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Objective

D 2 Surface Runoff

Improving streamflow simulation accuracy S T|s Lateral Fign
e A
Using both conceptual hydrological models e | gessstrantes Rachanet 7
and machine learning based data driven
models
ye=h
A
SWAT: one of the process based models P _— -
extensively used in the management of water “ ‘
resources i
fe| &
LSTM Al-based model: there are studies show tanh
that LSTM model has outperformed SWAT B -

model in simulating runoff




Case study

Tagus Headwaters River Basin (THRB), Spain

One of the most regulated rivers in Europe

Tagus-Segura water transfer: Beyond meeting
local water demands, it also diverts a portion
of its supply to the Segura River Basin

Total area of the study area: 3200 km2

Four gauging stations recording daily flow data
were utilized to determine the outlet locations
for four catchments
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Methodology

Spatial Data SWAT+ output data
v v
DEM
FO ur d iffe re nt SWAT'I' mo d e I S Land Use — Potential evapotranspiration
fOf‘ eve ry Statlon u pSt rea m Soil Map Actual evapotranspiration
SWAT+ model
Soil water content
- Scenario 1 ! Scenario 2 =
Meteorological Data — e LT A s Percolation
. A A4
Warm-up period: 1985-1989 v pe—— Sising i P
rate:
Precipitation detank paramcters e T aterst i
Maximum Temperature — Streamflow

Calibration period: 1990-2005 Minimum Temperature

Validation period: 2006-2020 Number Parameter (T B——

001 s o

Hydrologic parameters

I Tmitial 505 curve oumber 1T (ORI} thR  -ILERW BN R IO I
2 Percolation coefficient (perco) k1 o8 0.88 [URLY] 0.a1 3
3 Slope length for lateral subsuriace flow (lac_len) 1-150 9277 10037 6281 TA.97 5
4 Soal evaporation factor (esco) i1 0.ad 055 &3 0.36 T
. gt e . 5 Plant uptake faceor (epoo) k1 [Uhrd 0.08 030 0.7 8
Automatic se nsitivity ana Iy5|s & Manning coefficient of the main channel (chn) 00103 029 010 .11 0.20 11
9 0 7 Manning "n" value for surface flux (ovn) 0.01-30 246 10.21 10,02 631 12
and calibration: SWATplusCUP Soll parametes
8 Bulk =0il density (BI) -3. -ILTI% - 2
a Available warer capacige of the soil Liyer (awc) 0,48 -1264% 6 14
Groundwater parameters
10 Specific yield [sp_yId) HLE [I%:%]) (%) [ [INIE] 4
11 Groundwater storape threshold for return Sow to oceur (8o min) 100 621 008 4.0 673 [
12 Groundwater "revap” coafficient (revap_co) 0.02-0.2 .11 019 11 0.20 g
13 Alpha factor for the aquifer recession corve (alpha) k1 72 0. L8] 0.85 1y

14 Threshold of water depeh in the shallow aquifer required o alkey revap (revap_min) 0-100 5.80 5.55 126 286 13




Methodology

Search a range of neurons {2,
4, 6,8, 16,32, 64}

Batch size: 16
Epoches: 100

Adam optimization algorithm

Loss function: mean squared
error

Spatial Data

DEM
Land Use

Soil Map

Meteorological Data —

v

Precipitation

—
Maximum Temperature

Minimum Temperature

l

SWAT+ model
Scenariol l __Scenario 2
. v
Simulating with Sinlulalm'ng with
default parameters Calibrated
parameters
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SWAT+ output data

v

Potential evapotranspiration
Actual evapotranspiration
Soil water content
Percolation
Surface runoff
Lateral flow

Streamflow

|

LSTM model

search a range of neurons
adam algorithm

mean squared error

Performance evaluation:
------- » comparative analysis of conpled versus
standalone SWAT+ models

Dynamics of model efficacy: assessing
——————— »  performance variability with input
dimensionality
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Methodology

Station 3005 High
latq -
() Performance evaluation: NSE, perc  *
RMSE, MAE, PBIAS sl
flow_out ‘
Tmax(t)
Shapley Additive Explanation pet +
® (SHAP) methodology: how each e _ﬁ_"’ B
. o P(t)
input feature contributes to the ¢
o p Global Feature Importance_station 3005
prediction +
tatq [ e a0 o
SHAP: Addressing the critici perc| S — 27 | ot ot cutput)
. mpact on moadel outpu
4 ressing the criticism S — e
() regarding the black box nature of tonout| T s
Al-based models Tmaxy| [ 335%
pet . 2.63%
1.39%
SHAP value plots and global surq‘ift") : o
feature importance plots tmin| | 108
ety [ 1.02%
0 10 20 30 40

Mean Absolute SHAP Value (Importance %) 6

Feature value



Streamflow (m?/s)
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Results
. Station 3001 Statistics SWAT+ daily | Scenario 1 Scenario 2
Performance evaluation
i NSE 0.44 0.68 £0.02 0.76 + 0.04
: alibration
Station 3001 PBIAS (%) 49.24 131+493 | 0.21+3.93
o NSE 0.30 0.75 0.68
Validation
PBIAS (%) 51.72 -2.07 -4.77
Calibration period Testing period

o

Station 3001
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------- Observed flow Scenario 1 Scenario 2 Calibrated SWAT+




Streamflow (m?/s)

Results

UCAM

. Station 3005 Statistics SWAT+ daily | Scenario 1 Scenario 2
Performance evaluation
i NSE 0.49 0.86 £0.02 0.82 +0.02
: alibration
Station 3005 PBIAS (%) 35.08 0.67+2.14 | 124124
o NSE 0.51 0.81 0.79
Validation
PBIAS (%) 31.97 5.86 -4.93
Calibration period Testing period
90 - > >
8 Station 3005 i
70 | |
60 | | !
50 ! : .
40 ) : EI\ | ]
30 f ' d : ' . ‘
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------- Observed flow Scenario 1 Scenario 2 Calibrated SWAT+



Streamflow (m3/s)
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Results

Performance evaluation

Station 3030

UCAM

Station 3030 Statistics SWAT+ daily | Scenario 1 Scenario 2
NSE 0.21 0.71 £0.01 0.62 £0.03
Calibration
PBIAS (%) -6.91 0.42 £1.59 -0.23 +0.83
NSE 0.28 0.62 0.55
Validation
PBIAS (%) -3.12 9.66 6.88

Calibration period

Testing period

A J

A

Station 3030

&

Scenario 2

&

Calibrated SWAT+



Streamflow (m3/s)

Results

Performance evaluation

Station 3268

UCAM

Station 3268 Statistics SWAT+ daily | Scenario 1 Scenario 2
NSE 0.49 0.75 £0.02 0.79 £0.02
Calibration
PBIAS (%) 29.19 -1.30£3.54 -1.73 £2.37
NSE 0.39 0.71 0.78
Validation
PBIAS (%) 17.44 19.57 21.36

Calibration period

Testing period

A

A

.
6 Station 3268
5

Scenario 2

Calibrated SWAT+




Results

SHAP interpretation results
for scenario 1

The plot shows SHAP value:

how every input feature
impacts on model output

latq

perc
sw_final
flow_out
Tmax(t)
pet
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P(t)
Tmin(t)
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Results

SHAP interpretation results
for scenario 1

Global feature importance:
mean absolute SHAP value
(importance %) for every
input feature

UCAM

Global Feature Importance_station 3005

perc- 35.27%
swfinal{ | H 1001%
flow_out - 3.73%
Tmax(t) - 3.35%
pet 2.63%
surg_gen{ | H 1.39%
P(t{ | 1.26%
Tmin(t) l 1.04%
et l 1.02%
0 10 20 30 40

Mean Absolute SHAP Value (Importance %)



UCAM

Results
SHAP interpretation results High
for scenario 2 latq .'- cae sess
t *-
The plot shows SHAP value: b
how every input feature flow_out T ommeme "_"
impacts on model output perc --'— w
Tmax(t) + ©
L
sw_final ’— =
i
et b &
P(t) e |
Tmin(t) +
surgq_gen i— .o
T T T T T Lo
-5 0 5 10 15

SHAP value (impact on model output)
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Results

SHAP interpretation results
for scenario 2

Global feature importance:
mean absolute SHAP value
(importance %) for every
input feature

latq -

pet
flow_out 1
perc 1
Tmax(t) 1
sw_final
et

P(t) 1
Tmin(t) -

surg_gen

Global Feature Importance_station 3005

UCAM

— P
l 1.05%

19.04%
10.58%

8.69%

7.54%

6.40%

5.62%
3.93%
13%

34.02%

o

5

10 15 20 25 30
Mean Absolute SHAP Value (Importance %)
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Results

SWAT+ and LSTM coupled model performance as the number of input variables changes

Scenario 1

m “__/———-‘
wn =5
Zz
0.5
—m— Station 3001 —e— Station 3005
0.4 —i—Station 3030 =—d#—Station 3068
0.3

2 3 4 5 6 7 8 9 10
The number of variables
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Conclusion

Coupling SWAT+ and LSTM models improves streamflow prediction

Employing calibrated SWAT+ model outputs as inputs for Al-based models does not significantly
affect streamflow predictions when compared to using outputs from the SWAT+ model with
default parameter

SHAP methodology helps for machine learning based models interpretation

Different features including meteorological data and SWAT+ output features play differently in
creating outputs of coupled models

Coupled models performance increases as we use more input features for LSTM models
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Thanks for your attention

sasadi@alu.ucam.edu
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