part of data fusion method, it should be possible for data sets, 
processed using data layering approach to achieve similar 
objectives as data fusion. In the field of PB these topics include 
global objectives like monitoring the overall colony health, 
determining the level of stress, optimizing harvesting 
procedures, selection of the most effective apiary location.  

The aim of this research was to propose the concept of data 
layering in precision beekeeping field, in order to achieve 
understanding about beekeeping related global objective. 

This research was performed in the framework of 
HIVEOPOLIS project, that aims to make technologies available 
to honeybees that are naturally inaccessible for them (internet, 
databases, satellite data, robots) and to feed information 
collected by bees through these channels back to us researchers 
and also to other hives.  

II. DATA ORGANIZATION IN PRECISION BEEKEEPING 

Modern precision beekeeping incorporates the use of 
multisensory system and decision support systems [3], [14] to 



provide real-time information and expert grade support for 
beekeepers. There are various studies [15], [16] depicting the 
basic precision beekeeping – monitoring one or multiple 
particular physical variable, and use mathematical models to 
determine the current colony state.  

There are currently various data sources in the field of PB. 
These data sources can be dived into three groups, based on the 
layer of observation: [4], [17]: apiary, colony and individual bee-
related levels. 

Apiary level data includes meteorological and video 
observation data. Main meteorological parameters are wind and 
precipitations. Apiary management software tend to use [13] 
third party weather stations to acquire these parameters. Spatial 
observations allow identifying the type of fields and crops [18], 
[19] that are usable for bee foraging. The sources of apiary level 
data are wide angle video cameras, local apiary weather stations, 
public weather stations and satellite imagery services  

Colony level data includes temperature, humidity, weight, 
sound, vibration and video data. Temperature, weight and 
humidity are the most popular parameters [6], [20], whereas 
swarming and colony death are the most popular [5], [21] 
monitor objectives. Researchers use these parameters to 
determine such beehive states as broodlessness, intensive brood 
rearing, swarming, pre-swarming and after swarming, 
overheating, as well as colony death. Sound and video data are 
also used to determine air and noise pollution. Researcher use 
sound and vibrations [7] to determine such beehive states as 
quenlessness, broodlesness, swarming (including prior and after 
swarming periods), beehive overpopulation and colony death. 
The sources of colony level data are temperature sensors, 
humidity sensors, weight sensors, noise and sound receivers, 
mono and multispectral video cameras. 

The individual bee-related monitoring addresses such 
objectives as bee counting, i.e. bees going in/out of hive [22], 
number of infested bees [23], and bee activity [24]. The sources 
of individual bee-related data are mainly mono and multispectral 
video cameras. 

In general, colony state can be determined and predicted 
using such physical variables as temperature inside hive, 
ambient temperature, humidity, weight and audio data. In 
addition, such parameters as difference between temperature 
inside hive and ambient temperature, and month that represents 
a season. These variables create data sets that, although may be 
imperfect, are enough to get information related to basic hive 
and colony states. Implementation of video monitoring lead to 
additional observatory data. 

Introducing fuzzy logic helps in prediction of colony states 
in short term. Kviesis et al. [14] implemented fuzzy logic 
principles in early identification of honeybee colony states such 
as colony death and swarming using temperature inside hive, 
ambient temperature and a season. 

Komasilova et al. [25] performed the study aimed to help 
beekeepers to select the optimal place for apiary location. 
Authors proposed the heat map generation model that calculates 
optimal apiary location based on the potential amount of 
resources that can be harvested by honeybees (Apis mellifera). 
The following data sets were used as layers during the study: 

satellite image of a map, foraging area, roads, and fields. In 
addition, parameters such as minimal amount of honey required 
for local needs and average amount of honey collected by an 
apiary were taken into calculation. 

One of the scarcely available application of data fusion in 
precision beekeeping can be seen in the recent study performed 
by Braga et al. [13]. Authors trained, validated, and tested three 
well-known and distinguished classification algorithms (k-
Nearest Neighbors, Random Forest, and Neural Networks) and 
used real datasets from 6 apiaries, 27 Western honeybee (Apis 
mellifera) beehives monitored over three years (2016, 2017 and 
2018). The data sets consisted of internal temperature and 
beehive weight as well as weather data, provided by 6 
meteorological stations, including temperature, dew point, wind 
direction, wind speed, rainfall, and daylight. As a step of 
processing the raw data, Braga et al. used simple data fusion 
techniques to fuse data from internal and external sensors using 
variable timestamp. 

III. CONCEPT OF DATA LAYERING 

The basis for data layering derives from the ability to 
correlate different time series data if these sets share a common 
parameter, like timestamp. Data layering is applied in 
accordance to combination of data sets, either related or 
unrelated with each other, whereas selection of data sets is 
determined by potential distinct objectives that can be achieved, 
e.g. bee foraging optimization, colony health prediction, 
automation of management procedures.   

The concept of data layering is further described around bee 
foraging optimization objective. 

A. Preparation of data sets 

The goal of data preparation is to create a distinct relation 
between previously unrelated data sets. Data sets are created by 
pre-processing raw data using data analytics procedures, e.g. 
removing outliers, normalizing values. Data sets for global 
objectives are created mainly using apiary and colony level data, 
whereas internal hive management objectives also implement 
individual bee-related data. 

The important step of preparation is identifying a common 
parameter or longer period time series identifier, e.g. month, 
week, and day. As PB application is dependent on location that 
can influence the flexibility of monitor/prediction system, data 
sets may contain seasonal data. The data sets that cover longer 
periods are flowering calendars, precipitation calendar, and bee 
activity calendar.  

B. Data layering 

Data required to optimize bee foraging includes information 
and knowledge about a region – location, terrain, climate, local 
nectar and pollen plants, coverage of internet or mobile network; 
apiary size, bee species and their activities; weather conditions, 
especially precipitation and wind. There are also environmental 
conditions that affect a plant in terms of nectar production – air 
temperature, relative air humidity, rain, wind, sun lightning and 
it is intensity [26], [27]. There are typically regional beekeeping 
organizations, like Latvian Beekeeping Association and The 



British Beekeepers Association, responsible for delivering an 
overview about local plants, their flowering periods and 
productivity. This information is aggregated into flowering 
calendars. However, there are multiple challenges regarding the 
use of data provided by flowering calendars: there are no 
flowering calendar that would cover all plants, therefore a local 
flowering calendar must be chosen; calendars provide different 
data, i.e. flowering per month, flowering per season, amount of 
nectar and pollen in abstract scale (low, medium, high) or real 
values. In essence, there are no flowering calendar that could be 
used without modification.  

For concept demonstration purposes the flowering calendar 
[28] created in the framework of SAMS project was selected. 
Calendar provides the information about tree flowering in 
Ethiopia, depicting the tree species, plant family, growth form, 
amount of nectar and pollen using four values – none, “~” low 
quantities, “o” average quantities and “+” high quantities, and 
flowering status per month using three values – none, “o” 
flowering and “+” peak flowering period. In order to create a 
data set a normalization was applied: 

• Nectar, n:  
none: 0; low quantities: 0.5; average quantities: 1; high 
quantities: 1.5. 

• Pollen, p:  
none: 0; low quantities: 0.5; average quantities: 1; high 
quantities: 1.5. 

• Flowering, fl: 
none: 0; flowering is happening: 1; peak flower period: 
2. 

Using normalized values, the plant richness was calculated: 

• PR – plant richness, percentile; 

• MaxPR – maximal plant richness, decimal;  

• t – time period, month/week/day/hour/minute. 

  (1) 

In the following example t equal to one month and maximal 
plant richness is calculated by using the highest values: n = 1.5, 
p = 1.5 and fl = 2. In the framework of flowering calendar for 
Ethiopian nectar plants MaxPR equals to 12.5. 

For demonstration purposes four plants with distinct 
flowering and production features were selected: grevillea 
robusta, coffea Arabica, eucalyptus citriodora and 
dichrostachys cinerea. The PR of the selected plants (Fig. 1) 
constitute a one data set. The graph represents the dynamic of 
plant richness value during a year. As can be seen on Fig. 1. silky 
oak (grevillea robusta) has two periods of having plant richness 
value equal to 65% in April to May and October to December, 
and having plant richness value of 30% in other months. In 
comparison, Arabian coffee (coffea Arabica) has a stable value 
of 40% from January to August, and spiking to 80% from 
September to December. We propose to assume each particular 

data entry in data set as separate data layer. This includes each 
particular plant. 

Fig. 1. Plant richness data for four selected plants. 

Representing part of this data set, depicting two of the more 
distinct parameters using area chart, two overlapping data layers 

of this data set can be seen on Fig. 2. Based on this information 
alone it can be assumed, that fields with Arabian coffee will 
yield more honey in total; therefore, it would be economically 
efficient to change apiary location in proximity of Arabian 
coffee fields.  

Fig. 2. Data layers of two selected plants. 

The second data layer to showcase the importance of 
layering is rainfall precipitation layer. Is it proven [27] that rain 
is one of the determining factors of foraging efficiency. 
Similarly to flowering calendars, rainfall precipitation data is 
regional. The line graph representing monthly rainfall 
precipitation data typically has the form of one or multiple 
parabolas with highest points during rainfall seasons. On the 
basic level the data layer of rainfall precipitation can be based 
on historical data of previous years, whereas accurate 
calculations will require the use of rainfall prediction algorithms 
and forecasts. For demonstration purposes a monthly rainfall 
precipitation data in the form close to parabola was obtained 

 

 



(Fig. 3). In order to correlate plant flowering and rainfall 
precipitation data sets, a converting was applied to represent 
rainfall precipitation data in percentage values, instead of 
absolute numbers of precipitation amount (otherwise 
represented in centimeters or inches). From this moment 
onwards, the value of each data layer is considered a general 
“data layer value” in range of 0-100. 

Fig. 3. Rainfall precipitation data layer. 

After adding rainfall precipitation layer to this 
demonstration, it became harder to determine, if Silky oak or 
Arabian coffee yields more. Arabian coffee yields more on 
average, however, heavy rainfall during October to December 
may result in overall reductions of its fields. In practice, thought, 
rainfall precipitation must be analyzed with the focus on 
particular region, as even small countries have different rainfall 
distribution; therefore, the data layers must be based on location. 

Another important data layer is bee activity. Bee activity is 
seasonal, however, it differs depending on the average summer 
and winter temperatures of the country. The main activity period 
includes brood rearing, swarming, active foraging, etc. It is hard 
to evaluate each activity with a value, thus for demonstration 
purposes scale from 1 to 10 was selected. This scale represents 
the hypothetical bee activity during a particular month, including 
the probability of previously mentioned events (Fig. 4.).  

Fig. 4. Bee activity data layer. 

For scaling purposes, these values were converted to 
percentages, and the data layer of bee activity was added to 
demonstration. It is common to refer to a local beekeeping 
calendar as a guideline, as they tend to provide both information 
about bee activities and necessary beekeeping activities [29].    

C. Analysis 

The current stage of the concept does not include particular 
formulas to calculate the final value of overlapping layers. 
However, the result is assumed to be in the range of 0 to 1, and 
be usable for decision support systems. The evaluation of the 
result must be problem specific. It is assumed that neighborhood 
statistics may be used for calculations and fuzzy logic for 
analysis. 

The focal areas of demonstrated plant foraging represented 
on Fig. 5 and Fig. 6. 

Fig. 5. Focal area for Silky oak foraging. 

Fig. 6. Focal area for Arabian coffee foraging. 

Based on the visual analysis and selected data layers it can 
be concluded that three scenarios may be implemented in 
descending order based on foraging efficiency: 

• To maximize foraging efficiency place apiary in the 
reach of Silky oak for period from March to May. After 
May change apiary location to forage Arabian coffee. 

 

 

 

 



• In case beekeeper is incapable of changing location of 
apiary mid-season, place apiary in the reach of Arabian 
coffee. It will provide more yield overall, and will allow 
bees to store more honey for winter seasons. 

• For convenience purposes only, apiary may be placed in 
the reach of Silky oak for the duration of all season. This 
will yield the least amount of honey, and may endanger 
bees in winter season if left unattended.  

IV. CONCLUSION 

The trends in precision beekeeping are moving towards 
detection and prediction of global, sophisticated problems, such 
as overall apiary health, foraging optimization, apiary location 
optimization. Other industries resolve such problems using 
machine learning and application of data fusion methods. Data 
fusion approach and methodology is a novel development turn 
for applications in precision beekeeping, as there are close to 
none studies using it. The low interest of data fusion methods for 
precision beekeeping in particular lies in the necessity of large 
sensory and observation data sets, that is not common for low to 
medium large apiaries. The proposed concept is based on the 
ideology of data fusion method and does not require 
implementation of machine learning, but still allows to find 
answer to such global problems as foraging optimization. 

The limitation of proposed concept lies in the need to 
normalize or transform data sets to similar data types, in order to 
stack and correlate these data sets. The removal of this 
limitation, if possible at all, is currently under research.  
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