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Problem definition

Effective management of water bodies

1

Reliable water quality information

|

Integrated evaluation

1

Monitoring and assessment strategy

|

Modelling, decision making, control
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Problem definition

= In situ monitoring stations
Information-rich data sets v

Pollution dynamics v
Reduce costs v
Huge/complex data sets X
Errors and uncertainties X

Reliability of sensors insufficient X

Iﬂ Data evaluation/validation is crucial
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In situ monitoring stations

= Urban river (Canada)

= Water quality variables:
pH, uS/cm, O,, NH,, NO;, TSS...

= Sample time: 5-60 sec

= Practical issues:
Maintenance, fouling, clogging...

: 1

Representative data??
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Data quality assessment tools

= Current practice --» manual procedures
= Automatic data quality evaluation:
Corrupted, doubtful, unreliable
Outliers
Noise
Sensor faults

||‘ Using time series information!
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Data quality assessment tools
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1 outlier detection Smoother (data features) !
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: On-line time validated | |
1 series data i
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v . PCA Fault detection

L. "| model (T*and Q)

Multivariate
methods
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Data quality assessment tools

= Univariate methods
Outlier detection o

— Lower limit Accepted data

Autoregressive models 4

At T forecasting (T+1):

- variable X
 std of error O,

Prediction interval:

X Raw data ©Forecast — Upper limit

Xim =X+ K -0
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Data quality assessment tools

= Univariate methods

_______
- ~N

’ .
Raw Accepted '\' Smoothed )
data data “.._data -~

Time Outlier Data i | Fault

serie detection smoother "| detection
Fault detection

* % replaced data --» data goodness

» Slope --» rate of change

» Residuals correlation --» good fit of model
» Residual std (RSD) --» variance
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Data quality assessment tools

Data Fault detection
Smoother (data features)

-------------------------------------------------------------------

2
Validated
data

Univariate
methods

Model-based
outlier detection

On-line time
Multivariate

series
A PCA Fault detection
| model (T*and Q)
methods
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Data quality assessment tools

= Multivariate methods
Reduce dimension of X identifying “key” variables.
Ex. Let be 3 variables (x;,X; X3)

New variables (p4,p,) as
linear combinations:

1

1
PLFC1 X, G X, 65X,

R ————

1
P2=C,y X, € X, +Cy5X,
L.t

Axes of a new coordinate system
Directions of max. variability
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Data quality assessment tools

= Multivariate methods
space \

e T2: normalized sum of scores:
variations within the model

* Q: sum of squared residuals:
goodness of fit of samples to
the model

X
« Detection limits are defined. ’
Point with a large T?
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Results

= Univariate methods (TSS)

Intensity - mm/
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Results

= Univariate methods (TSS)

T T
x Raw data
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Results

= Multivariate methods

Dataset with 8 variables (8 dimensional data space)
+ NTU, NO,, TOC, DOC, pH, K*, NH, and °C
Firsts 4 components (p,...p4) > 90% variability
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Variance explained (%)

o

..................

Principal component number
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Some preliminary results

= Multivariate methods

Representation of data in the new space

o'.| Tempar;
. * Vectors represent the variables
02 and their contribution to p; and p,
S a
» Each point corresponds to a
PE sample in the new space (scores)
04
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Some preliminary results
= Multivariate methods
Representation of data in the new space
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Some preliminary results

= Multivariate methods

Representation of data in the new space
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Some preliminary results

= Multivariate methods

Representation of data in the new space
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Conclusions

= Data quality assessment tools
satisfactorily validated

= Univariate methods allowed creating “good”
time series and detecting individual faults

= Multivariate methods allowed dimension
reduction and detection of multiple faults
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