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Streamflow Estimation using Coupled Stochastic and Neural
Networks Model in the Parallel Reservoir Groups

TRCE

Kim, Sungwon

Abstract

Spatial-Stochastic Neural Networks Model(SSNNM) is used to estimate long-term
streamflow in the parallel reservoir groups. SSNNM employs two kinds of backpropagation
algorithms, based on LMBP and BFGS-QNBP separately. SSNNM has three layers, input,
hidden, and output layer, in the structure and network configuration consists of 8-8-2 nodes
one by one. Nodes in input layer are composed of streamflow, precipitation, pan evaporation,
and temperature with the monthly average values collected from Andong and Imha reservoir.
But some temporal differences apparently exist in their time series. For the SSNNM training
procedure, the training sets in input layer are generated by the PARMAC(L,1) stochastic model
and they covers insufficient time series. Generated data series are used to train SSNNM and
the model parameters, optimal connection weights and biases, are estimated during training
procedure. They are applied to evaluate model validation using observed data sets. In this
study, the new approaches give outstanding results by the comparison of statistical analysis
and hydrographs in the model validation. SSNNM will help to manage and control water
distribution and give basic data to develop long-term coupled operation system in parallel
reservoir groups of the Upper Nakdong River.

Keywords : Spatial-Stochastic Neural Networks Model, PARMA(1,1), LMBP, BFGS-QNBP,
parallel reservoir groups
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Streamflow Q, , Precipitation P_,
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Historical Data ; Imha Reservoir
Streamflow Q; , Precipitation P, ,
Pan Evaporation E, , Temperature T,

<__ __ __ Stochastic Model
SAMS ; PARMA(L1)

Training Data Generation ;
Input Layer Data for SSNNM

<_ __ __ Neural Networks Model
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Parameters Estimation Processes
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SSNNM Validation ;
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E 1. SLEA U 3R A(ors W A=)
Statistical Analysis Analysis of Variance
Stati T BRAM
ation ype S(eXmm) | S(e)/S(y)| CC |Computed F|Critical F Null .
Hypothesis
. Reject that
Andong |Linear| E,=4.2107T,+64.54 29.70 0.586 0.813 182.93 94.00 b1=0
Yeongdeok |Linear| E,=2.9197,+6.73 | 2623 | 0719 |o0742 | 12354 | 13000 | AP e
I 2. AR BA(ots U sici=E o)
Data Streamflow(cms) Precipitation{mm)
Statistics Andong Imha Andong Imha
Mean 370.29 211.88 1,104.17 988.00
S.D. 123.41 163.60 25751 265,51
S.C. 0.17 0.26 0.19 -0.10
CV 0.33 0.77 0.23 0.27
Max. 586.30 433.90 1,567.30 1,280.40
Min. 180.50 28.40 716.40 626.20
Lag-1 0.0367 0.1967 0.2423 0.2701
Cor.Coef.
Lag-2 -0.1091 -0.2305 -0.0869 -0.1307
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E 3. PARMA(1,1) 28] dda e ozlids ME(ehs 2 ASIciEE o)
Data Streamflow(cms)
Andong Imha

Month Phi-1 Theta-1 Phi-1 Theta-1
1 0.286 0.231 -0.414 -1.728
2 8.657 6.913 1.310 -0.858
3 0.783 0.641 0513 0.097
4 0.426 0.398 3.232 1.896
5 -0.157 -0.311 1.041 1.792
6 2.710 2623 0.228 -0.052
7 -0.694 -0.947 6.068 2.110
8 -0.391 -0.680 1.720 -0.680
9 -1.116 -1.277 0.010 0.362
10 0.083 0.040 2.251 0.201
11 0.302 0.330 0.074 0.074
12 -1.451 -1.742 0.353 0.705
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. . Training | Iteration |  Network Statistical Analysis
Data Reservo Algorithm . .
o & Time(sec) | Number | Configuration | me)(ams) | ste)ems) | ste)/sy)| CC
LMBP 3 2 882 0.128 8560 0222 038
Andong
L BFGS-QNBP S) 9» 8-8-2 0.39 87% 0.229 0.98
Training
I LMBP 3 2% 8-8-2 -0.021 12.999 0.322 0%
a
BFGS-QNBP 45 939 8-8-2 0.237 12.745 0.315 096

E 5. LMBP SZHeAl MFUIHO| HMAZZT o} HAL

. Input Variables and Weights
Hidden Layer Output Layer
Qu(t-1) ] Pu(t) | E) | Talt) | Qit-1 | Pi(t) | Et) | Tiv
Node j Bias By; Wi Wiz Wis Wis Wis Wis Wiz Wis Wiy Wy

1 -15.318 | 0411 | -4.253 | 7516 16347 -3683 | 0684 | 1.893 | -1.916 0.091 | ~1.572

2 -5.122 1510 0.771 1.307 | 3.331 0.190 | -1479 | -0.329 | 0.719 1.867 | 3.998
3 5277 | -0.865 1337 | -1719 | -3.149| -0549 | 0.998| 0.725| -1.023 3.742 | 0529
4 7455 | -4.433 | -6.843) 4.369 | -0.338 | -2.533 51841 5378 |-10.287 | -0.204 1.090
5 4724 1.529 |-13.631 2.688 0564 | 0083} -0933] -8964 | -0.827 | -0.108| 0.023
6 4325 | 3.389 -19.652 | -2.895 | 11587 | -3.286 | 11508 | 5.189 0575 | -0402 | ~-1.872
7 -7.872 | ~6.827 | -6.962 8110 | -2.299{ -2.899 | 2.903 4606 | 4414| -0.044 | 0979
8 1.297 4.081 9460 | -1.824| -3324| 4849 | -0.162 | -5.664 | -3.636 | -0.038 | 0.447
Bias By -2.715
Bias Bz 0.085
- B } o o 1
1.0E+00 1
] Training Perforrance r T ‘

1.OE-01 4

1.0E-02

Mean Square Errors

1.0E-03

Training Tolerance(.001)

1.OE-04 T T
0 100 200 300 400 500 600 700 800 900 1000

No. of Iteration

a8 7. BENI 2R SN
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) . Network Statistical Analysis
Data Reservoir Algorithm . .
Configuration | m(e)(cms) | s(e)(cms) | sle)/s(y) cC
LMBP 8-8-2 6.835 15.129 0.333 0.86
Andong
BFGS-QNBP 8-8-2 15.608 22.416 0.494 0.85
Validation
LMBP 8-8-2 9.320 22.378 0.627 0.81
Imha
BFGS-QNBP 8-8-2 12.855 32.984 0.923 0.80
4000
3600 Andong Reservoir b ¢ Otsered
! 1993-1999 T
.m0 L2202 BFGS-QNBP
om0 {L
§ 2400 fk [
£ |
3 i
[ :
I E §
s |
\
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