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Abstract \/

The water production function model of rice based on RAGA-BP neura@ k model
hi

is established by taking the advantages of RAGA-BP neural getwork ability in
solving nonlinear problem, high rate of convergence ompa@th traditional
Jensen model, this method is featured by high erxr e, avoiding the
inconvenience caused by pre-establishing ma ess . Compared with
classical BP neural network model, this meth over e problem in local
minimum value and low rate of convergence. deficient jgrigation experiment of rice in
2015 shows that RAGA-BP neural networ el"has h| ptability during the process
of fitting for solution of water prod ctlon the accuracy and speed are
high, which provides new effective m@(or ca n of water production function of

rice.

Keywords: Rice; water p@%n fum@RAGA BP neural network model; Jensen
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fo above 90% of agricultural water. The rice |rr|gat|on area
cated in cold region and black soil area. In recent years, the
and demand caused by water resource shortage is increasingly

imbalance between
serious ™. Therefor
ion model of rice suitable to this area have great significance for the
planning and systématic evaluation of water-saving irrigation and for the promotion and
applicati eficient irrigation system [2-6].

, Jensen model is mostly adopted for the water production function for rice,
odel mostly adopts least-squares regressive analysis to calculate the model
ers via massive calculation [7]. During the solution process, the problem that the
g precision is not high may be caused due to improper structure selection. Furthermore,
during the confirmation process, the parameters in the model may be negative, which is
contradictory to the water demand regulations of crops [8]. BP (Back propagation) [9]
neural network is suitable to solving nonlinear problem, calculation and forecasting still
can be performed under the condition that the measured data is not so complete; however,
there are the following defects: easily fall into local minimum, low rate of convergence, the
fitting precision is not high.

RAGA-BP neural network model is a kind of new computational algorithm formed by
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extending accelerating genetic algorithm and BP neural network model, and it has been
widely applied in such fields as hydrogeololgy, food, medicine, and so on %, However,
there is little research on water production function of crops at home and abroad. For this
model, the water production function model for rice based on RAGA-BP neural network is
established by making use of the measured evapotranspiration data in different stages of
2015, and it is compared with Jensen model, BP neural network model and the model
based on genetic algorithm.

2. RAGA-BP Neural Network Model

Optimization of RAGA-BP neural network model 24 mainly involves two steps: BP
neural network training fitting and genetic algorithm optimization. The specific operation
steps are as follows:

Step 1 Confirmation of input layer node. According to the standards for divisio of crep
growth stages in the Irrigation Experiment Standards, the evapotransplratlon e4d
growth stages (tillering, jointing-booting, heading and flowering, m|I tage) is
adopted to establish BP model, and the relative evapotrans |rat|on da growth
stages is taken as the input node of the model.

Step 3 Confirmation of hidden layer node numb te method for
confirming the hidden layer node number and t |cal cal n is complex, so
generally, the following formula is adopted to ‘T\ the neuron number in
hidden layer, i.e.

)
In formula (1), 1- hidden Iayer no boer n- @ut node number; m- output node

number; a- the regulating constant b

Through the calculation in thiéer, the hi \ ayer node number is 3-12, and then
training comparison is perforre the ork of different neurons. It is found that
when the hidden layer no mber of r%network is 10, the network has enough
generalization ability an put acc the number of training steps of the network
is small. Therefore, th n layer no umber of the network is confirmed as 10.

Step 3 Confirgle @f outp er node. The output layer node shall be confirmed
according to the fOxegtasted ce parameters; in this network, the relative yield is
taken as theseufut mode.

Step 4 @ er funa d algorithm. The transfer function of hidden layer is Tansig

and Logsig, afd the t r function of output layer is Purelin. Levenberg-Marquardt is
adopted as error al Compared with traditional BP algorlthm the gradlent descent is

neural is trained by training data according to the initial weight value and
thre alue of BP neural network obtained by individuals, and the sum E of the
% value of error between predicted output and expected output is taken the fitness

Step Wm zation of genetic algorithm. The system output is forecasted after BP

F of individuals. The calculation formula:

F= K(Zabs(yi —oi))

i=1 (2)

here: n- network output node number; yi-BP- expected output of the i node of neural
network; oj- the predicted output of the i" node of neural network; k- coefficient.

Then, look for the corresponding input value when global optimum via selection,

crossing and mutation operation.
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2. Water Production Function Model of Rice Based on RAGA-BP
Neural Network Model

During the 4 growth stages of rice, the potential evapotranspiration in different stages is
(ETm)j, j = 1, 2,... .4, mm; the potential yield of crop is Ym kg /hm2 The actual
evapotranspiration (E Ta )ij,i=1,2,... ,N,j=1,2,... .4, mm and the actual yield (Ya) 1,
i=1,2,... N, kg /hm2 of N groups of crops are obtained through deficient irrigation
experiment. The actual evapotranspiration and the actual output of N groups shall be
subject to standardizing processing according to the following formula.

xu=(ETa)i,-/(ETm),- i:1,2,...,N,j:1,2,...,4 3)
=(Ya)/Yym i=1,2,. 4)
here Xij , Yi- the processed value is taken as the training sample for input and output
ratio, dimensionless.
Making use of the obtained training sample, automatic optimization 0 I is
performed via RAGA-BP, thus the ideal water production function model f (X

=(x1,x2,...,xt) can be found.
The sum of relative absolute value error is used to ex@?%e accu@flttmg data of
model, and it may be calculated by the following form\Q

n n
Err=>Err, = 1 *Tn = Yi F O
here, Err- the sum of relative absolute rror; Err elative absolute value error
of the i group of sample; Xi = (xi 1 % X|t e vector representation of the it
group of sample; f (Xi ) — the actua@ val ™ group calculated by RAGA-BP
neural network model; yi- the id t valu |th group; Ym- the potential yield of
crops; kg/lhm?. The smaller the e error h| her the fitting precision.

3. Application Exa \Q

3.1. Materials am@tJd

ents IS condu at the rice irrigation experiment station of Heping
irrigation Qing’ n@mty, Heilongjiang Province in 2015. This area has semiarid
and subhu limate { north temperate zone. The multi-year average precipitation is

702.3 mm and the j-year average temperature is 1.6 °C, and it in the third accumulative

temperature be@e test area has black soil; 0~30 cm saturated volumetric water content
is 55.9% (a eraQe), and the pH value is 6.5.

i the influence of natural precipitation on the experiment, lysimeter with
ighing function is adopted during the research; in addition, mobile canopy is
. and irrigation water is used to control the soil moisture content in different
stages. Treatment is performed based on different drought levels in different stages,
sufficient irrigation is adopted for control treatment. Since there is steeping field
residual water in the period of seedling establishment and the time is short, so the rice will
not suffer from drought. The water is drained in yellow ripening stage, which is favorable
to rice mature. Normal water management is performed according to the high yield
requirements for the two stages. The 4 levels- normal irrigation, light drought, medium
drought and heavy drought can be respectively arranged for other 4 stages. According to
the definitions in the local standards DB23 of Heilongjiang Province Technical Code for
Water-saving Irrigation for Rice in Cold Region, light drought: the soil moisture content of
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root layer is controlled at 90%~100% of the saturated water content of soil; medium
drought: 70%~90%; heavy drought: 60%~80%. To make the practice more approach the
possible drought and perform all-round research for the water production function of rice,
2-stage and 3-stage continuous drought is arranged for the experiment. Each treatment is
repeated for 2 times, and there are 24 lysimeters in total. The area of single lysimeter is 1m’.
The varieties, transplanting density and fertilization are subject to uniform management
according to the high yield and high quality mode of local area. See Table 1 for the
experimental result.

Table 1. Evapotranspiration and Yield by Different Experimental

Treatments
@) @) (® Heading ) _
Treatme  Characte Tillering Jointing-bootin ~ and flowering ~ Milk-ri eVY'em
nt No. ristics stage g stage stage stage V
/mm /mm Iraffy kg/hm?

1 @Light 196 78 108.19 Y%s 15 @5 26 04418
drought V 4

2 OHeavy 15551 98.90 O 7190 016

drought 8

3 @Light 149 97 ®Q \%9 73 7874 08443

drought 2

6

4 @Light 147 95 &6 87. 2§&® 105.17 7280 01021

drought @

> OLiont F‘A@ 95.54 gg14 01824
drought 0

6 OHeavy 14526 \ 103.60 80.53 2773 5969.0
drou 4

7 157, 126.45 121.63 76.83 7%)06.4

O
8 Sreayy 6151.54 120.96 113.90 g 67653

gii 5685.1
9 edium  123.87 93.30 106.62 80.98 :
O ught
@3
(O Medium 143.81 101.25 93.41 82.43 6295-0
drought
®.®
11 Medium 14571 114.91 106.06 ea77 02001
drought
Sufficien 21268.2
12(CK)  {irrigation 1079 113.83 126.97 oros 72

3.2. Standardizing Processing of Experimental Data
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Perform standardizing processing for the evapotranspiration data of different stages and
the yield data under different treatment conditions according to formula (3) and (4), and
matrix X and Y are respectively obtained.

0.8408 0.9505 0.8124 0.8268] [0.8871]
0.7992 0.8688 0.7489 0.7899 0.7052
0.9945 0.8954 0.9430 0.8650 0.9417
0.9812 0.7665 0.8283 0.7997 0.7020
0.9522 0.9780 0.7524 0.9683 0.8506

X ={0.9634 0.9101 0.6342 0.8539 Y=|0.8212
1.044 1.1109 0.9580 0.8440 0.9777 V’
1.005 1.0626 0.8971 0.7997 0.93 ?\
0.8215 0.8196 0.8398 0.8896 . 0 &7
0.9537 0.8895 0.7357 ‘S
10.9663 1.0095 0.8353 [ \M447

3.3. Comparison for water Production Functign Modeli (hlce Based on RAGA-BP
Neural Network Model r%

Real coded accelerating genetic (R is adopted since the optimizing
function only has 4 input parameter % indi gth is 4 and the individual fitness

is the predicted value by BP n network smaller the fitness value, the more
optimal the individuals. In t hli r, the lation size in RAGA is 20, the crossover
probability is 0.4, the muta probabl .2, and the evolution times are 100. BP
neural network takes th groups in deficient irrigation treatment as the input
signal of neural netw netw rk alned the maximum training times is 500; and
training time is O: e exp error is 10°°. See Figure 1 for the fitting result.
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Figure 1. RAGA-BP Data Fitting Chart
Meanwhile, BP neural network model, genetic algorithm model and Jensen model are

also established in this paper. See the following for details:
BP neural network model: the maximum training times: 500; training time: 0.1s;
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expected error: 10°; the weight matrix W, V of input and output layer after successful
training are respectively:

W=

0.2185 1.1248 0.2572 04986 0.8668 0.7417 0.3943 0.5801 0.5893 0.6343
0.7095 1.0019 0.4357 0.6560 0.1468 0.9532 1.0206 0.8619 0.4860 1.0704
0.3906 0.7677 0.1329 1.0189 0.3791 0.8562 0.1890 0.2514 0.1227 0.9494

-0.0112 09512 1.0737 -0.1668 0.8670 0.8867 -0.0235 -1.1294 0.2002 0.2852
V=
[0.4642 -0.6798 0.2870 0.3840 0.3512 -0.3105 0.6788 0.9915 0.4329 0.0585]

Genetic algorithm: population size: 20; crossover probability: 0.4; mutation probability:
0.2; evolution times: 100. The calculation result is:

£2(X ) = sin(x2) arctan(x2 + arccot ( x3 +0. 0002) ) VB)
A
| ET,
Jensen model: —&=T] a (7)
Yo L ET s
here, Ya- the actual yield of crops, kg /ha Ym- the \la yie ps, kg /ha ; Eta-
the actual evapotranspiration of crops in the j”‘ ; Tm the potentlal
evapotranspiration of crops in the j growth st mm; x sensitivity coefficient
(power exponent) of crops in the j™ growth st N
The calculation result by least square,m 's: \
0.2362 0.7938 0.1721
_— . [————
Y
n | ET, m |, ET, |,
See Table 2 for the calculatl dat odels. The sum of relative absolute value
error of the models is calCufated byf 5) and see Table 3 for the result.
Table 2. C on f r, tion Result of RAGA-BP Neural Network, BP
e etlc Algorithm and Jensen Model
Treat eural BP neural Genetic Jense Idea
ment No. odel network model  algorithm model n model | value
‘
1 O% 0.8869 0.7897 0.8289 11'329 701'88
O 0.8242 0.7841 0.7702 1223 070
2 52
@3 0.8577 0.7936 0.8015 1330 09
4 0.7494 0.7859 0.7003 12'173 20(')70
5 0.9013 0.7913 0.8423 P
6 0.8476 0.7878 0.7921 hass D8
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7 1.0003 0.8046 0.9348 12-569 707,97
8 0.9664 0.8010 0.9031 1?;499 (())é93
9 0.7926 0.7825 0.7407 1é192 202,78
10 0.8386 0.7877 0.7837 16279 gésg
11 0.9281 0.7973 0.8673 12-424 27.94

Table 3. Comparison for Relative Error of RAGA-BP Neural Network, BP
Neural Network, Genetic Algorithm and Jensen Model

RAGA-BP neural BP neural network Genetic algorithm sen
network model model model model
0.5096 1.1425 0.6285 , < 6.2706

3.4. Result Analysis \A

(1) According to Table 3, the fitting precism@? neyfal network, genetic
algorithm, BP neural network and Jensen model m high . and the sum of the
calculated relative absolute value error of theqsw model%ar ower than that of Jensen
model.

(2) According to formula (6), the obtai based on genetic algorithm only
contains X; and Xs, and the reason s of data in the input sample has
strong functional relationship wit output s& herefore, we can know that the key
growth stages affecting r|ce jOln booting stage and heading and flowering
stage.

(3) According to for (7) the f sensitivity coefficient calculated by Jensen

model on rice y|eId and stage> jointing-booting stage> tillering stage>
milk-ripe stage. &

4. Concl

The stu based
and achievements

actual experimental data of 2015; the latest research theory
coded accelerating genetic algorithm (RAGA) and BP neural
network are suffi absorbed and evolved. The advantages of the two are combined to
establish the production function model of rice suitable to this area, and this model
can avoid, thie inconvenience in pre-establishing mathematical expression and overcome the
problemsi al minimum value and low rate of convergence. Detailed comparison is
perf or RAGA-BP neural network, genetic algorithm, BP neural network and Jensen
y making use of the evapotranspiration data in different stages. The result shows
@he water production function of rice based on RAGA-BP neural network has the
highest fitting precision and powerful automatic search and optimization ability.
Furthermore, it is convenient for use and has high adaptability and very good application
value, which provides theoretical basis for establishing deficient irrigation system for rice
and for the theoretical research for water conservation.

Copyright © 2016 SERSC 349



International Journal of Hybrid Information Technology
Vol. 9, No.9 (2016)

Acknowledgment

The authors thank the financial supported by National Science and technology support
program of China (No: 2012BADO08BO05) for this research project.

References

(1]
(2]
(3]
(4]
(5]
(6]
(71
(8]
(9]
[10]

[11]
[12]

[13]

[14]

350

K. Wang, “Experimental Research for Water Production Function for Rice in Chahayang Irrigation Area
and Its Optimal Irrigation System”, Harbin: Northeast Agricultural University, (2008).

Y. Li, “Water-saving Irrigation Theory and Technology”, Wuhan: the Press of Wuhan University of
Hydraulic and Electrical Engineering.

B. Wu, N. Yan and J. Xiong, “Validation of ET Watch using field measurements at diverse landscapes: a
case study in Hai Basin of China”, Journal of Hydrology, (2012), pp. 67-80.

C. B. Field, J. T. Randerson and C. M. Malmstrm, “Global net primary production: combining ecology
and remote sensing”, RemoteSensing of Environment, vol. 51, no. 1, (1995), pp. 74 — 88. .
T. A. Howell, “Relationship between crop production and transpiration, evapotran iWnd
irrigation”, .Irrigation of Agriculture Crop Agronomy Monograph, no. 30, (2009), pp. 29 7.

R. C. Allen, L. S. Pereira, D. Raes and M. Smith, “Grop evapotranspiration”, FAO irri@ d drainage
paper, vol. 56, no. C, Rome, (1998).

Z. Mao, Y. Cui and Y. Li, “Theory and Application of Water Pr. thon Functi R

and Temporal Variation”, Wuhan: Science Press, (2003), pp. 60-

Y. Chen and S. Kang, “Deficient Irrigation Principle”, Bei"ng@ souw lectric Power Press,
(1995). ‘

J. Gao, “Artificial Neural Network Principle and Simulatioz Exampl\ ijing: China Machine Press,
(2003).

X. Ye, M. Xu, X. Liao, F. Wang and Zhaorui, “Apphgation of ization of BP Neural Network by

Genetic Algorithm in Solving Hydrogeologic eters”, WaK ources and Power, vol. 31, no. 12,

(2013), pp. 55-58. Xe

D. Liu X. Guan and Y. Huang, “Optim% arch j@cass for Extraction of Rhynchophylline
n p

based on BP Artificial Neural Networ ¢ Algorithm”, Computer and Modernization,

and Its Spatial

J.Jin, X. Yang and J. Ding, vement Sc Standard Genetic Algorithm- Accelerating Genetic

rove
(2012), no. 8, pp. 17-20. @
J. H. Holland, “Genetic algorithms™} ence%@, (1992).
ic

Algorithm”, System Engingering Theory e, (2001), no. 4, pp. 8-13.
“Matlab Chinese Foruméglysis on 30%Cases of Matlab Neural Network™, Beijing: the Press of Beijing

University of Aergn@

Astr(mcs, 010).
‘Q Authors

anyu, he is a Phd., born in Jixi City Heilongjiang Province.
ajer in theory and technology of agricultural water-saving,
6473142@qg.com.

Copyright © 2016 SERSC





