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"Bee Hives" by mhall209 is licensed under 
CC BY-NC-SA 2.0 

https://www.flickr.com/photos/9986211@N04/3272679327
https://www.flickr.com/photos/9986211@N04
https://creativecommons.org/licenses/by-nc-sa/2.0/?ref=ccsearch&atype=rich
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Beeobserver – Project Structure
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Bee Observer – Project Structure
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Bee Observer - Sensor Data

Data collection since February 
2019

Sensor-kits:
1. six thermometers (5 in, 1 
out)
2. load-cell (scale)
3. humidity sensor
4. processing unit

Data stored in in3uxdb Source: Senger et al. (2020) 
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Bee Observer Application
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Knowledge Discovery in Datamining
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Causes of changes in micro-climate
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Causes of local outliers
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Outlier Detection

1) Modelling and predicting

2) Generalised Extreme Student Deviation 
(GESD) Test
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Outlier Detection - Modelling

● Auto-Regressive Integrated Moving Average (ARIMA)
– Seasonal
– Multivariate
– External predictors

● Moving Median
● Seasonal Hybrid ESD 
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Example: ARIMA (1,1,1)



 15

ARIMA – full de:nition
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ARIMA modelling

 cloud and sun, by Mihail Zhukov, Creative Commons, year, by Zach Bogart, US, Creative Commons
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Agent based model
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Example: How likely is an inspection? 

● Day and night: inspections are least likely in the middle of 
the night

● Interval: an interval of 7 to 10 days between inspections is 
most likely

● Colony health: it is more likely that the beekeeper will 
inspect a hive in poor health then a fit one
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Analytical Use Case for Supervised Learning - 
Swarm Detection

● During an swarm event 
half of the colony emerges 
from the hive with the old 
queen bee

● A beekeeper might loose 
half of their bees

©Thomas Söllner - stock.adobe.com
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What happens during a swarm?
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Outlook

● Integrate visualisation of outliers in App
● Look at other abnormal trends
● Include more information about flowering period and 

habitat structure
● ...
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Q&A
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Citizen Science – Lead Your Project

Science by nonprofessionals, 
citizens as data collectors or 
thinkers



 

Citizen Science – Find Your Project



 

Citizen Science – Challenges and Chances

✔ Find more relevant research questions

✔ Make best use of available 
knowledge and experience

✔ Collect more data from diEerent 
locations

✗ Mostly no experimental setup

✗ How to pay citizens for their 
work?



 

Citizen Science – Beeobserver



 

Beeobserver Story

2018 2019 2020
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the Project

&

Data Collec#on 

and 
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Research 

Papers 

Publica#on

&

ML Tes#ng
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Bee Observer - Sensor Data

Data collection since February 
2019

Sensor-kits:
1. six thermometers (5 in, 1 
out)
2. load-cell (scale)
3. humidity sensor
4. processing unit

Data stored in in3uxdb Source: Senger et al. (2020) 
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Bee Observer - Inspections App

Sensor data is complemented by

Beekeeper observa,ons

• mix of Boolean, scores, free text, categorical 
and numeric data

• most values voluntary

Apiary metadata

• type of hive, race of queen

• geoloca#on (voluntary)
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Data Pro:ling - Sensor Data

hundreds of millions of 
observations from 129 
beehives

BUT
• varia#on across variables

• regular gaps

• some sensor kits do not have all 
sensors

• values outside the technical sensor 
range Note: Data un#l 30 September 2020.
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Data Pro:ling

The main issues in terms of 
data quality are:

• no data at all (interrup#on of 
electricity or WiFi)

• incomplete observa#ons (single 
components fail)

Heatmap of data availability for an example beehive
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Data pro:ling - Data Correctness

The other problem (less 
frequent) is obviously 
incorrect data:

• values outside the technical sensor 
range

• values within the range, but 
displaying implausible <uctua#on 
(and/or lack thereof)

Some cleaning needed!
Example for apparent issues with thermometers
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Analytical Use Case for Supervised Learning - 
Swarm Detection

When colonies swarm, the 
beekeeper has around one 
day to react. Otherwise the 
swarmed part of the colony 
may die or at least be lost to 
the beekeeper. Also the “old” 
part of the colony may be 
weakened.

Swarms can be characterised 
by typical developments!

©Thomas Söllner - stock.adobe.com
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What happens during a swarm?

Developments in key variables during a swarm



 41

How do we model?

Non-linear model based on key 
variables, their growth rates and 
lags, time of day.

• small sample with missing data -> 
dimension reduc#on to maximum 
thermometer value, but also mul#ple 
models on subsets of variables

• unbalanced sample (few observed 
swarms): up-sampling training set with 
SMOTE

Random Forest works quite well Performance metrics of RF models using subsets of sensor 

components



 

Local Outlier Detection

Data Modelling & Sensor 
Measurements Predictions

Difference between Prediction 
and the Actual Value



 

Local Outlier Detection
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Q&A
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Introduction - Precision beekeeping

The colony is a complex 
super-organism

• complex organisa#on

• division of labour

• developments are hard to observe: 
inspec#ons are stressful, in winter not 
possible at all

Precision beekeeping
• install sensors within beehive for 

con#nuous monitoring

• weight, temperature, humidity, gas 
concentra#on, video, audio

• @rst works using simple algorithmic 
rules

• later @rst steps using ML approaches

• most based on small samples
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Introduction - The honey bee

The European Honeybee 
(apis mellifera)

• important for pollina#on

• producer of honey

• increasing number of colonies in DE

• but increasing cases of colony losses 
over the winter

©Guy Pracros / Adobe Stock
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Outline

• Topical context - Bees and beekeeping

• Bee Observer as a Citizen Science project

• The data

• ML use cases
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