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Abstract

This Research Paper proposes Ann Neural Network for Rain forecasting.
Mathematical Model like Arima, Sann provide Date Prediction with Time Series
Calculation with small data sets. This Proposed Research uses Dynamic Time
Series method for data sets from the earlier period rain fall data as a input for the
system. India is country of farming; the 60 percent of land of agricultural is
depending upon rainfall water. Only 40 percent land depend on ground water.
Looking at the greater need of farming on rainfall, in this research we take rain
water data of the past few years (2002 To 2010) and predict the future rain fall.
This research uses the data of Indian metrological data collected from all parts of
India as a uncooked data for analysis. We take all the state of India which vastly
producing agricultural foods example paddy, wheat. We supply the data of 8 years
of rain in all states and forecast the rainwater for upcoming Years by mat lab
NARX (Nonlinear auto regression with external exogenous input) Ann network by
Levenberg- Marquardt algorithm. Even though the climate change is major issue
in rain prediction, computer accuracy will be near to the future figures prediction.
Our consequences are compared with the arithmetical methods like ARIMA. By
mat lab neural networks predictions are resourceful then other results.
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1. Introduction

Today, many parts of the world are already water stressed due to population and
commercialization. In fact, 2.5 billion citizens (36% of the global inhabitants) live
in these region and additional than 20% of the global GDP is already created in
risky, water-in short supply areas distressing production. Water is critical factor
affecting national growth in future. But at the same time, it can also become the
major limiting factor to growth. For incidence, industry in water-scare areas by
now at danger, and so investors are increasingly taking water supply into concern
during their decision-assembly processes. The problem becomes more severe if we
consider the analysis by the International Food Policy Research Institute (IFPRI),
which found that 4.8 Billion communities — more than half the world’s population
— and approximately half of global grain production will be at risk due to water
stress by 2050 if status quo, business-as-usual behavior is followed. India is a
country of exacting interest with consider to its future water wealth, as it is
expected to endure continued speedy inhabitants growth while also being in
particular receptive to weather transform. The hand and outlook status of water
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wealth in lots of regions is closely monitor due to the pressure of environment,
land cover and population transform (Murray et al. 2012). Clean water
accessibility and utilization is of demanding interest in India due to the country
behind an increasingly large population .India is blesses with many rivers. On an
average, India receives about 4000 Billion Cubic meters of rainfall every year.This
precipitation is not uniformly distributed over the entire land area and varies from
less 100mm in Rajasthan to more than 2500 mm in Assam. Of all the rain that
falls on the land and mountains and forests, some evaporates back in to the
atmosphere, some is percolate in the earth and some is used by the forest. The left
over that flows in to the rivers is less than 50% on the total
precipitation. Groundwater also flows in the subversive stratum, though much
slowly than the surface flow.At times the groundwater oozes out from the tributary
banks and river bed into the waterway, At times water elegant in a river seeps
back into underground formation. The connection between surface water and
ground water is dynamic and complex. Further, the groundwater run is not
resolute by the surface landscape and follows some features of the underground
strata which can’t be easily measured.
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Figure .1 Indian metrological rain fall data of 2015
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2. Statistical Method

2.1. Predicted data using ANN -ARIMA Model

Many researchers had investigated rainfall Prediction by ARIMA (regressive
Integrated Moving Average) representation to discover the inference value of
rainfall. From the table 1, It shows The presentation of the resulting flourishing
ARIMA models was evaluate by using the figures for the year 2011 through
graphical comparison between the predict and really recorded information. The
forecasted rainfall data showed very fine conformity with the actual recorded data.
This gave a growing self-assurance of the chosen ARIMA models. The results
achieve for rainfall forecasting will help to estimate hydraulic actions such as
water harvest system when planning the agricultural activities in that region.
Predicted surplus rain can be store in reservoir and used in a later onstage.

Table 1: Predicted data using ARIMA Model

SL.NO. T ACTUAL Y(T) PREDICTED Y’(T) ERROR (E)
1 1 6.3 6.3 0
2 2 4.4 9.7 5.3
3 3 10.5 1.7 8.7
4 4 14.6 8 6.6
5 5 13.8 16.18 -2.4
6 6 10.5 19.1 -8.6
7 7 8.2 8 0.2
8 8 6.5 12.5 -6
9 9 7.2 43 2.9
10 10 9.3 8.4 0.9
11 11 7.9 13.57 -5.67
12 12 75 6.82 0.68
13 13 8 11 -3
14 14 8.6 10.34 -1.74
15 15 10 11.68 -1.68
16 16 75 13.9 -6.4
17 17 7.6 5.5 2.1
18 18 10.3 9.78 0.52
19 19 55 15.4 -9.9
20 20 4.4 1 3.4
21 21 5.9 3.58 2.32
22 22 3.9 6.94 -3.04
23 23 5.6 3.15 2.45
24 24 2.4 6.3 -3.9
25 25 1.6 0.01 1.59
26 26 1.3 1 0.3
27 27 1.5 1.11 0.39
28 28 1.8 1.98 -0.18
29 29 2.2 2.64 -0.4
30 30 3.3 3.05 0.25

Absolute 477

value of
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Average %
of Error

Researchers also developed an Artificial Neural Network (ANN) with ARIMA.
ANNs are a computing paradigm that mimics the human brain and nervous
system. ANNs can actually mimic natural intelligence because they learn from
experience [7] and are superior to other models [8]. Neural networks are “data-
driven” as opposed to “model-driven” approaches [9]. They consist of numerous
numbers of interconnected processing elements called neurons. ANNs consist of
an input layer, a Hidden layer and an output layer [10]. They are able to learn,
memorize and create relationships between inputs and outputs [5], which is a
capability absent from empirical methods [11]. The learning process of ANNs
occurs by adjusting the weights associated with each connection so that the actual
output is similar to the desired output [10]. According to [12], ANNs are actually a
statistical tool, a type of non-parametric regression model that can be employed in
prediction and classification problems. In ANNSs, weights are estimated for fitting
the model in a similar way that coefficients are estimated when using empirical
statistical methods. ANNs have been used to solve complex problems in real life
situations [13] and have become an essential part of prediction models applied to
situations of uncertainty [8]. While the instrumentation for measuring radiation is
costly, there is a need to explore other techniques to accurately measure or predict
solar radiation. ANNs are an attractive alternative because they have a high
prediction accuracy compared to classical methods [14]. For these and other
reasons, ANN techniques have become alternative methods to conventional
techniques in a number of solar energy applications. But there are so a lot of
disadvantage using ARIMA replica so it can only be used when the time series is
Gaussian. However, if the time series is not Gaussian, a conversion has to be
applied before these models can be used, however, such transformation does not
always work. Another drawback is that ARIMA models are non-static and cannot
be used to reconstruct the missing data.

2.2 Seasonal Artificial Neural Networks (SANN)

Seasonal Artificial Neural Networks (SANN) was proposed by Hamzacebi in [4].
It is suitable to learning and forecasting nonlinear dependence in time series data.
Unlike to regressive Integrated Moving Average (ARIMA) [5] models, SANN
does not eliminate seasonal variation. It learns the seasonal pattern and effectively
predicts the future values in the time series. All these applications, the measured
quantity is subjected to several cyclical patterns with different time periods and
phase differences. The Artificial Neural Network (ANN) [6] is supervised learning
tools and have the capability to model nonlinear dependencies. The contribution
cover of SANN consists of s nodes, where s is the stage of the seasonal difference.
In monthly rainwater information, s is taken to be 12 corresponding to the twelve
months of the year. The measurements of every month of the year are feed from
side to side the input neurons. A hidden level with permanent numeral of neurons
is in use. The drawback of SANN is the numbers of neurons are unknown to layer
which determines the difficulty. If the numeral of unknown neurons is also high,
the exercise information might become deficient.
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3. Definition of the problem

The attributes taken by the both the mathematical models are using only minimal
numbers. It can be used only low area, but India is county of massive land and
diverse nature clematises. Huge data base needed to be solved for prediction.
Dynamic method with ANN be a good solution for massive data sets.

4. Dynamical methods

Dynamic neural networks, which include tapped delay lines are used for nonlinear
filtering and prediction. Input-output time series problems consist of predicting the
next value of one time-series given another time-series. Past values of both series
(for best accuracy), or only one of the series (for a simpler system) may be used to
predict the target series. This dataset can be used to reveal how a neural network
can be trained to make predictions. Targets 'simple x Targets' is a 1x100 cell array
of 1x1 matrices, representing dynamic data: 100 time steps of 1 element. Targets
'simplenarx Targets' is a 1x100 cell array of 1x1 matrices, representing dynamic
data: 100 time steps of 1 element. Inputs 'simplenarx Inputs' is a 1x100 cell array
of 1x1 matrices, representing dynamic data: 100 time steps of 1 element. Targets
'simplenarx Targets' is a 1x100 cell array of 1x1 matrices, representing dynamic
data: 100 time steps of 1 element. VII. We are going to fit the dynamic model in
NARX.
The defining equation for the NARX model is

y(O)=t(y(t—1),y(t—2),...,y(t—ny),u(t—1),u(t=2),...,u(t—nu))

Inputs Layer 1 Layer 2
N ~ 7 ~
p'(fi=u(s o'y aH 26 =¥(1)

AN RN AN j

Fig .2 NARX network
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Output Layer

Fig.3 NARX network with 10 hidden layers and 1:2 delays
Timed by MATLAB

4 NARX Neural Metwork - Closed Loop (view)

Hidden

Fig.3.1 Closed loop NARX network with 10 hidden layers and 1:2
delays Timed by MATLAB

5. Database of actual rainfall:
Table.2
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9.3 6 0 7 5 2
276 2304. | 2641. | 2618 | 2275. | 2849.
2820.1 | 32885 | 83| 2670.8 5 3 .8 1 3
148 1587. | 1953. | 1580 | 1322. | 1084.
15975 | 14578 | 8.1 | 1585.4 3 2 .6 5 4
133 1810. | 1664. | 1600 | 1397. | 1332.
1166.6 | 1750.6 | 7.6 | 1549.7 0 9 4 8 3
115 1356. | 1441. | 1200 | 1061.
13155 | 1299.0 | 35 859.4 0 5 .6 1] 803.7
107 1000. | 1466. | 1306
11933 | 14548 | 7.0 913.7 5 2 7] 993.7 | 941.9
902. 1121
796.0 | 1177.1 4 828.3 | 771.5 | 863.2 9| 7111 | 7585
647. 840.
729.1 | 1129.5 2 752.6 | 510.4 | 586.1 4| 5524 | 818.7
158 1264. | 1894. | 1298 | 1076. | 1864.
1588.5 | 1903.7 | 4.4 | 1469.3 8 4 5 0 3
524. 633.
4718 | 720.7 0 586.9 | 377.1 | 479.9 0| 3504 | 598.1
445, 708.
446.1 | 6451 1 603.5 | 544.6 | 494.3 7| 403.8 | 501.1
766. 1048 1227.
1075.5 | 1268.9 4 996.4 | 895.8 | 862.5 .9 | 805.7 9
916. 1477. | 1037. | 1087 1257.
750.5 | 1106.1 1] 1309.8 3 9 2| 872.6 6
190. 309.
1189 | 386.7 3 260.3 | 362.4 | 282.2 7| 166.6 | 473.2
627. 627.
307.2 | 629.7 5 617.4 | 711.6 | 553.5 1| 460.6 | 741.3
839. 1140. T47.
754.7 | 1011.0 7 784.4 6 | 887.8 7| 7972 | 817.9
946. 1007. 989.
1075.7 | 1532.5 8 | 1408.4 6| 864.1 8 | 910.5 | 966.3
100 1458. | 1158. | 932. 1059.
7054 | 12594 | 4.2 | 13854 0 8 5| 6494 8
498. 572. 1073.
402.7 | 7331 3 638.6 | 702.9 | 892.1 4| 616.9 9
291 3378. | 3401. | 3051 | 2738. | 3749.
23242 | 28285 | 1.7 | 3557.5 9 1 .6 3 4
883. 1180. 858. 1006.
711.7 | 740.3 4| 1101.6 8] 9215 8] 918.1 3
676. 651. 1039.
7048 | 645.2 5 864.3 | 819.3 | 625.6 1] 6875 4
796. 1276. | 1135. | 855. 1355.
1045.4 | 1033.1 3| 1257.7 5 8 7| 804.2 2
117 1231. | 1244. | 1144 1147.
* | 17027 | 43| 13051 5 1 .0 | 859.7 8
933. 1067. | 1093. | 1057 1624.
757.3 | 1118.6 7| 1238.9 1 9 1| 745.0 9
761. 1044. 998. 1248.
767.7 | 1006.7 7| 1230.8 6 | 902.6 0 | 665.8 9
655. 795.
5044 | 654.0 9 999.2 | 608.9 | 934.1 1] 6728 | 907.1
110 1195 1122.
7234 | 9250 | 4.6 | 13140 | 911.9 | 968.8 7| 9344 2
306 3865. | 3904. | 3050 | 3798. | 4007.
29204 | 3086.5 | 1.6 | 3274.8 9 7 .8 2 5
556.3 | 473.6 | 644. 856.1 | 628.0 | 788.5 | 700. | 977.1 | 857.3
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5 5
102 1229. | 1105 | 1177. | 1308.
869.1 8179 | 83| 1357.0 | 951.0 5 N 2 7
291 3297. | 3919. | 2534 | 2815. | 3142.
24573 | 22758 | 13| 3151.0 7 5 2 9 0
209 1695. | 2037. | 1726 | 1572. | 1725.
10344 | 1533.2 | 6.8 | 1579.0 4 9 A4 5 4

6. Computational Results:

Response of Output Element 1 for Time-Series 1
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Fig.4 Response of NARX forecast model for concert deflection
(Trained by the Levenberg- Marquardt algorithm

Best Validation Performance is 1327289.1382 at epoch 4
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Fig .5 The network presentation

Volume 24, Issue 12, December - 2022 65



Journal of University of Shanghai for Science and Technology ISSN: 1007-6735

6.1 Performance Plot:

The performance plot shows time as the horizontal axis and network output as +
sign and target as dot at vertical axis. The neural response identical to the
measured system response. The source error in the lower axis Fig 5. Show mean
square blunder dynamics for every datasets in logarithmic level. Skilled MSE is
lessening, so its validate. So the plot is just right. The blue bars stand for guidance
data, the green bars symbolize legalization data, and the red bars stand for testing
data.

The finest validation presentation is provided in Figure 5, which shows that the
network’s performance has enhanced throughout training. This recital is calculated
in conditions of MSE and it is shown in log scale. It is obvious that the MSE has
decrease quickly over the epochs while the network is taught. In this case, the
results are sensible, because of the subsequent: the last mean-square error is
extremely small, which means that the test set mistake and the validations set error
have comparable characteristics. In Figure 9, the training, test and validation data
point out a high-quality fit of the curve. The validation and test results also show
that the in general values are better than 0.9. Error auto correlation plot shows
network error in certain given time correlated itself with time lag. The peak at the
centre fall of rapidly with large .if is not more neurons more capitalized required.
Auto correlation is zero its equitation to Z mean square error. Input error cross
correlation plot shows network error at given time correlated with network input at
different time loge. Bars of this graph plot limit two confident level showed in

6.2. Histogram

The histogram shows warning of outliers, which are data points where the fit is
considerably worse than the bulk of data .It is a superior thought to confirm the
outliers to agree on if the data is bad, or if individuals data points are dissimilar
than the rest of the data set. If the outliers are suitable data points, other than are
different the rest of the data, after that the network is extrapolating for these
points. You should gather more data that looks like the outlier points, and retrain
the network.

<108 Autocorrelation of Error 1

I Correlations
Zero Correlation
oo Confidence Limit

Correlation
%]

Lag
Fig 6.Auto-correlation of errors of NARX forecast model
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Fig.7 Error histogram of the NARX prediction model.
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Fig 8. Correlation of errors of NARX forecast model
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Fig.9 Network output
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Figure 6 shows how the error sizes are sensibly well dispersed. Characteristically,
when most errors are close to zero, this indicates a better trained model. In this
case however, it is established that the network also has errors near zero. The
correlation among input and error is provided in Figure 7. This figure illustrate
how the errors be correlated with the input progression. In a perfect forecast
model, all the correlations be supposed to be zero. In this case, all of the
correlations are inside the self-assurance boundaries about zero.
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Fig.9 Regression psychoanalysis plot for the NARX
7. Conclusion

In this study, an ANN model with NARX model used for predicting the rain fall
for India. The NARX MBP algorithms were used for training of the network. The
first conclusion of the paper is that although neural models may frequently suffer
from a certain degree of inaccuracy, the results showed that the NARX model
applied to the prediction the rain fall, at a lower computational expense. The
NARX model was chosen since it resulted in the best performance according to
the mathematical calculations. Therefore, the NARX models have the potential to
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capture the dynamics of non-linear outputs. The second conclusion is that the
NARX models are mainly dependent on the applied architecture and training
method. Within the context of the architecture, the behavior of NARX models
mostly depends on the numbers of neurons in the hidden layers.
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