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e The scarcity of data
e The sudden appearance of floods.

e Heavily imbalanced data.

e The flow rate remains consistent 99% of the time
e Flood events are infrequent

e Extreme floods are unique
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Heavily rely on data.
Deep learning models Prone to forecast inaccuracies because of extreme

events.

_ o _ A : i T :
Uncertalnty Quantlflcatlon (UQ) pf:deiscstlir;ﬂscon idence and reliability in deep learning
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®* Data collected from five weather @ Hydological Station

A Flow/ Runoff Station =™’

stations

® 4 measured quantities per station

® precipitation
® temperature
®  humidity

o

solar radiation
® The flow rate serving as the output

variable

2/29/2024 Al-Bared, Beise, and Stiber | Small River Flood and Streamflow Forecasting | LARSIM-Anwenderworkshop 2024



H OC H

. . . ey Informatik S C H UL E
Flood Distribution Within the Dataset Hauptcampus | T R IE R
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The ensemble (UQ) approach combines models to predict
outcomes and aggregates the average prediction from all
models to estimate uncertainty.

The Monte Carlo Dropout (UQ) approach works by repeatedly
applying dropout during model inference and averaging the
predictions over multiple passes to estimate uncertainty.

2/29/2024 Al-Bared, Beise, and Stiber | Small River Flood and Streamflow Forecasting | LARSIM-Anwenderworkshop 2024



H OC H
Model Performance Metrics Informatik SC H UL €

Hauptcampus T R IE R
_|ZRer-eb)
Root mean square error (RMSE) = [=——~

Mean Absolute Error (MAE) =-31(0 — Qf|

2
(el -eP)

Coefficient of determination (R?) =1 - ———
el -eT)

400

CVPD
Flood peak value difference (FPVD)= max (Q7) — max(Q)) +3 hofe
200 - >
-’jjur7y
— ——
Critical Value prediction delay (CVPD ) = h — (hl, — hE)). o f)————

7554 7555 7556 7557 7558 7559 7560 7561 1
Next 6 hours forecast

Prediction Interval Coverage Probability (PICP) is defined as the ratio of
samples that fall within their respective Prediction Intervals(PI).
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Dataset B (The Entire Time Course)

NEXT 3 HOURS

NEXT 6 HOURS

Model RSMA MAE R2 RSMA MAE R2
LSTM 5.46 0.97 0.88 6.84 1.2 0.82
GRU 5.57 1.08 0.88 7.06 1.28 0.81
BiLSTM 8.05 1.58 0.75 8.07 1.93 0.75
1DCNN 2.51 0.57 0.98 3.65 0.89 0.95
ConvLSTM 10.23 3.49 0.59 10.68 3.71 0.57

Dataset A (The Entire Time Course)
NEXT 3 HOURS NEXT 6 HOURS
MODELS RSMA MAE R2 RSMA MAE R2
lLsTM 3.04 1.06 0.96 3.65 1.26 0.95
lGRU 3.58 1.22 0.95 4.03 1.3 0.94
BiLSTM 4.07 1.73 0.94 3.99 1.93 0.94
1DCNN 1.68 0.62 0.99 2.62 0.98 0.97
ConvLSTM 7.45 3.53 0.75 7.9 4.08 0.76
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« Our study reveals During The 2021 Extreme Flood Period
. . NEXT 3 HOURS NEXT 6 HOURS
|neffect|veness Of LSTM' MODELS RSMA MAE R2 RSMA MAE R2
BI-LSTM, ConvLSTM, and LSTM 120.78 | 85.83 0.37 151.85 | 113.34 0.09
_ o GRU 121.49 | 88.85 0.41 155.45 | 116.5 0.05
GRU models in predicting BIiLSTM 179.45 | 128.94 | -0.25 175 128.59 | -0.19
ﬂOW rates during the 1DCNN 52.82 34.59 0.89 75.17 51.83 0.78
ConvLSTM 205.21 155.55 -0.66 217.62 165.72 -0.84
extreme 2021 flood.
During The 1993 Flood Period
° 1DCNN ShOWS a gOOd Ievel NEXT 3 HOURS NEXT 6 HOURS
MODELS RSMA MAE R2 RSMA MAE R2
of performance across all LsTM 2034 | 2053 | 0.5 | 37.24 | 24.83 | 0.23
prediction horizons. GRU 35.07 22.75 0.3 38.57 27.02 0.16
BiLSTM 34.67 22.83 0.33 30.14 16.87 0.5
1DCNN 21.32 12.09 0.75 30.8 19.13 0.48
ConvLSTM 57.68 45.48 -1.08 60.93 46.01 -1.06
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Evaluation of Forecasting During Flood Periods
(Timing evaluation )

- Late prediction (negative values)

« Early prediction (positive values)

During the 1993 flood period (6 Hours)

Model V150 m3/s V250 m3/s V350 m3/s
LSTM 1.12+(0.96) -4.13+(4.81) -0
GRU 1.1+(1.8) -4.7+(5.5) -00
BiLSTM 2.8+(0.2) 0+(1.3) -3.91(3.6)
1DCNN 3.37£(0.83) 0.67%(2.17) -2.96%(3.69)
ConvLSTM -0 -c0 -c0
During the 2021 flood period (6 Hours
Model V150 m3/s V250 m3/s V350 m3/s V500 m3/s
LSTM -1.91+(1.76) -5.11%(3.3) -8.331(4.8) -0
GRU -31+(2.8) -6.9%(5.3) -0 -0
BiLSTM -6.6+(0.9) -0 -00 -00
1DCNN 3.37+(0.39) 4.42%(1) 5.46+(1.64) 7.02£(2.61)
ConvLSTM -0 -0 -00 -00
2/29/2024
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Analysis of false positive errors Hauptcampus | T R

Only one False Positive case appears for 1DCNN in each forecast horizon (black plot)

[ )
p_’, ] —— Actuals
PJ0 0]y e e A P e T e T +— Predictions (1DCNN) -
* [ 1 Flood Threshold
N
’\,3 150 \
ME !
< 100
50
0 50 100 150 200 250
Time (Hours)
800
—— Actuals
—=— Predictions (LDCNN)
eoo4+ s e Flood Threshold
w
& 400
o
200 e ——— e e e ————————————
04 i
200 250

Time (Hours)

Figure 11: Analysis of false positive patterns of the IDCNN model with 6-hour Forecast Horizon on both test sets
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Normal Flood 1993 Extreme Flood 2021
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PICP is defined as the ratio of samples that fall within their respective PIs.
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Evaluation of uncertainty quantification

(Monte Carlo Dropout)
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PICP is defined as the ratio of samples that fall within their respective PIs.
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This study focus:

e Analysing deep learning methods for small river streamflow forecasting.
e Special focus on extreme flood prediction.
¢ Investigating uncertainty estimation methods with deep learning models.

Aspects Analyzed:

¢ Prediction accuracy
e Timely prediction
¢ Quality and robustness of prediction

Overall Findings:

¢ All models give adequate forecasts on average over the entire time course.
e 1DCNN model outperformed other models.
¢ Predicting extreme floods is a challenges for most models.
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« Models show errors (accuracy and time errors) in peak flood forecast, which cannot be

ignored.

- Rooms for future work :
» More investigation in Uncertainty Quantification
» Causal effect analysis
» Designing balanced datasets

» Cross-domain for flood prediction
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Thanks for listening.
Any questions?
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