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Binary Sensor

Siemers et al, 2007
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Binary Sensor

Sensor detecting
shakes

Wani et al. (in prep.)
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Advantages of using binary sensors
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13™ International Conference on Urban Drainage, Sarawak, Malaysia, 7—12 September 2014

Using Temperature Sensors to Detect Occurrence and Duration of
Combined Sewer Overflows

Thomas HOFER'", Giinter GRUBER', Valentin GAMERITH?, Albert MONTSERRAT?,
Lluis COROMINAS®, Dirk MUSCHALLA'

Low Cost Overflow Monitoring Techniques and Hydraulic Modeling of A Complex Sewer
Network
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Question?

How to use binary data
In model calibration?

(In a statistically sound way)

Realistic error model:

*
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11'" International Conference on Urban Drainage, Edinburgh, Scotland, UK, 2008

A low cost calibration method for urban drainage models

M. R. Rasmussen , S. Thorndahl and K. Schaarup-Jensen

Stoch Environ Res Risk Assess (2015) 29:119-129
DOI 10.1007/s00477-014-0908-1

ORIGINAL PAPER

A partial ensemble Kalman filtering approach to enable use
of range limited observations

Morten Borup + Morten Grum * Henrik Madsen -
Peter Steen Mikkelsen
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Mismatch between reality and model predictions
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Solution: Realistic error model

Use a statistical description of
bias in addition to the model

Formulate a formal likelihood
function for binary observations

19
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How can we describe model bias?

Gau55|an autocorrelatedj

Yobs = Ym ‘|‘B

) . } \ \

/N .
‘1 Mimics the effects of
/ \ Inp./Str. errors
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How can we describe model bias?

Yobs = Yu +B

E Ornstein—Uhlenbeck process with u:Oj

Toyey
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How can we describe model bias?

Yobs = Yu +B

E Ornstein—Uhlenbeck process with u:0:|

Toyey
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How can we describe model bias?

2

(2m)
v/ det (Z(y, x))

exp (=3 9o ul0.0] Z0 %) 9o~y (0] )

Yobs = Yu +B

E Ornstein—Uhlenbeck process with u:Oj

=2

Bayesian _ p2(Z10) X pg(6)
inference . Pel¢ 1) = pz(Z)



Presenter
Presentation Notes
Here, I would point out the identifiability problem between rainfall-runoff model and bias, which can only be solved by introducing boundary conditions/prior knowledge. This requires Bayesian methods of data analysis, where prior knowledge on model parameters can be specified as probability distribution.


ooo

Quics ETH:...  S3Wag

Likelihood for binary observations

7, = {1 Yt > Ythreshold
‘ 0 Yt < ythreshmd

Likelihood function

n

u.]_ un
p7(Z 10) =f f Py (Yo, wr Yy, 16)dYy . dYy,
1, l
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Likelihood for binary observations

7, = {1 Y't > Ythreshold
‘ 0 Yt < ythreshmd

Likelihood function
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Likelihood for binary observations

7, = {1 Y't > Ythreshold
‘ 0 Yt < ythreshmd

Likelihood function

Un
f Py (Yer, o) Yo, 10)dYyy ... dY,
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Positive
signals

Negative
signals
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Case study: Adliswil

Adliswil

e South of Zurich
e Area: 7.8 km?
e Population: 18000
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Results

Discharge (LPS)

Prior -NSE = 0.51
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Continuous - NSE =0.8
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™ —— Model using continuous info, NSE= 0.797
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Binary - NSE =0.77
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- - Model using prior parameters, NSE = 0.513
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Probability Density

Probability Density
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Real Data

Catchment

77 ha

6900 residents
11 km sewers

Overflow
structure

Weir Crest
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First level: original data (unfiltered)
Second level: clusters that show continuous shakes for 15‘ (tmin overflow = 15min)
Third level (filled triangels at weir crest): clustered data filtered through rain information (shakes during dry weather are not accepted)

Filtered data represent binaries used for calibration
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Conclusions

Binary data from sensors can be used for
model calibration
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Conclusions

Binary data from sensors can be used for
model calibration

A formal likelihood function allows for:
The incorporation of structural deficits and input errors

The evaluation of posterior of parameters
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Thank You!
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