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Estimating Evapotranspiration of Rice Crop
Using Neural Networks

— Application of Back-propagation and Counter-propagation Algorithm—
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Summary

This paper is to evaluate the applicability of neural networks to the estimation of evapotran-
spiration. Two neural networks were developed to forecast daily evapotranspiration of the
rice crop with back-propagation and counter-propagation algorithm. The neural network trai-
ned by back-propagation algorithm with delta learning rule is a three-layer network with
input, hidden, and output layers. The other network with counter-propagation algorithm is
a four-layer network with input, normalizing, cdmpetitive, and output layers. Training neural
networks was conducted using daily actual evapotranspiration of rice crop and daily climatic
data such as mean temperature, sunshine hours, solar radiation, relative humidity, and pan
evaporation. During the training, neural network parameters were calibrated. The trained
networks were applied to a set of field data not used in the training. The created response
of the back-propagation network was in good agreement with desired values and showed
better performances than the counter-propagation network did. Evaluating the neural network
performance indicates that the back-propagation neural network may be applied to the estima-
tion of evapotranspiration of the rice crop. This study does not provide with a conclusive
statement as to the ability of a neural network to evapotranspiration estimating. More detailed

study is required for better understanding and evaluating the behavior of neural networks.
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Fig. 1. Schematic diagram of functions of a
processing element
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Fig. 2. Structure of a typical neural net-
work
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Fig. 3. Sigmoid transfer function
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Fig. 4. Structure of a counter-propagation
network
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Fig. 5. A proposed back-propagation neural
network
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Fig. 6. A proposed counter-propagation neu-
ral network
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Table-1. Comparison of observed and simu-
lated evapotranspiration

cacs | Your BPN CPN
a8 ) e T TRMSE. | R | RMSE.
Learn | 1984 | 0.846 | 1015 | 0806 | 1.127
1985 | 0.769 | 1231 | 0.685 | 1.444
Recall
1986 | 0.638 | 1351 | 0534 | 1435
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Fig. 8. Observed and estimated evapotrans-

pirations by CPN(1984)
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Fig. 9. Observed and estimated evapotrans-
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Fig. 10. Observed and estimated evapotran-
spirations by CPN(1985—1986)

Aok, Ko R BARS ERk 333
wiste 222 Yeusle ANdeS o=
A F B Aoz Boly CPNY A5+
HECZ BABETL ¥ Aoz Yeiyd.
o] & CPNo| F BIHSRE 271 AdiM=
EIEEAES) HUEIE Aokt &k B B¥e

(a) 1985 "

ANBE AR Birsol o] B #
B2t 37 WEd Ao 7Ed.

V. % &

AR} BHERE B 9T HEEHAS)
HA RN HAS RS A W)
o3 FHeEZR A BAE S HAE
PHEEIE MBS o) ML 3 ol5 o) ME o WA
S Sl W EREEENE FEsAc B
Y WEERES EA BHE 8 BE
EREA e BHE HASY ARBKES
BRSED 1 RSB BRI
RIS A ROl B Aow b
Bath o) Bk gRl sk MEmEEe]
e 5Bl ol —kiR) WA RS 2
At AZEch ey A B EEE
B HRHERN 00 BN RHe Wel
Aele Fgsrshcta Azach. FHEEHS8e
B8 BT 3 AW FES) A Fst
ExHh. |

2 £ X M

1. Cun, Y., 1988, A Theoretical Framework for
Back-Propagation, Proceedings of the 1988
Connectionist Models Summer School, Car-
negie Mellon Univ. : 21-28.

2. French, M. N, W. F. Krajewski, and R. R.
Cuykendall, 1992, Rainfall forecasting in
space and time using a neural network, J.
of Hydrology, 173  1-31.

3. Jensen, E., 1973, Consumptive Use of Water
and Irrigation Water Requirements, ASCE,
N. Y

4. Khanna, T. 1990, Foundations of Neural
Networks. Addison-Wesley Publishing Co.

5. Klimasauskas, C., J. Guiver and G. Pelton,

1989, Neural Computing, Neuralware, Inc.



10.

11.

12.

13.

mEEIEMES FIES KB ARBE B

. Kosko, B., 1992, Neural Network and Fuzzy

Systems, Prentice-Hall International Ed.

. Kung, S. Y., 1993, Digital Neural Networks.

Prentice Hall, International, Inc.

. Lee, Nam H., 1993, Application of Neural

Networks for Estimating Evapotranspira-
tion, Proc. of International Conference for
Agr. Machinery and Processing Eng,
Seoul : 1273-1281.

. McClelland, J. L. and D. E. Rumelhart, 1988,

Explorations in Parallel Distributed Proces-
sing, A Bradford Book.

Moldovan, D. I, 1986, Modern Parrallel
Procssing, Dept. of Elec. Eng. Systems, Uni-
versity of South California.

Nelson, M. M., and W. T. Illingworth, 1991,
A Practical Guide to Neural Nets, Addison-
Wesley Publishing Commpany, Inc.
Rumelhart, D. and J. McClelland, 1986, PDP
Models and General Issues in Cognitive
Science, Chap. 4 in Parallel Distributed
Processing. Exploration in the Microstruc-
tures of Cognition, Vol. 1. . Foundations.
The MIT Press.

Rumelhart, D., G. E. Hinton and R. J. Wil-
liams, 1986, Learning Internal Representa-
tion by Error Propagation, Chap. 8 in Paral-

14.

15.

16.

17.

18.

19.

20.

lel Distributed Processing, Exploration in
the Microstructures of Cognition, Vol. 1. :
Foundations, The MIT Press:

7Za, 3y, A3, 1992, HERH; K
g BAT W e R BAl, &
Bk st 25(3) 1 105-113.

&K, 1992, WiEHE Bz B, stoldl 2
Lt

Wi, &&, BHEE 1993, BREEES
A HER TB B2 FEAD,
WS EIRE A o ¢ BREEE S HE, £
Y EERRRERSE, 2(1) | 162-168.

EME, FAS, AEY, e, 1993, diE
¥ Counter Propagation Network, #53[D]
ATHEE, ®EHE 2 AAMNEE BFERH
KE #IE | 323-326.

FHA, NS, &K, 1992, mRES] FE
2d, gfghn 2 bR RIS, B8
A Mgy, BEE @RISR, 92-04 :

18-43

oldd, HEF, 1% 3, 1993, MHSEIRIHES
FIASH S E@Ee By I3 B #3
MALERE, U788 2 HAXNXY FEHE8
fReE #WEHE . 155-158.

B E 4, 1983-1984, ZRME BEHEY
e, MK BEBBBIAT.



