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Why Water Temperature is Important?

Water quality:
« Physical, chemical and biological processes.

« Microbial growth and competition,

* Pipe corrosion,

* Chlorine decay
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Why Water Temperature is Important?
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WDS Climate Change Risk &
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Previous Works

* The literature in this area
is limited (Numerical or

Physical Models). //%\
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Getting temperature from inside the WMs
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Logger Locations

Wireless RTD Temperature Data Logger

(5) Status
(&) Wireless
(C2) Alarm
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Observations

® Logger 01
= Mean Temp (°C)
- Max Temp (°C)
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* Logger 01
x Temp (°C)

Logger 01

35.0

30.0

Y

*
% o
2019-10-01

Observations

1%
X%
% | x x R o
% ®x 0K wo¥ i
x X 5 X %% w
A %X x \oonv &
o
Q
fe)
e
—
x % o~
x [=]
~
) - e
S & i,
. xx.Fxnx
[T =% oot "
B0 » %
g £ L ™ w
o Wity ~
=4 olx% o~
e x *| X W x o
Wk * T
*l x =
x T* X o
s x% X o
x ug % %% ~
* oxxl g
o
43 3
g
% x —
.f.orw.owx BN
X x  x o~
R =
x%X -
e 3
w3 &
; R
x !N
g X
hkxlxs
e
w0
ﬁ X X x *x %, m
x % m..»h"x X o
. v S
ixnumu =
", o
"R x xﬁ X Xy x ~
»rﬂ.xnlw
Wit s
llxuxx
ixlwi —
x 200K =
wi X X !
{ T 8
T
X
q e x * e N
x % X XXX m
x %l X T x*
o
W X e X x x
J b
u % x
4 ] i g
HRR X 7
LT o~
o <
x %X X “
Xy x x XXX [
oo X o
— ol % S ~
o x x x XX
Pl n.& o}
Q ‘»lxl
Qo X x n&w
Wn X X
= -&%.M x
X x x w —
e @
x X |
e X % o o~
x %% =}
—
o o ) ) o o o
(=} n o [Ts) o "5} S &
— ' — i ~
| | b
<=2

Daily temperature

fluctuat

ion is no
rtant.

as impo

11

NATIONAL RESEARCH COUNCIL CANADA



Long-Short Term Memory (LSTM)

Proven effectiveness in modeling time series.

These models have been shown to often surpass the accuracy of many
physics-based models.

LSTMs maintains information over long sequences.

Advanced variant of Recurrent Neural Network (RNN) introduced in 1997!
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Long-Short Term Memory (LSTM)
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Long-Short Term Memory (LSTM)

Data from Logger 1 was used to train the model.
70% for training and validation and 30% for testing.
14 previous time step (based on R2).

Two hidden layers with 256 and 16 LSTM cells, respectively, and
the RelLU activation function.

To prevent overfitting, a Dropout layer was included, with a
dropout rate of 0.2 during training phase.
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Scenarios

1- Fixed past (previous 14 timesteps) to predict upcoming timestep.
a- Constant dropout of 20%
b- Monte Carlo dropout

2- Fixed past (previous 14 timesteps) to predict upcoming 10 time steps.
a- Constant dropout of 20%
b- Monte Carlo dropout
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First Scenario

Dropout
method

Constant
(=0.2)
dropout

Random
(Monte
Carlo)
dropout
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First Scenario
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Second Scenario
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Third Scenario

Performance Scenario 2 -
Indicator Constant Dropout
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Scenario 3 -
Constant Dropout
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Conclusions

1- Constant dropout led to better accuracy.

2- LSTM perform well in predicting temperatures based on air.

3- It performs much better in summer than in winter.

4- Even for 10 hour forecast the RMSE is 0.3 degree which is very usable.
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