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Motivation

• Especially for modelling and prediction in fast reacting 
catchments, e.g. in urban areas, a higher space-time resolution 
than current ground measurement networks offer is needed 
(Cristiano et al., 2017; Ochoa-Rodriguez et al., 2015).

• Weather radar data and precipitation measurements on the 
ground show only low correlations, especially at sub-hourly 
resolution (Bárdossy & Pegram, 2017)



Opportunistic sensors for rainfall monitoring

Definition: Sensors that were not designed to provide high-quality 
rainfall data or any rainfall data at all.

Commercial Microwave
Link (CML)

Personal Weather Station
(PWS)

Windshield wipers
(rainfall binary info)



Opportunistic sensors for rainfall monitoring

Pro:

High network density

Contra:

Low data quality→ Extensive filtering necessary

n = 988 m = 14000 k = 3500



Ordinary Kriging - Theory

𝑍 𝑥∗ = ෍
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Condition of unbiasedness

The weights can be optained by solving the linear equation.
𝜇 is the Lagrange multiplier introduced to ensure the fulfilment 
of the unbiasedness condition.

𝛾 𝑥1, 𝑥1 ⋯ 𝛾 𝑥1, 𝑥𝑛 1
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Estimation at given location 𝑥∗

For any pair of point, 𝛾 𝑥𝑖 , 𝑦𝑗 is the

variogram value corresponding the
vector 𝑥𝑖 − 𝑦𝑗

Variogram

𝐴𝑤 = 𝑐



Example
Replacing each line segment (CML) with its central point (as done e.g. in Overeem et al., 2016a)

𝑍 𝑢0 = 𝜆𝐷𝑊𝐷1𝑍 𝐷𝑊𝐷1 +෍

𝑖=1

2

𝛼𝑃𝑊𝑆𝑖𝑍(𝑃𝑊𝑆𝑖) + 𝛽𝐶𝑀𝐿1𝑍 𝐶𝑀𝐿1

𝜆𝐷𝑊𝐷1 +෍

𝑖=1

2

𝛼𝑃𝑊𝑆𝑖 + 𝛽𝐶𝑀𝐿1 = 1

𝐴 =

𝛾 𝐷𝑊𝐷1, 𝐷𝑊𝐷1 𝛾 𝐷𝑊𝐷1, 𝑃𝑊𝑆1 𝛾 𝐷𝑊𝐷1, 𝑃𝑊𝑆2 𝛾 𝐷𝑊𝐷1, 𝐶𝑀𝐿1 1

𝛾 𝑃𝑊𝑆1, 𝐷𝑊𝐷1 𝛾 𝑃𝑊𝑆1, 𝑃𝑊𝑆1 𝛾 𝑃𝑊𝑆1, 𝑃𝑊𝑆2 𝛾 𝑃𝑊𝑆1, 𝐶𝑀𝐿1 1

𝛾 𝑃𝑊𝑆2, 𝐷𝑊𝐷1 𝛾 𝑃𝑊𝑆2, 𝑃𝑊𝑆1 𝛾 𝑃𝑊𝑆2, 𝑃𝑊𝑆2 𝛾 𝑃𝑊𝑆2, 𝐶𝑀𝐿1 1

𝛾 𝐶𝑀𝐿1, 𝐷𝑊𝐷1 𝛾 𝐶𝑀𝐿1, 𝑃𝑊𝑆1 𝛾 𝐶𝑀𝐿1, 𝑃𝑊𝑆2 𝛾 𝐶𝑀𝐿1, 𝐶𝑀𝐿1 1
1 1 1 1 0

𝐴𝑤 = 𝑐

𝑤𝑇= (𝜆𝐷𝑊𝐷1 , 𝛼𝑃𝑊𝑆1 , 𝛼𝑃𝑊𝑆2 , 𝛽𝐶𝑀𝐿1 , 𝜇)

𝑐𝑇 = (𝛾 𝑢0, 𝐷𝑊𝐷1 , 𝛾 𝑢0, 𝑃𝑊𝑆1 , 𝛾 𝑢0, 𝑃𝑊𝑆2 , 𝛾 𝑢0, 𝐶𝑀𝐿1 , 1)

Equations for examples a) to c)



Different sensors - Different geometric properties
Since CML measure an integral over a defined distance, this information should be incorporated in 
geostatical interpolation. The combination of a point and line segment/two line segments requires a 
mean variogram value over the segment(s).

ҧ𝛾 𝑥∗, 𝐶𝑀𝐿 =
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Example
Considering length and orientation of the line segments leads to different weights depending on 
geometric properties

𝑍 𝑢0 = 𝜆𝐷𝑊𝐷1𝑍 𝐷𝑊𝐷1 +෍

𝑖=1

2

𝛼𝑃𝑊𝑆𝑖𝑍(𝑃𝑊𝑆𝑖) + 𝛽𝐶𝑀𝐿1𝑍 𝐶𝑀𝐿1

𝜆𝐷𝑊𝐷1 +෍

𝑖=1

2

𝛼𝑃𝑊𝑆𝑖 + 𝛽𝐶𝑀𝐿1 = 1 𝐴𝑤 = 𝑐

𝑤𝑇= (𝜆𝐷𝑊𝐷1 , 𝛼𝑃𝑊𝑆1 , 𝛼𝑃𝑊𝑆2 , 𝛽𝐶𝑀𝐿1 , 𝜇)

𝑐𝑇 = (𝛾 𝑢0, 𝐷𝑊𝐷1 , 𝛾 𝑢0, 𝑃𝑊𝑆1 , 𝛾 𝑢0, 𝑃𝑊𝑆2 , ҧ𝛾 𝑢0, 𝐶𝑀𝐿1 , 1)

Equations for example a) to c)

𝐴 =

𝛾 𝐷𝑊𝐷1, 𝐷𝑊𝐷1 𝛾 𝐷𝑊𝐷1, 𝑃𝑊𝑆1 𝛾 𝐷𝑊𝐷1, 𝑃𝑊𝑆2 ҧ𝛾 𝐷𝑊𝐷1, 𝐶𝑀𝐿1 1

𝛾 𝑃𝑊𝑆1, 𝐷𝑊𝐷1 𝛾 𝑃𝑊𝑆1, 𝑃𝑊𝑆1 𝛾 𝑃𝑊𝑆1, 𝑃𝑊𝑆2 ҧ𝛾 𝑃𝑊𝑆1, 𝐶𝑀𝐿1 1

𝛾 𝑃𝑊𝑆2, 𝐷𝑊𝐷1 𝛾 𝑃𝑊𝑆2, 𝑃𝑊𝑆1 𝛾 𝑃𝑊𝑆2, 𝑃𝑊𝑆2 ҧ𝛾 𝑃𝑊𝑆2, 𝐶𝑀𝐿1 1

ҧ𝛾 𝐶𝑀𝐿1, 𝐷𝑊𝐷1 ҧ𝛾 𝐶𝑀𝐿1, 𝑃𝑊𝑆1 ҧ𝛾 𝐶𝑀𝐿1, 𝑃𝑊𝑆2 ҧ𝛾 𝐶𝑀𝐿1, 𝐶𝑀𝐿1 1
1 1 1 1 0



Different sensors – Different uncertainties
To account for different measurement uncertainties for PWS and CML, the values 𝜀𝑃𝑊𝑆 and 𝜀𝐶𝑀𝐿 are 
added to the diagonal of the matrix.

𝐴 =

𝛾 𝐷𝑊𝐷1, 𝐷𝑊𝐷1 ⋯ 𝛾 𝐷𝑊𝐷1, 𝐷𝑊𝐷𝑛 𝛾 𝐷𝑊𝐷1, 𝑃𝑊𝑆1 ⋯ 𝛾 𝐷𝑊𝐷1, 𝑃𝑊𝑆𝑚 𝛾 𝐷𝑊𝐷1, 𝐶𝑀𝐿1 ⋯ 𝛾 𝐷𝑊𝐷1, 𝐶𝑀𝐿𝑘 1
⋮ ⋱ ⋮ ⋮ ⋱ ⋮ ⋮ ⋱ ⋮ ⋮

𝛾 𝐷𝑊𝐷𝑛, 𝐷𝑊𝐷1 ⋯ 𝛾 𝐷𝑊𝐷𝑛, 𝐷𝑊𝐷𝑛 𝛾 𝐷𝑊𝐷𝑛, 𝑃𝑊𝑆1 ⋯ 𝛾 𝐷𝑊𝐷𝑛, 𝑃𝑊𝑆𝑚 𝛾 𝐷𝑊𝐷𝑛, 𝐶𝑀𝐿1 ⋯ 𝛾 𝐷𝑊𝐷𝑛, 𝐶𝑀𝐿𝑘 1

𝛾 𝑃𝑊𝑆1, 𝐷𝑊𝐷1 ⋯ 𝛾 𝑃𝑊𝑆1, 𝐷𝑊𝐷𝑛 𝛾 𝑃𝑊𝑆1, 𝑃𝑊𝑆1 + 𝜀𝑃𝑊𝑆 ⋯ 𝛾 𝑃𝑊𝑆1, 𝑃𝑊𝑆𝑚 𝛾 𝑃𝑊𝑆1, 𝐶𝑀𝐿1 ⋯ 𝛾 𝑃𝑊𝑆1, 𝐶𝑀𝐿𝑘 1
⋮ ⋱ ⋮ ⋮ ⋱ ⋮ ⋮ ⋱ ⋮ ⋮

𝛾 𝑃𝑊𝑆𝑚, 𝐷𝑊𝐷1 ⋯ 𝛾 𝑃𝑊𝑆𝑚, 𝐷𝑊𝐷𝑛 𝛾 𝑃𝑊𝑆𝑚, 𝑃𝑊𝑆1 ⋯ 𝛾 𝑃𝑊𝑆𝑚, 𝑃𝑊𝑆𝑚 + 𝜀𝑃𝑊𝑆 𝛾 𝑃𝑊𝑆𝑚, 𝐶𝑀𝐿1 ⋯ 𝛾 𝑃𝑊𝑆𝑚 , 𝐶𝑀𝐿𝑘 1

𝛾 𝐶𝑀𝐿1, 𝐷𝑊𝐷1 ⋯ 𝛾 𝐶𝑀𝐿1, 𝐷𝑊𝐷𝑛 𝛾 𝐶𝑀𝐿1, 𝑃𝑊𝑆1 ⋯ 𝛾 𝐶𝑀𝐿1, 𝑃𝑊𝑆𝑚 𝛾 𝐶𝑀𝐿1, 𝐶𝑀𝐿1 + 𝜀𝐶𝑀𝐿 ⋯ 𝛾 𝐶𝑀𝐿1, 𝐶𝑀𝐿𝑘 1
⋮ ⋱ ⋮ ⋮ ⋱ ⋮ ⋮ ⋱ ⋮ ⋮

𝛾 𝐶𝑀𝐿𝑘 , 𝐷𝑊𝐷1 ⋯ 𝛾 𝐶𝑀𝐿𝑘 , 𝐷𝑊𝐷𝑛 𝛾 𝐶𝑀𝐿𝑘 , 𝑃𝑊𝑆1 ⋯ 𝛾 𝐶𝑀𝐿𝑘 , 𝑃𝑊𝑆𝑚 𝛾 𝐶𝑀𝐿𝑘 , 𝐶𝑀𝐿1 ⋯ 𝛾 𝐶𝑀𝐿𝑘 , 𝐶𝑀𝐿𝑘 + 𝜀𝐶𝑀𝐿 1
1 ⋯ 1 1 ⋯ 1 1 ⋯ 1 0



Different sensors – Different uncertainties
How to select 𝜀𝑃𝑊𝑆 and 𝜀𝐶𝑀𝐿.

The variograms based on the DWD data showed no nugget effect, while the PWS and CML based

variograms had a nugget of about 10 %. This was the reason why the ε was selected as 10 % of the sill.



Example
Considering different measurement uncertainty.

𝑍 𝑢0 = 𝜆𝐷𝑊𝐷1𝑍 𝐷𝑊𝐷1 +෍

𝑖=1

2

𝛼𝑃𝑊𝑆𝑖𝑍(𝑃𝑊𝑆𝑖) + 𝛽𝐶𝑀𝐿1𝑍 𝐶𝑀𝐿1

𝜆𝐷𝑊𝐷1 +෍

𝑖=1

2

𝛼𝑃𝑊𝑆𝑖 + 𝛽𝐶𝑀𝐿1 = 1 𝐴𝑤 = 𝑐

𝑤𝑇= (𝜆𝐷𝑊𝐷1 , 𝛼𝑃𝑊𝑆1 , 𝛼𝑃𝑊𝑆2 , 𝛽𝐶𝑀𝐿1 , 𝜇)

𝑐𝑇 = (𝛾 𝑢0, 𝐷𝑊𝐷1 , 𝛾 𝑢0, 𝑃𝑊𝑆1 , 𝛾 𝑢0, 𝑃𝑊𝑆2 , ҧ𝛾 𝑢0, 𝐶𝑀𝐿1 , 1)

Equations for example a) to c)

𝐴 =

𝛾 𝐷𝑊𝐷1, 𝐷𝑊𝐷1 𝛾 𝐷𝑊𝐷1, 𝑃𝑊𝑆1 𝛾 𝐷𝑊𝐷1, 𝑃𝑊𝑆2 ҧ𝛾 𝐷𝑊𝐷1, 𝐶𝑀𝐿1 1

𝛾 𝑃𝑊𝑆1, 𝐷𝑊𝐷1 𝛾 𝑃𝑊𝑆1, 𝑃𝑊𝑆1 + 𝜀𝑃𝑊𝑆 𝛾 𝑃𝑊𝑆1, 𝑃𝑊𝑆2 ҧ𝛾 𝑃𝑊𝑆1, 𝐶𝑀𝐿1 1

𝛾 𝑃𝑊𝑆2, 𝐷𝑊𝐷1 𝛾 𝑃𝑊𝑆2, 𝑃𝑊𝑆1 𝛾 𝑃𝑊𝑆2, 𝑃𝑊𝑆2 + 𝜀𝑃𝑊𝑆 ҧ𝛾 𝑃𝑊𝑆2, 𝐶𝑀𝐿1 1

ҧ𝛾 𝐶𝑀𝐿1, 𝐷𝑊𝐷1 ҧ𝛾 𝐶𝑀𝐿1, 𝑃𝑊𝑆1 ҧ𝛾 𝐶𝑀𝐿1, 𝑃𝑊𝑆2 ҧ𝛾 𝐶𝑀𝐿1, 𝐶𝑀𝐿1 + 𝜀𝐶𝑀𝐿 1
1 1 1 1 0



Results
Performance measures of the cross 
validation from the interpolation 
framework for different temporal 
aggregations. a) to c) show PCC, CV 
and KGE for all country-wide 
𝐷𝑊𝐷𝑎𝑢𝑡𝑜 validation stations and d) 
to f) show PCC, CV and KGE for 
validation stations with more than 80 
PWS or CMLs in 20 km vicinity. Those 
are the 10 percent of the validation 
station which are surrounded by the 
most opportunistic sensors.



Results
Performance measures of the cross 
validation results from the 
interpolation framework for different 
temporal aggregations. Here 𝐶𝑀𝐿𝑖𝑛𝑡
and 𝐶𝑀𝐿_𝑝𝑜𝑖𝑛𝑡𝑖𝑛𝑡 are shown. For 
𝐶𝑀𝐿_𝑝𝑜𝑖𝑛𝑡𝑖𝑛𝑡 the points at the 
center of each CML were used as 
point information in the interpolation 
framework. a) to c) show PCC, CV and 
KGE for country-wide validation 
stations and d) to f) show PCC, CV and 
KGE for validation stations with more 
than 80 PWS or CMLs in 20 km 
vicinity. Those are the 10 percent of 
the validation station which are 
surrounded by the most opportunistic 
sensors.



More Results

Graf, M., El Hachem, A., Eisele, M., Seidel, J., Chwala, C., Kunstmann, 
H., and Bárdossy, A.: Combined rainfall estimates from personal 
weather station and commercial microwave link data in Germany, EGU 
General Assembly 2021, online, 19–30 Apr 2021, EGU21-12445, 
https://doi.org/10.5194/egusphere-egu21-12445, 2021.

https://doi.org/10.5194/egusphere-egu21-12445
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