
References

Abrahart, R. J., and L. See (1998), Neural network vs. ARMA modelling: constructing

benchmark case studies of river flow prediction, inProceedings of the 3rd International

Conference on GeoComputation, University of Bristol, Manchester, UK.

Abrahart, R. J., L. See, and P. E. Kneale (1999), Using pruning algorithms and genetic

algorithms to optimise network architectures and forecasting inputs in a neural network

rainfall-runoff model,Journal of Hydroinformatics, 1(2), 103–114.

Abrahart, R. J., L. See, and P. E. Kneale (2001), Investigating the role of saliency analysis

with a neural network rainfall-runoff model,Computers and Geosciences, 27(8), 921–

928, doi:10.1016/S0098-3004(00)00131-X.

Aguiar, H. C., and R. M. Filho (2001), Neural network and hybrid model: a discus-

sion about different modeling techniques to predict pulping degree with industrial data,

Chemical Engineering Science, 56(2), 565–570.

Amari, S.-I., N. Murata, K.-R. M̈uller, M. Finke, and H. H. Yang (1997), Asymptotic

statistical theory of overtraining and cross-validation,IEEE Transactions on Neural

Networks, 8(5), 985–996.

Anders, U., and O. Korn (1999), Model selection in neural networks,Neural Networks,

12(2), 309–323, doi:10.1016/S0893-6080(98)00117-8.

Andrews, R., J. Dieterich, and A. B. Tickle (1995), Survey and critique of techniques

for extracting rules from trained artificial neural networks,Knowledge-Based Systems,

8(6), 373–389.

Anmala, J., B. Zhang, and R. S. Govindaraju (2000), Comparison of ANNs and empiri-

cal modelling approaches for predicting watershed runoff,Journal of Water Resources

Planning and Management, 126(3), 156–166, doi:10.1061/(ASCE)0733-9496(2000)

126:3(156).

Page 299



References

ASCE Task Committee on Application of Artificial Neural Networks in Hydrology

(2000a), Artificial neural networks in hydrology. I: preliminary concepts,Journal of

Hydrologic Engineering, ASCE, 5(2), 115–123, doi:10.1061/(ASCE)1084-0699(2000)

5:2(115).

ASCE Task Committee on Application of Artificial Neural Networks in Hydrology

(2000b), Artificial neural networks in hydrology. II: hydrologic applications,Journal of

Hydrologic Engineering, ASCE, 5(2), 124–137, doi:10.1061/(ASCE)1084-0699(2000)

5:2(124).

Aurelle, D., S. Lek, J.-L. Giraudel, and P. Berrebi (1999), Microsatellites and artificial

neural networks: tools for the discrimination between natural and hatchery brown trout

(Salmo trutta, L.) in Atlantic populations,Ecological Modelling, 120(2-3), 313–324,

doi:10.1016/S0304-3800(99)00111-8.

Baker, P. D., J. D. Brookes, M. D. Burch, H. R. Maier, and G. G. Ganf (2000),

Advection, growth and nutrient status of phytoplankton in the lower River Murray,

South Australia,Regulated Rivers: Research and Management, 16(4), 327–344, doi:

10.1002/1099-1646(200007/08)16:4〈327::AID-RRR576〉3.0.CO;2-Q.

Basheer, I. A., and M. Hajmeer (2000), Artificial neural networks: fundamentals, com-

puting, design, and application,Journal of Microbiological Methods, 43(1), 3–31, doi:

10.1016/S0167-7012(00)00201-3.

Bates, B. C., and E. P. Campbell (2001), A Markov chain Monte Carlo scheme for param-

eter estimation and inference in conceptual rainfall-runoff modeling,Water Resources

Research, 37(4), 937–947, doi:10.1029/2000WR900363.

Beasley, J. D., and S. G. Springer (1977), Algorithm AS III: The percentage points of the

normal distribution,Applied Statistics, 26(1), 118–121.

Bebis, G., and M. Georgiopoulos (1994), Feed-forward neural networks: why network

size is so important,IEEE Potentials, 13(4), 27–31, doi:10.1109/45.329294.

Beck, M. B. (1987), Water quality modeling: a review of the analysis of uncertainty,

Water Resources Research, 23(8), 1393–1442.
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Appendix A – Training Investigation Results

Table A.1 MSE results for data set I trained with BP

Hidden Weight Initialisation Standard

Nodes 1 2 3 4 5 Average Deviation

1 0.453 0.453 0.453 0.453 0.453 0.453 0.000
2 0.448 0.438 0.448 0.448 0.438 0.444 0.005
3 0.443 0.434 0.442 0.440 0.435 0.439 0.004

4 0.427 0.427 0.429 0.433 0.418 0.427 0.006
5 0.417 0.431 0.421 0.425 0.427 0.424 0.005

6 0.412 0.412 0.413 0.418 0.416 0.414 0.003

7 0.410 0.412 0.407 0.398 0.412 0.408 0.006
8 0.403 0.414 0.406 0.400 0.404 0.405 0.005

9 0.393 0.406 0.377 0.388 0.406 0.394 0.013

10 0.396 0.388 0.386 0.374 0.392 0.387 0.008

Table A.2 MSE results for data set I trained with the GA

Hidden Weight Initialisation Standard

Nodes 1 2 3 4 5 Average Deviation

1 0.450 0.450 0.450 0.450 0.450 0.450 0.000

2 0.438 0.438 0.438 0.438 0.438 0.438 0.000
3 0.440 0.442 0.436 0.438 0.438 0.439 0.002
4 0.431 0.435 0.430 0.434 0.433 0.433 0.002
5 0.431 0.435 0.427 0.430 0.442 0.433 0.006
6 0.431 0.430 0.418 0.429 0.420 0.425 0.006
7 0.425 0.408 0.422 0.423 0.430 0.422 0.008
8 0.404 0.414 0.410 0.424 0.411 0.413 0.007
9 0.424 0.419 0.404 0.406 0.406 0.412 0.009
10 0.399 0.403 0.395 0.405 0.428 0.406 0.013

Table A.3 MSE results for data set I trained with the SCE-UA algorithm

Hidden Weight Initialisation Standard

Nodes 1 2 3 4 5 Average Deviation

1 0.448 0.448 0.448 0.448 0.448 0.448 0.000

2 0.438 0.438 0.438 0.438 0.438 0.438 0.000

3 0.434 0.435 0.436 0.426 0.436 0.433 0.004

4 0.422 0.429 0.431 0.428 0.427 0.427 0.004

5 0.412 0.427 0.426 0.419 0.416 0.420 0.006

6 0.411 0.419 0.423 0.421 0.415 0.418 0.005

7 0.410 0.401 0.416 0.402 0.403 0.407 0.007

8 0.390 0.401 0.400 0.400 0.393 0.397 0.005
9 0.400 0.395 0.391 0.396 0.395 0.396 0.003
10 0.386 0.405 0.394 0.403 0.396 0.397 0.007
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Table A.4 MSE results for data set II trained with BP

Hidden Weight Initialisation Standard

Nodes 1 2 3 4 5 Average Deviation

1 0.641 0.641 0.641 0.641 0.641 0.641 0.000

2 0.631 0.558 0.631 0.558 0.631 0.602 0.040
3 0.629 0.606 0.485 0.622 0.548 0.578 0.061
4 0.497 0.521 0.478 0.589 0.511 0.519 0.042

5 0.471 0.463 0.531 0.536 0.492 0.498 0.034

6 0.458 0.466 0.515 0.464 0.470 0.475 0.023

7 0.463 0.448 0.468 0.438 0.451 0.454 0.012

8 0.448 0.449 0.433 0.484 0.435 0.450 0.020

9 0.432 0.434 0.488 0.429 0.420 0.441 0.027

10 0.424 0.434 0.414 0.446 0.425 0.429 0.012

Table A.5 MSE results for data set II trained with the GA

Hidden Weight Initialisation Standard

Nodes 1 2 3 4 5 Average Deviation

1 0.641 0.641 0.641 0.6410.640 0.641 0.000
2 0.633 0.634 0.633 0.609 0.617 0.625 0.011
3 0.527 0.610 0.629 0.5370.515 0.564 0.052
4 0.625 0.538 0.498 0.5060.481 0.529 0.057
5 0.485 0.486 0.479 0.4930.474 0.483 0.007
6 0.459 0.526 0.459 0.477 0.470 0.478 0.028
7 0.482 0.459 0.456 0.463 0.464 0.465 0.010
8 0.487 0.453 0.454 0.478 0.471 0.469 0.015
9 0.447 0.475 0.465 0.4470.446 0.456 0.013
10 0.460 0.460 0.445 0.447 0.448 0.452 0.007

Table A.6 MSE results for data set II trained with the SCE-UA algorithm

Hidden Weight Initialisation Standard

Nodes 1 2 3 4 5 Average Deviation

1 0.639 0.639 0.639 0.639 0.639 0.639 0.000
2 0.629 0.632 0.629 0.629 0.632 0.630 0.001

3 0.621 0.620 0.480 0.480 0.480 0.536 0.077

4 0.471 0.473 0.473 0.477 0.473 0.473 0.002

5 0.467 0.465 0.506 0.468 0.469 0.475 0.018

6 0.460 0.462 0.462 0.459 0.463 0.461 0.002
7 0.459 0.453 0.450 0.454 0.492 0.462 0.017
8 0.447 0.447 0.451 0.455 0.450 0.450 0.004
9 0.449 0.445 0.446 0.462 0.459 0.452 0.008
10 0.440 0.470 0.446 0.4440.433 0.447 0.014
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Appendix A – Training Investigation Results

Table A.7 MSE results for data set III trained with BP

Hidden Weight Initialisation Standard

Nodes 1 2 3 4 5 Average Deviation

1 3.543 3.543 3.543 3.543 3.543 3.543 0.000
2 2.592 2.592 2.403 2.403 3.030 2.604 0.256

3 1.693 1.419 1.419 2.004 1.693 1.646 0.243
4 1.652 0.653 0.653 1.646 0.653 1.051 0.546
5 0.559 0.559 0.635 0.559 0.580 0.579 0.033
6 0.558 0.575 0.582 0.521 0.536 0.554 0.026
7 0.516 0.531 0.553 0.558 0.519 0.535 0.019

8 0.582 0.517 0.518 0.509 0.522 0.530 0.030

9 0.523 0.512 0.513 0.502 0.518 0.514 0.008

10 0.489 0.506 0.497 0.497 0.501 0.498 0.006

Table A.8 MSE results for data set III trained with the GA

Hidden Weight Initialisation Standard

Nodes 1 2 3 4 5 Average Deviation

1 3.540 3.541 3.540 3.540 3.541 3.541 0.000
2 2.551 2.554 2.417 2.544 2.414 2.496 0.074
3 2.524 1.449 1.730 2.480 1.732 1.983 0.488

4 1.858 0.756 0.942 0.7520.737 1.009 0.482
5 0.644 0.639 0.738 0.603 0.643 0.653 0.050
6 0.693 0.536 0.601 0.611 0.625 0.613 0.056
7 0.605 0.560 0.549 0.639 0.637 0.598 0.042
8 0.631 0.571 0.605 0.561 0.540 0.582 0.036
9 0.572 0.539 0.546 0.556 0.558 0.554 0.013
10 0.531 0.544 0.531 0.541 0.557 0.541 0.011

Table A.9 MSE results for data set III trained with the SCE-UA algorithm

Hidden Weight Initialisation Standard

Nodes 1 2 3 4 5 Average Deviation

1 3.538 3.538 3.538 3.538 3.538 3.538 0.000

2 2.356 2.356 2.356 2.356 2.356 2.356 0.000
3 1.656 1.656 1.656 1.656 1.656 1.656 0.000

4 1.620 0.600 1.627 1.640 0.600 1.218 0.563

5 0.566 0.529 0.545 0.527 0.526 0.539 0.017

6 0.518 0.520 0.567 0.519 0.528 0.530 0.021

7 0.513 0.517 0.511 0.511 0.512 0.513 0.003

8 0.511 0.514 0.537 0.511 0.513 0.517 0.011
9 0.524 0.516 0.520 0.519 0.516 0.519 0.004
10 0.526 0.549 0.538 0.550 0.520 0.537 0.013
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Appendix B

Results of Assessment of Input

Importance Measures

In the tables presented in this appendix, the methods used for assessing relative input

importance are numbered as follows:

(1) Connection Weight Approach

(2) Garson’s Method

(3) Modified Connection Weight Approach

(4) Modified Garson’s Method
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Appendix B – Results of Assessment of Input Importance Measures
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