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A need to PREDICT PEAK FLOWS
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Investigate the use of machine-learning-based algorithms
to:

a) assess the relative importance of dynamic and
static variables in flood response

b) develop predictive models for peak flow response
¢) advance flood warning systems
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Regional Models across CONUS

CAMelLs Data — for

670 catchments
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Methodology

|dentify Flood
Peaks and
triggering
storm features

Data
Preprocessing

Exploratory Data
Analysis

Select predictors
after noting
correlations and
trends

Develop
predictive
models; use
LSTM (Kratzert
et al. 2018) for
comparison

Model
Validation

Model Analysis/

Interpretation

Evaluation
based on region
and flood
severity
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Data Preprocessing

Storm Hydrograph of Sample Catchment: HUC-17-12040500
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Rule-Based Models are “explainable”

-

 Decision Tree

« Histogram-based Gradient
Rule-Based Boost Regressor

\_ « Random Forest

4 ™ ¢ Linear/LASSO Regression
Non-Rule- « Multi-Perceptron (“Neural

Based Networks”)
- ~/ + Kernel (Ridge) Regression
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HGBR and RF for predicting peaks

P_Trig_total <= 122.425
mse = 44.988

Ensemble tree-based e a1
learning algorithms

095 <= 6.658 P_Trig_max <= 70.825
mse = 17.105 mse = 133.742
samples = 25381 samples = 3932

value = 14.045

« HGBR - iterative / ‘

q95 <= 17.673 q95 <= 14.353
d R F = ave rag e mse = 24.664 mse = 65.296 L
samples = 5000 samples = 2873 sa
value = 6.936 value = 11.173 va
P—T“[gn;;“j"lg;;é'g“f’ mse = 33.834 mse = 32.433 P—Trﬁfgf%’; ‘6;;'9'7 AP
samples = 4227 s;]amp]_eslj 2773’1 sa?ip]ei; i?i?’ samples = 1420
value = 6.125 vaue= 1. vaue= /. value = 15.018
= 60.535 A \‘ P T <=1
iy | | mse = 11.556 | | mse = 45.746 | mse = 33.557 | | mse = 82.765 - fﬁ;;”jﬁ 28 caA
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Summary of performance metrics for all models

Best .-
Model Validation ValldR%tlon

RMSE
Histogram Based Gradient 4.08 0.66
Boost Regressor
MLP (Multi - layer Perception) 4.26 0.63
Random Forest 4.49 0.55
Lasso Regression 4.54 0.58
Linear Regression 4.55 0.58
Kernel (ridge) Regression 4.64 0.56
Decision Tree 4.96 0.5

LSTM

6.08
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Summary of
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Importance
of
Variables

Regional
dependence for
predicting peak flows
across CONUS




Variable behavior changes in response to flood

severity
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Mapping performance to Catchments
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Mapping performance to Regions

[] Heer_RMSE
[ rF_RMSE

[ LsTM_RMSE

10
5
-
USGS WBD - Watershed Boundary Dataset. Data refreshed October, 2020
0

Compares the magnitude of RMSE per Region for three models
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Conclusion

« HGBR and RF: demonstrated promising results for flood
peak predictions

* Regional dependence of peak-flow predictions noted both
per model and among models

* Precipitation controls flood response in high-flow events
but its importance reduces for low-moderate flow events
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Future Direction

Incoming Forecasted
Precipitation

 The second phase —
addressing “ungauged”

catchments
. C Storm
* From U.nde.rstanf:llng [Detector]
- “Application” via an 7 N
operational flood-
C Flood; run peak No Flood; keep
predlctlon framework [predicting model] [monitoring storm]
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