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Related work

Long-term Reservoir Inflow Forecasts: Enhanced Water Supply and ™
Inflow Volume Accuracy Using Deep Learning (Herbert, Z. et al.)
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Fig. 1. Study site location: Upper Stillwater Reservoir, Utah.



Data preprocessing

Scaled Inflow in m*3/s
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DatalLoader

1. Data source
2. Data acquisition

3. Data cleaning

Image source: https://www.wninfotech.com/data-processing



Data source

First data source:

Name:

* Norwegian Water Resources

and Energy Directorate (NVE)

Measurements:

*  Water equivalent of snow

*  Snow depth

* Air temperature

*  Snow depth /

What we used:

Download the
measurements of the
stations which include
water equivalent of snow
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Data source

Second data source:

Name:
* Inflow-glomma

Measurements:
* |Inflow data of the station

What we used:
» All 18 stations



Data acquisition

Measurements/
Features

NVE Data Name of Start time:
> the - 91/12/2001
stations End time:
e 30/11/2021
config file

source: https://sildre.nve.no/map
source: https://pixabay.com/vectors/box-data-download-icon-save-1292866/

download_data.py



Downloading the original data from NVE

Station/Feature: Groset/ swe

year = 2001 missing rate = 16.0%  year = 2002 missing rate = 0.0%  year = 2003 missing rate = 4.0%  year = 2004 missing rate = 11.0% [| year = 2005 missing rate = 35.0%
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Example of downloaded data



Data cleaning for NVE data

Missing rate - -
No 9 No |Linear or polynomiall

Missing rate

Downloaded data for all years for one year interpolation
slthreshold > |threshold
Yes Yes
Drop out Fill the missing value > 'L
based on e Set in config file
value from other years




Example of the cleaned NVE data

m— original : Station/Feature: Groset/ swe
—— interpolation + original
year = 2001 year = 2002 year = 2003 year = 2004
0.4 0.2 1
0.2
0.03 0.2 0.1+
0.1
0.04 100, 0.0 - 0.0 -
& #w‘\’w‘“\?“ LR oI A TPV e
year = 2006 year = 2007 year = 2008 year = 2009

0.2
0.1
0.0

RO A R

0.4

0.2

0.0

oy
%,

EE R A

0.4 4

0.2 1

0.0
AR T

H

0.2 4

0.0
AR T

ﬁ

0.2

0.1

0.0

0.2

0.0

year = 2005

R

year = 2010

1L

R

year = 2011 year = 2012 year = 2013 year = 2014 year = 2015
02 0.50 -
0.2 4 0.2 o1 0.2 4
014 . 0.25
0.0 0.0+, 004, 0.00 41— =1} 004, =
L A ?“ﬁw‘\’w‘“v“ wtﬁ@‘\’cp“‘?“ TPy S wﬁ\w‘\’w““‘
year = 2016 year = 2017 year = 2018 year = 2019 year = 2020
0.2
02 1 0.2 0.4 0.50
0.1 0.1+ 0.2 - 0.1 0.25 4
0.0 | %0 1 — 0.0 - 0.0 0.00
Qﬁp\\’qﬁ@‘w TPV P TPV ST TPy P PV F

—

Fill Null values according to
average data from other years

Linear interpolation




Water inflow data

Water inflow data is provided by N
"Think Outside " and it is an Excel file =~ | — s
which contains 18 stations over 40

years

Water Inflow in m3/s

21901 21903 21905 2907 201909 201911 202001
Time (Year 2019)

Inflow values of Norwegian reservoir lake "Aursunden” with different
resampling methods




Existing architecture by Herbert et al.

Time-Series Sliding
Window

|

|

] ]
! !

Conv 1D Conv 1D Conv 1D
#x1 Kemel

4 Filters

Flatten
Repeat Vector

l

Conv 1D
#x1 Kemel
4 Filters

LSTM™
# Nodes
Return Sequences

Max Pool 1D MaxPool 1D

MaxPool 1D

LETM
# Nodes
Return Sequences

Time Disfributed
Dense
# Nodes/2

l

Time Distributed
Dense

Time-Series Sliding
Window Output




Existing architecture

Code duplicates in their code

87
88
89
90
91
92
93
94
95
9%
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111

model = ConvlD(filterl, kernel_size,
residuall = RelLU()(model)

model = ConviD(filterl, kernel_size,
model = Add()([residuall, model])
model = RelLU()(model)

model = ConvlD(filterl, kernel_size,
residual2 = RelU()(model)

model = ConviD(filterl, kernel_size,
model = Add()([residual2, model])
model = ReLU()(model)

model = MaxPoolinglD()(model)

padding

padding

padding

padding

‘causal')(visiblel)

‘causal')(residuall)

‘causal’)(model)

'causal')(residual2)

model = ConvliD(filter2, kernel_size,
residual3 = RelU()(model)

model = ConvlD(filter2, kernel_size,
model = Add()([residual3, model])
model = ReLU()(model)

model = ConvlD(filter2, kernel_size,
residual4 = RelU()(model)

model = ConviD(filter2, kernel_size,
model = Add()([residual4, model])
model = ReLU()(model)

model = MaxPoolinglD()(model)

padding

padding

padding

padding

‘causal’)(model)

‘causal')(residual3)

‘causal')(model)

‘causal')(residual4)




Existing architecture — further problems

« Hard-coded values, no configuration file:

259 # Declare model input parameters

260 input_length, output_length, repeats, year = 26, 15, 30, 2019 Dependencies
* No real code structure, complete code in one big file
* No main function s Python 3

e Climata

» Dependencies without version number, partly outdated libraries
» Insufficient documentation/comments in the code

¢ Tensorflow
e Matplotlib
e Sklearn

e Seaborn

* Datetime
® Pandas

* Numpy



Our model architecture

« Remove code duplicates by creating a “block”
{T'melnspel:tie;‘a‘xii:dDw]—»[Residual CNN Block]—»[Residual CNN Block]—»[Residual CNN Block]—»[ Flatten ]—»[ Repeat Vector ]—» 4LSTM layers H| “megls:::”“d }—>| T'"‘egls':::”"ed }—» Forecast

e Structure of each residual CNN block

| v

—>| Convolutional 1D H RelU H Convolutional 1D }—P[ Add H RelU H Convolutional 1D }—P[ RelU H Convolutional 1D }—)[ Add H Max Pooling 1D ]—)

* Move hyperparameters into config f|Ie (conflg yaml)
n_timesteps: 40 7t stamps Length of inpu
n_outputs: 52

« Add TensorBoard logging




Techniques to combat overfitting

* Dropout
 For LSTM layers and between dense layers
» Dropout probability in config file

 Batch Normalization
* Output of 1D convolutions
e« Can be turned on or off

* L2 Regularization (weight decay) 2
« Applied to weights of 1D convolutions and LSTM layers Ltotal =L+ = ”W”
* Regularization factor in config file 2



Hyperparameter optimization

« Two types of parameters: model parameters and hyperparameters

* Model parameters: learned Hyperparameters: set by the developers
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Gradient ] )
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Hyperparameter optimization

Model selection Hyperparameter

during prototyping phase tuner Q

Model training I R

Training
O —»{  evaluation
Training O results
data

Historical
data

Validation
evaluation

Model results

Validation
data




Categories of hyperparameters

00
Model Optimizer Data and others
« Size of layers « Learning rate * Input length
* Dropout probability * Mini-batch size * Preprocessing

* Number of layers « Early stopping (patience)



TUTI

Why hyperparameter tuning /

optimization



Types of hyperparameter optimization

* Grid search Grid Layout Random Layout

« Random search

* More advanced algorithms

Unimportant parameter

Unimportant parameter

Important parameter Important parameter



Manual hyperparameter optimization

Epochs Loss Batch size Optimizer Repeats MAE RMSE
50 MSE 32 Adam 5 18.78 26,06
50 MSE 32 Adam 2 19.26 25.07
30 MSE 32 Adam 20 23.56 29,85
100 MSE 32 Adam 2 25.15 34.31
40 MSE 64 Adam 3 27.86 38.33

20 MSE 64 Adam 20 31.88 42.92

1[7 W, [ == 4 - 4 -
100 = ) | A M [~ 5 157 40 AB
UlVisE o2 Agan J I, 19/ 49,0042

8 Reasons Why you think
Programming

. 3
=

Boring




Automatic hyperparameter optimization




Features of Optuna

« Automatization
« Easy to use and good documentation
» Different strategies are implemented (Tree-structured Parzen Estimator)

» Support for different data types and distributions

» suggest_categorical()
« suggest_int()

» suggest_uniform()

« suggest_loguniform()



How to use Optuna?




TUTI
Why Optuna?

Validation Loss Distribution for 1 week forecasting Trial# — Valloss
178 0,45
134 0,51
164 0,52
126 0,54
136 0,56
129 0,57
130 0,57
181 0,58
61 0,58

[0,45, 0,58] (0,58,0,71] (0,71, 0,84] (0,84, 0,97] (0,97, 1,10] (1,10, 1,23] (1,23, 1,36] (1,36, 1,49] (1,49, 1,62] (1,62, 1,75] (1,75, 1,88] 88 0,58



Target data (Inflow)

Aursunden

How data is passed to the model

Bvre Leirbotn/ swe @vre Leirbotn/ temperatur

0.56620

2010-01-24T00:
2010-01-31T00:
2010-02-07T00:
2010-02-14T00:00:00.000000000
2010-02-21TO 00000

2010-03-21T00:
2010-03 0: 0.45390
2010-04-04T0 045431
2010-04-11T0 0.44692
044761
2010-04-25T0 044214
2010-05-02T00:00:00. ) 044633
2010-05-09T00: 0.45348
044258

Aursunden

0.06513
0.06140
0.07032
0.05141

Input of model (downloaded data: SWE, temperature...)




Model settings

Model configurations:

* Loss function: MSE
*  Optimizer: Adam

« Validation split: 0.2
* Repeats: 3

2 different sources for our target
data (inflow time series):

« Time series containing 18 reservoirs

« Time series containing 1 reservoir

Available Data
|

Training Testing

New Available Data
I

Training Validation Testing

For "real" future forecasts no test set




Data quality

Inflow in m~3/s

TUTI

Inflow (today) = reservoir volume (tomorrow) - reservoir volume (today) + outflow (today)
Errors in measurement of the inflow == inflow often small compared to outflow and changes in reservoir volume =ssprelatively small

errors and inaccuracies in water level or outflow can result in large errors in calculated inflow

1000

-1000

2000

-3000

Forecast for Einunna

— Actual
Forecasted
95% Confidence Interval

stats
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%
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Upper Stillwater Inflow (US Data)
—— Einunna Inflow (Norwegian Data)
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Yearly forecasts 2020

Without hyperparamter tuning

(=» predicting 52 weeks based on the previous 40 weeks)

60

&

Inflow in m~3/s
8

3

Forecast for Breidalsv.

With hyperparamter tuning
(=»predicting 52 weeks based on the previous 98 weeks)

Forecast for Breidalsv.

95% Confidence Interval
—— Actual

Forecasted
stat:
Mean Absolute Error (%) 53106
Root Mean Squared Eror (%) 1784
Median Absolute Error (%) 18238
Explained Voriance 0385

el

—— Actual
Forecasted
95% Confidence Interval

Mean Absolute Error (%)

40153

Root Mean Squared Error (%)

78.389

Median Absolute Error (%)

2051

0.728

S~ =

2020-01-

39



Yearly forecasts 2021

Without hyperparamter tuning With hyperparamter tuning
(=»predicting 49 weeks based on the previous 40 weeks) (=»predicting 49 weeks based on the previous 98 weeks)
Forecast for Aursunden Forecast for Aursunden

95% Confidence Interval —— Actual

—— Actual Forecasted
120 Forecasted 95% Confidence Interval

100

2

3

Inflow in m~3/s

Note: Inflow time series ends in November 2021
40



Bad station — with hyperparamter tuning

* Negative values (also in

previous years)
* Many ups and downs (= ——
== Hard to make accurate ——
predictions sy |

41



TUTI

Performance on annual forecasts 2021 over all 18 stations

Without hyperparameter tuning

Mean Absolute Error
(%)

Root Mean Sqgaured
Error (%)

Median Absolute
Error (%)

Explained Variance

72.32
112.17
41.67
0.35

73.95
112.15
47.03
0.3

With hyperparameter tuning

Mean Absolute Error
(%)

Root Mean Sqaured
Error (%)

Median Absolute
Error (%)

Explained Variance

66.85
100.21
41.13
0.48

62.62
101.95
36.77
0.45

42



Monthly forecasts — with hyperparameter tuning

Forecast for @yangen Forecast for Fundin
95% Confidence Interval 5 95% Confidence Interval
— Actual — Actual
0o Forecasted — Forecasted
— Stats Stats
N —I—

-0z -

Wean Absolute Eror (%) 21029 e Emmoe (%) sms S
. Root Mean Squared Emar (%) 9288 2] Aot Mean Squared Exvar (F) 7738

Median Absolute Error %) 233682 Mesian Absoife Ervor (AT 2378

—08 1 —____,_/

] N

Inflow in m~3/s

8]
-10
-12 .
14
Time Time

=% Again station @yangen



Performance on monthly forecasts over all 18 stations

Mean Absolute Error
s 75.41

Root Mean Sqaured
Error (%) 84 . 79

Median Absolute
Error (%) 70.07
Explained Variance - 1 37

44



Weekly forecasts — with hyperparameter tuning

Forecast for Kaldfjorden Forecast for Marsjo

A
%
|
i
f
_1

Time Time

== Negative values and mean of actual values close to 0



Performance on weekly forecasts over all 18 stations

Mean Absolute Error
(%)

Root Mean Sqaured
Error (%)

Median Absolute
Error (%)

Explained Variance

199.24
236.12
209.02
-1.15

46



Weaker performance on weekly forecasts?

« Data quality:
1. More noise in the data (Not resampled to weekly averages)

2. More fluctuations
3. More negative values = Normalized metrics = divided by mean of actual values (which might be

close to 0 due to negative values) == "Worse" accuracy based on metric == same holds for monthly
forecasts (mean closer to 0) — D

2-Week Means
1 N - o
_ NE:-[“J }ll

= 3.Week Means

MAFEn = N
N i1 Vi
55N, (v V2
RMSE = Y2 ]Z"].i. ,
N Zi_l Y, _
dian(|Yi — Vi, ... |Yn — Yu ’
MedianAbsolute Frror — o tan(|¥3 ]-\!, [V ~l)
N 2oic Yi
S i

EzxplainedV ariance = 1

LY (H N V)2

" 201811
Time (Year 2019) 47



thods

Other resampling me

3W-average

1W-average

Forecast for Einunna

Forecast for Einunna
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=»Remove noise through coarser resampling methods



- region view

Columns summed up

Forecast for Inflow Sum Over Region

95% Confidence Interval

= Actual

Forecasted

Mean Absolute Eror (%)

Root Mean Squared Error (%)

Median Absolute Error (%)
Explained Variance
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Forecast for Sula
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Learnings

» Tensorflow and also improved coding
knowledge in general in Python

* Real-world data is not always nice == how to
get most value out of it (imputing methods)

* ML tools

* Real project using Tensorflow
* Working on multi-disciplinary project
* Automatic hyperparameter tuning: Optuna

* The real world is not Kaggle
* Good code quality is important
* Use the features of GitLab/GitHub

TUTI

Learned how to work on a coding project
Use of GitLab

Structure and building blocks of a ML model
Data visualization

Combat overfitting

Using requests model to download data from
website

Real world data is not always perfect

Data preprocessing is very important to train a
model



TUTI

1 E(Model architecture
COﬂClUSlOﬂ = Improving the code quality, HHHE {Testing ("Vl

flexibility and readability = Yearly forecasts
= gz:t:fpﬁgfézg blocks to remove = Monthly forecasts
= Weekly forecasts
= Creating config files = sum oiller all stations
i OPTUNR
{Developing the DataLoader => Combat overfitting {
= Filling in the missing values in Automatic
the downloaded data |ﬂ hyperparameter
=) Time resolution of the data tuning

M/Researching g

related work




Conclusion

« Norwegian data was more challenging

« We did not expect this many missing values

« Code gquality was greatly improved

» Forecast for different time resolutions and lengths possible

* Flexible and easy to use

» Positive feedback from all team members and our mentor Dr. Juliane Sigl



Thank you for your attention
We are looking forward to your questions ?

Florian Fabienne



