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Introduction
The use of personal weather stations (PWS) has gained much attention in recent years, as they clearly outnumber professional rain 
gauges. However, the data quality of such sensors is typically low and thus their information cannot be used without thorough quality 
control (QC). Various QC algorithms for PWS rainfall data have been developed and published within the EU COST Action 20136 
"Opportunistic Precipitation Sensing Network" (OpenSense). New functions for these QC filters include :
(1) an improved indicator correlation filter (Bárdossy et al., 2021) which now provides a skill score for the accepted PWS to assess quality 
of the indicator correlation with neighbouring references
(2) an algorithm to correct rainfall peaks in PWS data which may be caused by connection interruptions between the rain gauge and the 
base station
(3) a Python implementation of the QC algorithms originally developed in R by de Vos et al. (2019).

(1) Updated Indicator Correlation Filter

Fig 1.1: Example of a PWS with a perfect skill 
score as the indicator correlation in all ranges 
bins is at least as good as the reference

Fig 1.2: Example of a PWS with a mediocre 
skill score. The indicator correlation for the 
shorter range bins is lower the the reference

Fig 1.3: Example of a PWS with low skill 
score. Here, the indicator correlation is below 
the reference except for the distant range 
bins which have a low weight resulting in a 
low skill score

(2) Peak Removal Filter

Fig 2.1: The dashed green bins show the true 
rainfall during an interrupted connection. These 
are NaN in the PWS data. The orange bin 
shows the data as it is transmitted after the 
connection is reestablished.    

Fig 2.2: PWS rainfall time series before (left) and after (right) the application of the peak removal filter. 

(3) Python implementation of faulty 
zeroes, high influxes and station outliers 
filter

The QC protocol originally developed by de Vos et al. (2019) is now 
available in a Python package (pypwsqc). The algorithm assess the 
performance of individual PWS, per time step, based on the 
behaviour of neighbouring PWS within a user-specified range. The 
protocol consists of three filters:

Faulty Zeroes: Erroneous measurement of zero rainfall

High influxes: Unrealistically high rainfall rates

Station outliers: Low rolling correlation with neighbours over a 
user-specified period.

Example output of QC of 85 PWS (Fig 3.1) in southwestern Sweden:
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PWS continuously 
measuring zero rainfall 
throughout 2022

Convective storm in 
August triggered many 
station outliers, which 
highlights the problem 
with neighbour-checks 
for spatially variable 
rainfall

Fig 3.1: PWS in Bjärehalvön, Sweden, 2022. 
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Interruptions between the PWS and the base 
station can result in artificial rainfall peaks, as 
the data collected during the disconnection is 
sent at the next timestamp once the connection 
is restored (Fig. 2.1). Although the total rainfall 
amount remains accurate, the timing of the 
rainfall data is incorrect. The filter identifies 
peaks that are preceded by NaN values and 
disaggregates them using information from 
nearby stations (Fig. 2.2).

The Indicator Correlation Filter, initially developed 
by Bárdossy et al. (2021), now includes a skill score 
that uses a normalised rank sum weighting 
method for range bins. Higher weights are 
assigned to bins with shorter ranges. Additionally, 
a plotting feature for the acceptance threshold 
(indicated by the black line in the figures below) 
has been added, enabling visual inspection of the 
results. This acceptance threshold can be adjusted 
by the user. Figures 1.1 to 1.3 illustrate examples 
of various Indicator Correlation Skill Scores (ICSS) 
of accepted PWS. 

Indicator Correlation Skill Score


