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Abstract

Having a long record of stream flow is very valwalih planning water resources development projects.
However, in many occasions, stream flow recordsaseglable for very short periods though very loamfall
records are available. Therefore, possibility tateerainfall over a catchment to the stream flasaoutlet will
enable having a long record of stream flow. Besjutesliction of stream flow using already availaptedicted
rainfall will permit taking precautionary measuries water related disaster situations such as floadid
droughts. This paper presents a research carriet dind a model to predict daily stream flow oél River at
Ratnapura. The model, a non-linear regression moastd on Marquardt's procedure, was developedjusin
measured daily stream flow at Kalu River at Ratmagund daily rainfall at eight rainfall gaugingtgtas within

the catchment above Ratnapura. Data for the pd88d-1994 were used for the calibration of the rhadele
data for the period 1995-2000 were used for vergfyit. The model was validated using Nush-Sutcliffe
efficiency and pseudEz. Nush-Sutcliffe efficiency (78%) and pseLBS (85%) show the possibility of the
fitted model in predicting daily stream flow of KaRiver at Ratnapura.

Keywords: Marquardt's procedure, Non-linear regassNash-Sutcliffe efficiency, pseudR)2
1. Introduction

The determination of the amount of water that wdugdcarried by stream in the future is of crucial
importance since it directly affects the design aperation of many water resource structures.
Learning the hydrological behavior of a water stue is the first step of design. Because of this
reason stream flow data are very important for memewgs of water engineering such as dam planning,
flood mitigation, operation of water reservoir, tdisution of drinking water and drainage water,
hydropower generation in dry periods and plannihgver transport.

Kalu River is the second largest river in Sri Lankalrains an area about 2690 %mlagnitude of the
annual flow is over 7300 million TnRainfall occurs in Sri Lanka during the Northte&outh-west,
First inter-monsoon and Second inter-monsoons.igutihie Southwest monsoon rainfall is mainly
confined to the Southwest of the Island, whereasduhe Northeast monsoon rainfall occurs in the
North and East of the Island. Kalu River catchnrextives rain during both of these monsoons. The
average annual rainfall of the overall catchmerdr@und 4000 mm and it ranges from 2750 mm in
coastal areas to 5000 mm in mountainous arease Sieccatchment is entirely situated in wet zane, i
has a high rainfall to runoff response.

The objective of this research is to fit a nonlinstatistical model for average daily streamflow
prediction in Kalu River upper cachtment using ager daily rainfall. The Theory of regression and
correlation is a classical frame work to descriektion between two or more variables. Rainfall-
stream flow relationship is a very typical exampfehe application area of the regression analysis
the science of hydrology in the generation of strdbows using rainfall. This study uses a totally
different method, the non-linear regression analysing marquardt’'s procedure, to develop a model
to compute stream flow. The model is estimatedctliyeising input output data. The resulting model,
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which was developed with the application of mardtiarprocedure in non linear regression is an
algorithm for least square estimation of nonlingarameters.

2. Methodology

Daily stream flow prediction has been done by tiesal scholars in different locations all over the
world. Tabrizi et al (2005) found modeling of Ndndar stochastic systems using effective rainfall b
considering non-linear autoregressive moving avergith exogenous input. Kluppelberg et al (2008)
used electricity spot price modeling with a view#&rds extreme spike risk by non-linear regression
analysis. Farahmand et al (2006) studied dailyastrdlow prediction using impulse response
approach. Amisigo et al (2006) predicted monthheat flow by considering Single-Input-Single-
Output (SISO) non-linear system identification teigues. They employed it to model monthly
catchment runoff at selected gauging sites in tbka\Basin of West Africa.

2.1 Study area and data used
Ratnapura is located in the south-western partidighka within the wet zone. Ratnapura is the main
city of Sabaragamuwa Province and it is locateal walley, which is approximately 21 m above mean

sea level and it is surrounded by mountain ranges.

Daily average rainfall and daily average streanwflye required as input to the model. Data for the
period 1987-2000 at the stations given in Tableestewised in this study.

Table 1. Rainfall and stream flow gauging stations

Gauging Station Data Period Latitude (N)  Longitii)e
Ratnapura 1987-2000 6.68 80.40
Pinnawala 1987-2000 6.73 80.86
Kuruwita 1985-2000 6.80 80.38
Rainfall (mm) Lellopitiya Estate 1987-2000 6.68 80.50
Alupola Group 1987-2000 6.72 80.58
Balangoda (Post office)  1987-2000 6.65 80.70
Wellandura Estate 1987-2000 6.53 80.57
Hapugastanna 1987-2000 6.72 80.52
(Sr;%asr)” flow  Ratnapura 1987-2000 6.68 80.40

2.2 Thiessen polygon method

Thiessen polygon network was drawn by connectigbtaminfall stations and drawing perpendicular
lines through mid points of each line segment. Tithod assumes that the area covered by a
polygon gets an average rainfall similar to thenfial received at the station inside the polygon.
Average rainfall for the catchment was calculatsdwaeighted average rainfall using following
equation.

5 (Z Ri4;)
R =l

Where,Ri s the daily average rainfall of thBstation in mm
R is the average daily rainfall over the catchmannhim
Al is the area covering station in kM
A s the total area of the catchment in’km
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2.3 Daily average rainfall and daily average stredlow modeling

Many daily average rainfall and daily average strdtow were studied using various approaches
available for modeling.

Non-Linear regression model

General form of the non-linear regression modé&&sahmand et al (2006), Netét dditon:

¥ = flxay)+E

Where;
Xi1 Yo
X =| . y=| .. & =Random error Y, = Response variable
X|q yp
2.4 Estimation of regression parameters

Data from 1987 to 1995 have used to estimate thdehmarameters of the average daily stream flow
model and 1996 to 2000 data have used to checkatigation of the predicted model.

In many nonlinear regression problems, it is moracfical to find the least estimates by direct
numerical search procedures. Direct numerical hearecedures are Gauss-Newton, steepest descent
and Marquardt’s procedures.

Marquardt's procedure

The Marquardt procedure is an iterative procedlioestart a minimization, the user has to provide a
initial guess for the parameter vector. This pracedseeks to utilize the best features of the Gauss
Newton and steepest descent procedures and oceupiiklle ground between these two procedures.

In one hand uninformed initial values will work tre other hand the procedure converge only initial
guess close to the final solution. In each steppdrameter vector is replaced by a new estimaitor. |
reduction of sum of squaiis rapid, a smaller value can be used for the titergorocedure. The
reduction of the sum of squares from the leastmater vector, then iteration stops and the last
parameter vector is to be the solution Neter df'adition.

2.5 Model validation
Nash-Sutcliffe efficiency

The efficiency provide by the Nash and Sutcliffeae{2005) is defined the one minus sum of the
absolute squared difference between the predictddbserved values normalized by the
variance.

ZL,(0i—Pi)?
=1-———7
Z?:l(OE_ 0)
Where,
E = the Nash-Sutcliffe efficiency.
0i =Observed value
Pi =Predicted value
o=Average value of the observed value
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The normalization of the variance of the observaseries results in relatively higher value ®fin
catchment with high dynamics. The range of NaslciBiat efficiency lies between 1 and —infinity. If
the value is closer to 1 model, it would make parfi model.

Pseudo-R

In nonlinear regression, such a measure is notilyeddfined. One of the problems with thé R
definition is that it requires the presence of rtericept, which most nonlinear models do not have.
measure relatively closely corresponding fdrRhe nonlinear case is:

Pseudo—R*=1-(SSEf o )
where; '

SSE= Sum of square error
SST corrected= Total sum of square corrected

3. Analysis of the system

3.1 System description

The system under investigation consists of eigimfafl stations and one stream flow station. Eight
rainfall stations are Allupola group, Balangodaidwita, Pinnawala, Rathnapura, Lellopitiya Estate,
Wellandura Estate, Hpugastanna and steam flovostetiRatnapura.

3.2 Data analysis

The data analysis began by investigating the cheriatics of the data. The procedure included
analyzing the statistical properties of data, ndityna@f data, mean analysis, non stationary analysi
and Thiessen polygon method to calculate averagfalaover the catchment.

The above statistical analysis suggested thataiméatl data set is not well correlated and thatreh
may be significant non stationarity in the dataefBfore, it is essential to pre-process by shifthey
data, removing the mean, transformation or useagr rainfall filter. Logarithmic transformation i
used to minimize the variation of the average dstifgam flow.

The data during the period from 1987 to 1994 wesedun the calibration of the model while data
from 1995 to 2000 were used to validate the model.

4. Results and discussion

Daily rainfall of eight rainfall stations were ustxlcalculate average daily rainfall over the cateht
based on the Thiessen polygon. The Thiessen polggbmork and the polygon areas are given in
Figure 1.
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Figure 2. Thiessen polygon Network

The modeling of average daily rainfall and averdgdy stream flow processes is a major task for
hydrologist who requires such model applicationshsas flood forecasting, waste water flow rate
forecasting and water table evaluation and sucheisodeceived considerable attention in the
hydrological literature. However, the average da#ynfall and average stream flow are clearly
dynamic with non-linear characteristics.

Since the antecedent average daily rainfall comdlitiearly affects the subsequent flow behavia, th
physical process should be non-linear. If the pawerage daily rainfall has been sufficient to
thoroughly wet soil in the catchment area then alerage daily stream flow in the river will be
significantly higher than the condition when thd bad been dried out due to the lack of rainfall.

Since there is seasonal variation, two cosine tevitistime trend were used to catch the seasonality
of the data set. Also lag 1, lag 2, lag3 of averdgd#y rainfall (f,, . and 3 ), and lag 1 of
logarithmic transformation of average daily streffow (z..,) were used.

Z(t) = 0.0239* cos@* (22/7) * /950 + 0.0239* cos@ * (22/7) *t /3) + 0.9316* Z(t - 1)
+0.00704 r(t —1) — 0.00093 r (t - 2) - 0.00279 r(t - 3)

The number of previous days average daily rairgfad logarithmic transformation of average daily
stream flow were decided based on the improvemerthe model statistics. The predicted and the
observed average daily stream flow of the Kalu RateRathapura for the calibration period is given
in Figure 2.
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Figure 2. Plot of observed and predicted stream fbr the calibration period
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Testing of Hypothesis

According to the analysis of variance (Table 2Natie less than 5% significant level it can be
conclude that the model is significant. Table 4sprés the significance of parameters.

Table 2. Analysis of variance

Source of Variation DF Sum of Squarglean Square F-value P-value
Regression 6 7567.7 1261.3 4770.05 <.0001
Error 2547 155.5 0.0454
Uncorrected total 2553 7683.2
Corrected total 2552 1197.4

Table 3. Significance of the parameters
Approximate Standard  Approximate 95% confidence

Parameters Estimates A
error interval

b0 0.02390 0.00534 0.01340 04034
bl 0.9316 0.00516 0.9215 0.9417
b2 -0.00093 0.00036 -0.00164 -028

b3 0.00704 0.00035 0.00635 0.00773
b4 0.00407 0.00032 0.00344 0.00407
b5 -0.00279 0.00034 -0.00346 -0.00213

According to the Table 3, seven parameters do &t lsonfidence interval including zero. Therefore,
all parameters are significant.

Model validation
Table 4 shows test statistics for the calibratieriqgl and validation period of the model.

Table 4. Measure of predictability of the model

Calibration Validation
R*-Pseudo 0.90 0.90
Nash-Sutcliffe efficiency 0.95 0.84
Press statistic 40.68 49.89
Root MSE 0.21 0.35

Figure 3 is the plot of daily average stream flawthe validation period of 1996-2000. It showsttha
the deviations of the two curves are not significamd the distribution patterns of the two data set
are almost similar. Figure 4 shows that the planofthly total of the stream flows for the valideti
period. Both observed data set and predicted @ataltow same distribution.
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Figure 3. Average daily stream flow for the vatida period
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Figure 4. Monthly total of the stream flow for thalidation period
5. Conclusion

Model has been estimated using marquardt’'s proeediinie comparison of the model predicted
output with the actual output over both the estiomtind test data set were used to measure the
model performance.

However, the model validity test suggested thatetlveere missing model terms. This may be due to
the difficulty involved in fitting models to rainflaand stream flow data which are affected by many
unknown factors, such as soil moisture, temperagioe

Finally, non-linear regression model was developgdusing marquardt’s procedure for the Kalu
River upper catchment outlet for the calibratiomiguk 1987-1995. Since the model is significant
according to the p-value, the fitted model can bggssted as suitable for the generation of daily
average stream flow.
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