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/Abstract- Forecasting of sediment yield and runoff is very useful for designing of soil and water conservation structures and planning of watershed activities, design of\
hydraulic structures, etc. Stochastic based model are found to be very reliable in estimating and forecasting sediment yield. In present study, sediment yield on daily
basis of Kal river is tributary of Savitri basin were forecasted using seasonal ARIMA model developed in SPSS software following initial analysis of time series,
identification model, apply diagnostic checks, adopting a model and forecast the runoff by adopted model with checking the statistical indices such R, RMSE, CE, EV,
MAD, MAPE. The sediment yield data for duration of 2003 to 2009 (7 years) measured at Birwadi station were used to calibrated, validate and forecast the sediment
yield by the ARIMA model. It is observed that, the data used in ARIMA model is stationary, no trends and no seasonality found in data sets on daily basis. The two
models were identified as ARIMA (111,111)3 and ARIMA(101,000)3" as best model for forecasting the sediment yield with R value more than 0.95 during calibration
and forecasting period. The other statistical indices RMSE, CE, EV, MAD, MAPE were also found in appropriate range to forecast the sediment yield with goodness of
fit. Hence, developed seasonal ARIMA model could be adopt for forecast the sediment yield on daily basis for sub tropical coa stal region of Maharashtra by adopting

the estimated parameters.
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Introduction

The development and assumption for sediment transport function in river system
are varying degree with complex in nature. But some of the assumptions made for
forecasting sediment yield in natural river system may not be true for ever
condition. Empirical solutions based on observations may be useful only for a
particular site where the data were collected. Many of the sophisticated theoretical
solution require large number of parameters that are difficult to obtain [1]. While
adopting stochastic based approached for applying in natural system, it is
essential to understand the concept of physical process occur in the nature. But,
there should be conceptualized understanding between adopted system and
natural system which considered for conceptualization.

The relationship between rainfall and runoff with sediment yield is an important
issue in surface hydrology. The amount of sediment yield from rainfall is
necessary to predict for avoiding risk and assessment of flood [2]. The quantity of
sediment yield deposited or transported is totally depends on the rainfall amount,
rainfall intensity, duration, distribution beside that, other parameters such as soil
type, vegetation cover, soil moisture, and land slope etc [3]. There were several
hydrologic models are available for prediction of sediment yield such as Physical
based model (Soil and Water Assessment Tool [4], Black box models (Artificial
Neural Network model, [5,6]), Stochastic process models (Autoregressive Moving
Average, (ARMA), Auto regressive integrated moving average model etc [7],

Physical based parameter distributive models (SHE [8], Kinematic waves models
[9], etc. But each model have its own limitation and advantages in applying at
particular topographic and geographical locations such as data available,
processing pattern of data and output variability, etc.

The ARIMA widely adopted for forecasting the change in trends in climatic
parameters, rainfall and runoff for small to large catchments and proven to be very
good fitted hydrologic stochastic process model. The ARIMA model is statistical
based stochastic process model analyzed the time series data for forecasting of
runoff and sediment yield. The time series are handling with mathematical models
for predicting the new records and identified the changes in trends of hydrological
records. The ARIMA have been used widely in river flow and sediment yield
forecasting by many researchers [10, 11, 12 &13] mostly because of its simplicity
and ease of use. Time series analysis allows identification of hidden deterministic
behavior and thus understanding of cause and effect relationship in problems [14].
[15, and 16] applied the ARIMA model for forecasting the runoff on daily basis.
This model provides an increased understanding of the behavior of the system.
Stochastic based mathematical relationships are very useful in hydrology for
building mathematical relationship to generate synthetic hydrological records, to
forecast hydrological events, and to detect changes [17]. The steps involved in
stochastic modeling are; identification and removal of significant trends present,
identification of periodicity, separation of dependent stochastic components, and
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developed residuals for frequency distribution [18]. The unavailability of large time
series data on runoff, rainfall and sediment yield hampered the application of
various stochastic process model in forecasting runoff to sediment yields. The
seasonal ARIMA (p, d, g)(P, D, Q) model which is called seasonal multiplicative
autoregressive integrated moving average model or Box Jenkins seasonal models
were developed for Kal river using daily time series data available for duration of 7
years (2003 to 2009). By considering this fact, the present study was undertaken
to develop the seasonal ARIMA model for Kal river gauged at Birwadi hydrological
station used to forecast sediment yield and checks it significance with statistical
parameters in forecasting stream flow and sediment yield for Kal river tributary of
Savitri Basin.

Materials and Methods

Study area

The present study was conducted for the Kal river tributary of Savitri basin comes
under the Western part of Sahayandri Ghat of Konkan region and located in
Maharashtra State of India [Fig-1]. The latitude and longitude of the study area is
18920°N to 17051'N and 73922’ E to 73%1°E respectively and elevation ranges
from 6.50 m to 1366.23 m above mean sea level. The runoff, rainfall and sediment
yield data used measured at Birwadi were collected from Superintending
Engineer, Unit of Hydrology Project, Nashik for duration of 7 years (2003 to 2009)
of sediment yield, runoff and rainfall data. The statistical parameters of inputs data
for models such as Mean, Maximum, Minimum, Standard deviation (SDV), ACF

and PACF coefficient estimated using standard procedure [Table-1].

Fig-1. Location of Kal river

Table-1 Estimated Statistical parameters of hydrologic data measured at Birwadi during 1991 to 2011

Rainfall, mm

f (91020t | S0 | 0
Runoff, Cumecs

2 (1991t02017) | P48 | 0
Sediment, tiday

3 (200310 2007) | 621233 | 08

339 4581 | 0.010 | 0.0036 0.020

184.92 | 233.04 |0.0036 | 0.0079 0.020

475.28 | 2790.37 | 0.0193 | 0.0044 0.034

ARIMA model theory

The seasonal ARIMA model, as a short term, stands for Autoregressive Integrated
Moving Average. The acronyms AR (p) is known for an Autoregressive model of
order (p), and represented by [Eq-1].

P
X =D @ X, +&,
j=1

Where,

Xt = observation at time=t,

®; = I autoregressive parameter.

&t = independent random variable represent the error term at time t,
t-1 = time series at the time (t-1),

p= order of autoregressive process.

W

The acronyms MA (q) is known for a moving average model of the order q and is
represented by [Eq-2]:

q

X =&-2 0%,
j=0

Where:

0; = jh moving average parameter,
q = order of moving average process.

12

The combination between AR (p) and MA (q) models is called the ARMA (p, q)
model, and is represented by [Eq-3]:

p q
X =2 Q% —D 0X,
=1 =0

3]

To achieve stationary case in the time series, it may be differenced ARMA model
for d times to obtain ARIMA (p,d,q), similarly an ARMA model may be seasonal
differenced for D times to obtain seasonal ARIMA (P,D,Q)S for S seasonal period.
So when they are coupled together that will give ARIMA (p,d,q)x(P,D,Q)S. The
regular difference is written as [Eq-4].

1-B)*x, N
Where,

B=backward operator,

d=the non-seasonal order of differences.

The seasonal difference of order D with period is written as S [Eq-5]

(].—BS)DXt [5]
In general, the differencing operation may be done several times but in practice
only one or two differencing operation are used [19]. Box and Jenkins (1974) [20],
generalized the above model and obtained the multiplicative Autoregressive
Integrated Moving Average where the general form is {seasonal ARIMA (p,d,q) x
(P,D,Q)s } which is written as [Eq-6]:

(1-o,B° -®,B* —...-® B®)1-B°)x, =(1-0,B° -0,B* —...-0,B®)q, [6]

The residuals o are in turn is represented by an ARIMA (p,d,q) model by [Eq-7],

The general multiplicative ARIMA (p,d,q) x (P,D,Q)S model is obtained by solving
[Eq-6] for ot and replacing in [Eq-7] as get [Eq-8].

®(B°)P(B)(L-B*)° (1~ B)’x, = O(B*)6(B)s, 8]
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ARIMA Model Methodology

The ARIMA model was developed in SPSS software following the procedure
suggested by Box and Jenkin (1976) [21] and representative steps for
development of model is given in flow chart [Fig-2]. The methodology consists of
five steps: 1) Initial analysis of the input data, 2) Model identification. 3) Model
parameter estimation. 4) Checks model appropriateness for forecasting and 5)
Model adoption for forecasting.

Initial analysis of the data

The daily stream flow time series data used of hydrologic station Birwadi, Tal
Mahad for duration of 7 years (2003 to 2009) for Kal river. The collected data were
check for seasonal variation by plotting ACF and PACF function and model were
identified. The Box- Cox transformation is used for making data to be static. The
Turkey (1957) [22] reported a family of power transformations function which are
monotonic in nature with observed data sets..

) _ {y?;ﬂio
i logy;;A=0 [

Where, yi = data which shall be normalized, i = transformed amount and A =
real value that should be set so that the distribution of the data as much as
possible closer to the normal distribution.

Estimation of model parameter and to identify the basic model

The Autocorrelation Function (ACF) and the Partial Autocorrelation Function
(PACF) of ARIMA models are used in time series analysis and forecasting. These
were identified in SPSS software to develop the SARIMA model before and after
transformation of data series. The data series were divided in two segments as
forecasting stage for 5 years (2003 to 2007) and calibration state for 2 years (2008
to 2009). This procedure helps in identify the form model and to estimates models
parameters [21]. The maximum likelihood method was adopted for estimated
parameters that maximize by the probability of observations. The adequacies of
models were checks by assuming the residual is with white noise process and
stationarity. The residual series analysis helps in diagnose the independent
parameters using histogram, sample correlation and diagnostic checks (Ljung and
Box, 1978) [23]. Ljung-Box, Q-test, is used to check the assumptions of model
residuals and could be written as [Eq-10]:

h 2
=n(n+2 k

Q=n( );((n_k) r

Where:

h=the maximum lag being considered,

n=the number of observations in the series and

rc = the autocorrelation at lag k.

The statistic Q has a chi-square distribution with degrees of freedom (h-m) where

m is the number of parameters in the model, which has been fitted to the data, the

chi square value has been compared with the tabulated values; in order to

evaluate the valid model otherwise the model will be rejected.

Identification of best model

For successful models, it should be noted that a model with the less number of
variables gives the best forecasting results, i.e. for a time series having more than
one successful ARIMA models. The model with fewer variables (number of AR
and / or MA) and this is achieved by using Akaike's Information Criterion (AIC),
Bayesian information criterion (BIC) and Final Prediction Error criteria (FPE) in
order to select the best ARIMA model among successful models. The smallest
value of AIC, BIC and FPE should be chosen as best models.

Diagnostic checks of selected model
The final model selected based on statistical parameters such Root Mean Square

Error (RMSE) and Mean Absolute Percentage Error (MAPE) were considered to
examine the performance of the model during forecasting period. The model was
selected for further forecasting the runoff which performance better compared to
other selected model in terms of the statistical performance indices.
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Fig-2 Flow diagram of ARIMA model execution

Adoption of model

The best ARIMA model identified on the basis of AIC. BIC, FPE, diagnostic checks
and model parameter, best suited model were selected. The best suited models
were checked for validation of data set. The validation data sets were chosen for
2007 to 2009 time series to estimate runoff from Savitri basin. After checking the
performance of model for validation period, the bests suited of the model in
validation period will be adopted for forecasting runoff of Savitri basin.

Evaluate the Performance of Models

A number of statistical criteria have been suggested by researchers [24 and 25] to
evaluate the performance of rainfall runoff models. The accuracy of a sediment
yield model developed was evaluated by adopting multiple statistical indices such
as Correlation Coefficient (R), Root Mean Square Error (RMSE), Mean Absolute
Deviations (MAD), Coefficient of Efficiency (CE), and Volumetric Error (EV).

Results and Discussions

The ARIMA model developed for forecasting of sediment yield for Kal River was
developed using SPSS and XLSTAT 2014 software adopting procedure discuss
above. The sediment data of Birwadi station was collected from Hydrologic Project
division, Data Storage Center, Nashik, Maharashtra.

Initial analysis

In present study, sediment yield and runoff data of 7 years (2003 to 2009)
measured at Birwadi were used for developing the ARIMA models for Kal River.
Out of available data series 5 years (2003 to 2007) data were used for diagnostic
of the ARIMA model and of 2 years (2007 to 2009) data were used for calibration
and forecasting of sediment yield. The statistical parameters of inputs data series
performed such as the maximum, minimum, mean, standard eror of data sets
were estimated and presented in [Table-1]. The maximum, minimum, mean,
standar deviation, ACF coefficient, PACF coefficient, and standard error of
sediment yield for Kal river were 62123.35 tones/day, 0.8 tones/day, 475.28
tones/day, 2790.37, 0.0193, 0.0044, and 0.0349, respectively. The stationarity of
data series was examined by applying Mann Kendall test and KPSS test analysis.
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The seasonality was tested by applying the Dickey Fuller test. The test performed
and results were presented in the [Table-2]. The Mann Kendall statistics (uc)
values of daily sediment yield data from Kal river were between z-table critical
values (£1.96) at 5 per cent significance level. The same results also observed for
Dickey Fuller and KPSS test. This suggest that, there is no linear trends,
stationary, non seasonal in daily sediment yield for Kal river measured at Birwadi.

Model Identification

The stationarity of data series were checks through examining the time series plot.
Stationary means that data fluctuates around a constant mean. The plot of runoff
and sediment yield at Birwadi station of Kal river is given in [Fig-3]. The data
shows stationarity and no need to apply the differencing to the data series with
non seasonality. It is observed that, the fluctuating data series observed for
sediment yield and seasonal affect observed in the series. Therefore, seasonal
effect need to be taken in account.

Table-2 Trends analysis of rainfall and runoff data of Kal river measured at Birwadi hydrologic station

Sr. No. Hydrological data Mann Kendall Dickey Fuller KPSS test ** Interference
Test* testt
T T T P P
value value value values values
Rainfall, mm
2 Runoff, cumecs 0.007 -9.97 0.078 0.277 SNT 0.079 0.279
3 Sediment yield, 0.038 -5.35 0.230 0.016 SNT 023 0.016
tones/day

* Mann Kendall Test (MKT) interference: Ho= there is no trend in series, Ha= there is trend in the series, As the computed alpha (.=0.05) is greater than
P value, hence there is no trend in the series. Or if the computed alpha (=0.05) value is less than P value, hence there trend in the series.

# Kwiatkowski-Phillips-Schmidt-Shin (KPSS) trend test interference: Ho : the series is stationary, ha: the series is not stationary, As the computed p-
value is greater than the significance level alpha=0.05, one cannot reject the null hypothesis Ho.

**Dickey Fuller test ADF (stationary) interference: Ho: there is a unit root for the series, He: There is no unit root for the series. The series is stationary, As
the computed p-value is lower than the significance level alpha=0.05, one should reject the null hypothesis Ho, and accept the alternative hypothesis Ha.
$SNT = stationery series with no trend, NSDT = Non stationary decreasing in trend series.

—— Sediement yie k. tha/day —— Streaflow, cumecs

Streamflow , cumecs

Sediment yiled, tha

7872003 6/17/2004 0/25/2004 9/17/2005 8/28/2006 7/26/2007  8/3/2008 82372009

Time, Day

Fig-3 Time series plot of sediment yield and runoff of Kal river

The estimated autocorrelation (ACF) and PACF before differencing are presented
in [Fig-4(a&b)] whereas the ACF and PACF after transformation are presented in
[Fig-5(a&b)]. The ACF and PACF coefficient estimated are presented in [Table-2).
From the above [Fig-4] it is observed that, the ACFs for daily sediment yield time
series follows an attenuating sine wave pattern that reflects the random periodicity
of the data and possibly indicates the need of non seasonal and or seasonal AR
terms in the model. The data sequences have the cyclic seasonal component and
it needed seasonal differencing. By considering one as the difference operator,
the seasonal wave pattern in the ACFs was nullified [Fig-4] All the ACF graphs of
daily data series were significantly difference from zero. This indicates that, data
have linear dependence and the ACFs did not cut off rather damp out. This may
suggested the presence of autoregressive term (AR) terms. The PACFs graphs
shows the significant value at some lag but it tail off. This means moving average
model exist. It is also observed that, ACF is significant at multiple of 31 terms in
seasonal values and indicate AR term required in ARIMA model development but
at attenuate value. The value of PACF at multiple of 31 shows the presences of
MA term but it dump out at some places [Fig-5].

Table-3 ARIMA model Selection Criteria by AIC, BIC and FPE for sediment yield
estimation for Kal river

Sr. No. ARIMA Model AIC BIC ‘ FPE ‘
1 ARIMA(101,000)* 7049.11 7062.92 814.92
2 ARIMA(111,111)% 6976.97 6999.97 759.34

et ence Limit — Upper Confidence Limit
= Lower Confidence Lirmt ~— Lower Confidence Limit

F
Partial ACF

N N S N S S e S A S L N B A A A L A B
1 11 21 31 41 51 61 71 8L 91 101111 1 11 11 3 41 51 61 71 81 901 101111
Lag Number Lag Number

Fig-4(a) ACF for sediment yield Fig-4(b) PACF for Sediment yield
Fig-4(a,b) ACF and PACF for sediment yield of Kal river before

transformation
Sediment PACF Sediment ACF
10 _
i M Coefficient
— Upper Confidence Limit
M Coefficient — Lower Confidence Limit
o — Upper Confidence Limit
05 — Lower Confidence Limit 025
5 . l |
= 00 5 oot bl 1-.1-]1 I IPFTTOI O
E <" i 1 kil ol Bl ]
05 035 ]
10 050
T T T T T T T
1 11 21 31 41 51 6L 7L 8L 91 101 1 ll 21 31 41 51 61 71 ﬁl 91 101
Lag Nunber Lag Number

Fig-5(a) ACF for sediment yield Fig-5(b) PACF for sediment yield
Fig-5(a&b) ACF and PACF for sediment yield of Kal river after
transformation.

The alternatively models identified on the basis of ACFs and PACFs are presented
in [Table-3]. The best models were also identified by adopting AIC, BIC and FPE
criteria applying the principle of parsimony. The model that has minimum AIC, BIC
and FPE values was assumed to be parsimonious. From the [Table-3] it is
observed that among the identified models ARIMA (111,111)** model shows
lowest AIC, BIC, FPE values 6976.97, 6999.97 and 759.34, respectively. The
other model considered was ARIMA (101,000)*' for identified the models and
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estimate the models parameters.

Estimation of models parameters

The tentative parameters can be tested for each identified model using t value and
p values. The identified models parameters estimated for model ARIMA
(111,111)3" and ARIMA (101,000)*' are presented in [Table-4] and [Table-5),
respectively. It is observed from [Table-4] that Hessian standard error (0.007) and
Asymptotic standard error are (0.0001) lowest in seasonal moving average. The
autoregressive (1), seasonal auto regression (®z), moving average and seasonal
moving average values for model ARIMA (111,111)% are 0.419, 0.019, 0.339 and
-1.00 respectively. The T value for ARIMA (111,111)%" observed lowest in case of
SAR (1) i. € 0.29 and height for MA(1) i.e 7.55. This indicates that standard error
of MA1 coefficient is large relative to the value of the coefficient itself, so the t-
value of 0.29 is too small to declare statistical significance. This tends to conclude
that coefficient is not different from zero.

From [Table-5] it is observed that Autoregressive (¢1), and Moving average (61)
values for ARIMA (101,000)*" were 0.958, 0.608, respectively. The Hessian
standard error was highest for autoregressive (MA1) i.e., 0.023 and lowest for
AR1 i. e. 0.01. Asymptotic standard error was observed highest for
ARIMA(101,000)%!, MA1(0.029) and lowest for AR(0.011). it is also observed that
T value is less for MA (23.38). It is revealed from both the [Table-3] and [Table-4]
that |Tea|< Trane and alpha value is less than level. Hence, hypothesis cannot be
rejected and it can be concluded that coefficient are different from the zero.
Therefore, these parameters were passive for the above-mentioned models and
these can be used for forecasting sediment yield of Kal river.

Table-4 Estimated models parameters of ARIMA(111,111)% for Sediment yield
modeling of Kal river

Parameter Value  Hessian  Lower | Upper Asympt. | Lower Upper | T
standard bound | bound standard | bound bound | o
error (95%) | (98%) error | (95%) (95%)

AR(l) 042 040 022 | 062 004 | 035 049 | 607
SAR(1) 0.2 001 018 049 004 | 006 009 | 08
MA(T) 037 0.01 018 | 05 003 | 030 o043 [ 755
SMAM) <100 001 401 | 038 000 | 400 400 | -2897

Table-5 Estimated models parameters of ARIMA (101,000)%" for Sediment yield
modeling of Kal river

Parameter | Value | Hessian | Lower Upper Asympt. | Lower Upper T
standard | bound bound standard | bound bound 44
emor | (99%) (95%)  emor | (95%) (95%)

AR(1) | 0858 | 0010 | 0938 0879 0011 | 0837 0979 9.4

MA(f) | 0608 | 0023 | 0563 0652 002 [ 050 066 23.38

Diagnostic checks of adopted models

The diagnostic checks was performed by using Ljung Box, Box Pierce and
McLeod-Li test were used for testing the white noise residual. The hypothesis null
is that residual should be white noise [28, 29]. It means the residual should be
independent, homoscedastic (having constant variance), and normaly distributed.
It can reject hypothesis null if p-value in Chi Square statistics is greater than alpha
at 5 per cent level of confidence.

The normality test and white nose test results for ARIMA (111,111)* and ARIMA
(101,000)*" models are presented in [Table-6] and [Table-7], respectively. It is
observed from above tables that, alpha p-value for both ARIMA models were
found less than alpha level. So, the null hypothesis cannot be rejected and it can
be concluded that, the residual is significant as white noise for both models.

The selected ARIMA models were evaluated for their performance during the
diagnostic stage. The two models i.e ARIMA(111,111)3" and ARIMA(101,000)

are primarily identified. The diagnose was made on the basis of time series plot of
ACFs, PACFs, normality and white noise test using Ljung-Box, Box-Pierce and
McLeod-Li approaches. It is observed from above test that the diagnostic models
are performing well in forecasting the runoff. The statistical parameter adopted to
diagnose the statistical performance by root mean square error and mean
absolute percent error is presented in [Table-8]. It is revealed from the [Table-8]
that ARIMA(101,000)** model have low RMSE and MAD i.e 8.26 thalyear and
0.267 per cent, respectively compared to other model. Hence, the ARIMA
(101,000)*" was model found more appropriate in forecasting the sediment yield
for Kal river.

Table-6 Normality test and white noise tests of ARIMA (111,111)3" sediment yield

modeling for Kal river
Statistic
Jarque-Bera 2 40.53 <0.0001
Box-Pierce 6 3538.76 <0.0001
Ljung-Box 6 3562.67 <0.0001
McLeod-Li 6 435459 <0.0001
Box-Pierce 12 3538.76 <0.0001
Ljung-Box 12 3562.67 <0.0001
McLeod-Li 12 8858.52 <0.0001

Table-7 Normality test and white noise tests of ARIMA (101,000)3' sediment yield

modeling for Kal river

Statistic a, Value
Jarque-Bera 2 2546 <0.0001
Box-Pierce 6 3126.38 <0.0001
Ljung-Box 6 3156.61 <0.0001
McLeod-Li 6 3231.49 <0.0001
Box-Pierce 12 6059.76 <0.0001
Ljung-Box 12 6150.51 <0.0001
McLeod-Li 12 6287.41 <0.0001

Performance of ARIMA models

In the present study the runoff data of Kal river were used for sediment yield
modelling using ARIMA model from June 2003 to 2009. The data series from 2003
to 2007 (5 years) were used for diagnose analysis of the model whereas data of
time period 2007 to 2009 (2 years) were used for forecasting the sediment yield
using ARIMA model through SPSS 16.1 and XLSTAT-2014 software. The
sediment yield generated in adopted ARIMA models were checked for their
statistical performance during diagnostic period and forecasting period. The
performances of the models were evaluated using regression coefficient (R). root
mean square error (RMSE), coefficient efficiency (CE), volumetric efficiency (EV),
mean average deviation (MAD) and mean average percentage error (MAPE) and
are presented in [Table-8] for diagnostic and forecasting period. The R values of
ARIMA (111)(111)3', ARIMA (101,000)3' adopted ARIMA models during diagnostic
period were 0.986, and 0.988, respectively whereas RMSE was 8.69 tones/day
and 8.27 tones/day, respectively. The CE, EV, MAD and MAPE for ARIMA
(111,111)3 were 98.95 per cent, 0.19, 53.48 and 86.32 per cent respectively and
for ARIMA(101,000)%* they were 99.05 per cent, 0.97, 0.267, and 154.85 per cent
respectively. Hence, it concluded that during diagnostic period the ARIMA model
performance was found very good to generate the runoff for all selected models.
But ARIMA (111,111)3 was found to perform better in terms of MAPE, RMSE, EV,
MAD and CE as compared to ARIMA (101,000) model.

In the same sequence performance of selected ARIMA models were evaluated
during forecasting period and presented in [Table-8]. From the above table it is
observed that adopted models performing comparatively satisfactorily. The R
values for ARIMA (111,111)%" and ARIMA (101,000)*" was 0.976 and 0.978,
respectively. The RMSE, CE, EV, MAD and MAPE for ARIMA (111,111)3' model
were 9640 tones/day, 95.24 per cent, 0.186, 0.399 and 54.54 per cent,
respectively and for ARIMA (101,000)3" they were 35.94 tones/day, 95.36 per
cent, 0.093, 0.199, and 123.976 per cent, respectively. It reveals that ARIMA
(111,111)3" is comparatively found performances better to the ARIMA (101,000)2".
The similar results regarding the statistical performance were reported by Kachroo
(1986) [30] for forecasting sediment yield using ARIMA model.
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Validation of ARIMA models 200 -
The sediment yield forecasted during diagnostic period and forecasting period 800 | ¥=1.006x-0.869 S

were compared and validated with observed sediment yield by plotting the scatter E 700 |

plot and time series plots. The scatter plot of estimated and observed sediment T 600

yield during diagnostic period and forecasting period for ARIMA (101,000)3' and Z 500 -

ARIMA (111,111)3" are presented in [Fig-6] to [Fig-9]. It is interpreted that the £ 400 -

estimated and observed sediment yield closely matches and R? values are more 3 300

than 0.95 during diagnostic period and forecasting period. It is also observed that g 200

model perform well for low sediment yield load as compared to large sediment E 10

yield load in all the cases. The R2 for ARIMA (111,111)3' during diagnostic and o0 ‘ ‘
forecasting period was observed as 0.977 and 0.957, respectively, whereas for O 200 400 600 800 1000
ARIMA (101,000)%" it is 0.973 and 0.952, respectively. Observed Sediment yield, t/ha/day

The residual error plot for ARIMA (101,000)%" is presented in [Fig-10] and [Fig-11]
for diagnostic and forecasting period. It is observed that ARIMA (101,000)%' shows
minimum error during diagnostic and forecasting period. The results of ARIMA
models with original observed runoff series were plotted and presented in [Fig-12]

Fig.-8 Scatter plot of observed and estimated sediment yield during
diagnostic period of ARIMA (111,111)%* for Kal river

to [Fig-15] for ARIMA (101,000)%" and ARIMA(111,111)%' for a diagnostic and > 1200 1 ¥= :{ffsﬂ";;ﬁ'ﬁ“
forecasting period respectively. It is observed form the [Fig-12] and [Fig-15] that -E 1000 - o N
ARIMA (101,000)3' performed better in prediction and forecasting the runoff over = 500 |
the ARIMA (111,111)3", Hence ARIMA (101,000)3" was selected for further 2
forecasting the stream flow of Kal river. 'g 600
— : ; : 3 400
Table-8 Sensitivity analysis of selected ARIMA models for Kal river to estimated T
the sediment during diagnostic period g 2007
stho G R ORMSE  CE ‘ EV ‘ MAD ‘ MAPE ‘ N ‘ ‘ ‘ ‘ '
Dde 0 200 400 600  S00 1000
A) During Diagnostic period (2003-2007)
ARIMA 0.9 Observed Sediment yield, t/ha/day
1 (101,000) 8 8.27 9905 | 097 | 0267 | 154.85
ARIMA 0.9 Fig-9 Scatter plot of observed and estimated sediment yield during
2 (i | g | 869 | 983 | 019 ] %348 ] 8632 forecasting period of ARIMA (111,111)%' for Kal river
B) During forecasting (2008-2009
1 ARIMA 098 | 3594 | 9536 | 009 | 019 | 12297 Residual error during diagnostic period for Sediment
" R N o N . estdual error during dia gnostc period for Sedimen|
o .
£ 150
2 (1) 098 | 9640 9.24 | 018 0.39 54.54 E 100
Z 50
= 120
> 900 - 2232 LELEoELsseseesEnEnD
2 go0 Y= 0.969x+ 5803 s S&8 SS555555535553
£ 700 5097 : ~RESSE S S SRERE=gSSERE=EE
3§ 600 , . — — —
Z 500 Fig-10 Residual error plot of ARIMA(101,000)*' during diagnostic period of
£ 400 - sediment yield for Kal river
3 300
Ez“‘)i Residual err luri for i riod for li ield
E 100 - 150 esidual error during forecasting period for sediment yield
E 0 T T T T 1 ; 2
0 200 400 600 800 1000 E
Observed Sediment yield, t/ha/day E »
- ZzzgEzEzzsLsseeLsses
Fig-6 Scatter plot of observed and estimated sediment yield during SSS3Sggoggaagogaagaaas
diagnostic period of ARIMA (101,000)* for Kal river STARDRISEETESSS TS S S
Fig-11 Residual error plot of ARIMA(101,000)*' during forecasting period of
1000 | Y=0.964x+7.274 sediment yield for Kal river
Z 990 - R =0.952 a
£ 800 -
5‘ 700 - 5 1233 =——TForecasted sediment yield —— Observed sediment yield
< 600 - E 1400
£ 500 - < 1200
£ 400 - = 1000
3 = 800
@ 300 600
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Fig-7 Scatter plot of observed and estimated sediment yield during

forecasting period of ARIMA (101,000} for Kal river Fig-12 Comparative plot of observed and estimated sediment yield of

ARIMA(101,000)%! for Kal river during diagnostic period
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