Results in Engineering 22 (2024) 102044

Contents lists available at ScienceDirect

Results in

Engine

Results in Engineering

o %

ELSEVIER

journal homepage: www.sciencedirect.com/journal/results-in-engineering

t.)

Check for

A data-driven approach to river discharge forecasting in the Himalayan e
region: Insights from Aglar and Paligaad rivers

Vikram Kumar?, Selim Unal ", Suraj Kumar Bhagat ¢, Tiyasha Tiyasha ®"

@ Bihar Mausam Sewa Kendra, Planning and Development Department, Government of Bihar, India

b Department of Metallurgical and Materials Engineering, Faculty of Engineering and Architecture, Kastamonu University, Kastamonu 37150, Turkey
¢ Faculty of Civil Engineering, Ton Duc Thang University, Ho Chi Minh City, Viet Nam

4 Department of Civil Engineering, School of Engineering and Computing, Dev Bhoomi Uttarakhand University, Dehradun, India

ARTICLE INFO ABSTRACT

Keywords:

Time series analysis

Holt-winters (HW) additive
Non-seasonal ARIMA

Paligaad

Simple exponential smoothing (SES)
River discharge

Forecasting

This study aims to better understand the time series forecasting of Aglar and Paligaad rivers’ discharge (which
has a significant impact on the Himalayan river) using advanced time series methods such as Holt-Winters (HW)
additive method, Simple exponential smoothing (SES), and Non-seasonal auto-regressive integrated moving
average (ARIMA) models. This study used antecedent discharge information to forecast the next event.
Comprehensive statistical examinations were conducted and analyzed. The highly stochastic nature of these river
discharge trends adds complexity to the forecasting efforts and requires sophisticated modeling techniques that
are capable of capturing and interpreting such variability accurately. The models proposed in the current study
provide a reliable forecast for the next 15 months using 31 months of recorded river discharge data. The forecast
analysis shows that both the HW and non-seasonal ARIMA model results indicate exponential decay for the end
of 2016 and early 2017. The HW model shows the best performance in long-term forecasting, indicating a sharp
increase in spring and a small increase in discharge during fall months. However, for short-term forecasting, the
non-ARIMA model should show more promising results. The results show that the proposed methodologies
substantially improve the forecast accuracy of discharge for all consecutive months in perennial rivers. While the
study presents promising results for forecasting the Aglar and Paligaad rivers’ discharge, generalizing these
findings to other river systems or different geographical regions may be problematic due to varying hydrological
characteristics and environmental conditions, which may need further study.

1. Introduction can be included. Those factors are linked with the discharge such as

intensity & and duration, antecedent rainfall events, and are directly

River discharge which resembles flow rate or streamflow which is the
volumetric flux through river per unit of time [1]. This includes all
hydrologic processes of upstream watersheds, non-linear behavior of the
river’s carrying capacity, and measurements that are needed to under-
stand a river system (Kumar and Sen, 2023). Variation in river discharge
depends on various factors and a steady process to investigate this [2].
Those factors are rainfall and human interference; in case of rainfall such
as intensity & and duration of the storm [3], antecedent rainfall events
(Kumar and Sen, 2017), geological (porosity & permeability) parame-
ters [4], and size and shape of drainage basin [5] whereas in case of both
rainfall and human factors, temperature change can be considered [6].
Moreover, human factors such as deforestation [7], and urbanization [8]

* Corresponding author.

proportional to the river discharge [9]. Geological properties vary with
the discharge, in case of high porosity & and permeability, then
discharge will be less and vice-versa [10,11]. The size of the drainage
basin varies with the discharge, such as if shorter lag time then it ac-
celerates the discharge [5]. In the case of the basin’s shape, a steepy
shape decreases the time for infiltration and therefore, accelerates the
discharge and vice-versa [5,12]. Temperature is directly proportional to
evapotranspiration and inversional to river discharge [13]. Deforesta-
tion supports more rainfall and simultaneously increases the discharge
[7]. Urbanization spread tons of concrete led to more runoff and
accelerated the discharge [8,14]. Forgoing factors led to the
non-linearity in the river discharge and raised the chance of biasedness
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of its forecasting.

Aglar and Paaligad river watersheds are affected by both rainfall and
interference of human beings on its discharge [15]. In the case of Aglar
watershed, infiltration-excess (IE) dominated landscapes have been re-
ported recently [16]. This watershed remains varied in terms of the
grassed (GA) and agro-forested (AgF) hillslopes at the south and north;
respectively. Moreover, both elevations of GA and AgF hillslope are
reported as 1267 m and 1142 m, which add the influencing factors for
the discharge. Moreover, the hydraulic variations appear significantly in
the Aglar basin [17]. Nonetheless, the Paligaad watershed remains
shorter in total stream length than the Aglar watershed [18]. Also, the
research reported that the Paligaad has lower permeability which led to
a higher runoff rate against the Aglar watershed. However, the Paligaad
remains less vulnerable to erosion. To successfully manage water re-
sources and reduce the hazards associated with floods, droughts, and
changing rainfall patterns, it is also vital to determine how resilient the
watershed is to climate change and to design adaptation strategies. The
watershed is crucial for the Tehri Garhwal District’s water supply, irri-
gation, hydropower production, biodiversity preservation, sustainable
water management, and climate change resistance. In summary, un-
derstanding the rainfall and surface runoff of the Lesser Himalayas is
essential for effective water resources management, flood mitigation,
groundwater sustainability, ecosystem conservation, climate change
adaptation, and infrastructure development. It provides the foundation
for informed decision-making and sustainable development in the
region.

A review of literature showed that the several methods for fore-
casting the discharge have been tried with their advancement as well as
their limitation. Research proposed RBF kernel-based SVM model
against persistence model and feedforward neural network (FFNN)
model for forecasting discharge of Mahanadi River, India [19]. All three
applied models fail for longer periods of forecasting, nonetheless, the
SVM remains more accurate among them. In a recent study, researchers
proposed the method i.e. linear regression-reduced error pruning tree
(LR-REPTree) forecasting discharge of non-perennial river, that out-
performs the contemperory GRG, LR, LR-RSS, LR-SVM, and LR-M5P
models [20]. However, the research mentioned that ignoring biases
coupled with overestimations and underestimations when investigating
stochastic data to utilize the best investigating capacity of those models.
Another research tried a wide range of input variables to forecast
reservoir inflow using ANN architecture including static feed-forward
neural network (FFNN), non-linear autoregressive (NAR), and
nonlinear autoregressive with exogenous inputs (NARX) [21]. The
research reported that NAR model showed the lower RMSE value with
different input scenarios against both FFNN and NARX models. Another
study applied a couple of weather (temperature and relative humidity)
parameters to link up with rainfall that led to discharge of River
Yazaram in Mubi town using adaptive neuro-fuzzy inference system
(ANFIS) [22]. Nonetheless, short-term forecasting remains unsatisfying
due to the data measured are not sufficient for the applied model in-
vestigations. Forgoing challenges in forecasting the river discharge with
range of data such as short-term and long-term remains folded. More-
over, the model remains with reliable outcomes on applied in different
locations. More number of input may bring another challenge of data
collection that needs more effort, capital, and resources which can be
avoided to minimize the time of the process. Reduce the complication of
the calculation and computational time may open the door for new
advanced ML algorithms for the potential sites that are vulnerable to the
locality in terms of water management for agriculture, water supply,
groundwater research, and more.

However, our understanding of both rivers (Aglar, and Paligaad)
discharge remains limited due to a lack of trusted, comprehensive, and
publicly available data. Both gauge stations remain folded in terms of
discharge forecasting which plays a vital role in that area to the disposal
of its tributary river. In contemporary river discharge patterns, the
manifestation of antecedent flow signatures is discernible. The river’s
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dynamics are not solely dictated by the current day’s rainfall-induced
discharge but are significantly influenced by the prior day’s flow char-
acteristics. Hence, the incorporation of antecedent discharge data be-
comes imperative to comprehensively capture the intricacies of the
river’s behavior [23]. This recognition underscores the necessity for
considering historical discharge information in the modeling and fore-
casting processes, as the river’s response is inherently intertwined with
both immediate and antecedent flow dynamics.

The inclusion of antecedent discharge information significantly en-
hances the efficacy of river discharge forecasting for both Aglar and
Paligaad rivers, utilizing advanced time series methods such as Holt-
Winters (HW), Simple Exponential Smoothing (SES), and Non-seasonal
ARIMA models. In this study, antecedent discharge data was incorpo-
rated to forecast the subsequent discharge events, particularly address-
ing the exponential decay challenges posed by the stochastic nature of
discharge trends and various influencing factors in watershed manage-
ment. The technical response emphasizes the adept utilization of ante-
cedent discharge information, demonstrating the applicability and
efficacy of the chosen advanced time series models in enhancing river
discharge forecasting for complex and dynamic river systems in the
lesser Himalayan in data-scare region. Also, the application of HW opens
the door for producing adjustments to the observed data of wind speed
forecasting [24]. The model outperforms the traditional ANN and
ARIMA models in comparing the hybrid models with HW. In addition,
HW has the filtering power that marginally approximates trends
generated by the one-sided database that shows an elegant, moving
average representation characteristics of HW [25]. However, this algo-
rithm thirsts for a long period of database to show its best characteristics
reported by the research. Moreover, the HW advised to be tested on real
datasets with training models that gradually grow data sets [26]. In the
case of the SARIMA model capturing information in a time series data-
base is recommended for the different databases [27]. Another study
showed that Holt-Winter’s Exponential Smoothing (HWES) outperforms
the ARIMA and SARIMA forecasting container throughput of major
Asian ports; however, the research recommended exploring large vol-
ume datasets with high frequency that can be daily or weekly interval
data to unfold the model capacity in terms of forecasting [28].

This is worth exploring the research motivation from the Scopus
index literature database as keywords of ‘discharge’, ‘forecasting’, and
‘Holt-Winters’ using the VOSviewer algorithm. Bibliometric maps can be
obtained simply and analyzed using the algorithm. Search data from the
indexes are visualized. A total of 5032 documents have been filtered
from 1969 to 2022, and that contain 30611 relevant keywords. fig. Sla
demonstrates that India is in 4th position after the US, China, and UK for
the specific research domain. Also, fig. S1b shows the research signifi-
cance among the domain researchers that conducted and achieved
exponential growth with 96% of R? values in recent years. Moreover, for
the co-occurrence of the keywords categories into two groups — first (see
fig. S1c) with forecasting and river discharge and second (see fig. S1d)
with forecasting and applied machine learning methods. The method set
26 threshold values (value taken for clear visual Identification) for the
co-occurrence keywords where 50 items touched the threshold values
with were divided into two four clustering by applying the association
method over the selected period which is presented by four colors
(Green, Blue, cyan and Yellow). The relevant popular keywords and
their co-occurrence can be seen in figs. S1c and d. There are two distinct
types of keyword analysis used in fig. S1c which pertains to prediction
and release, while fig. S1d relates to the application of machine learning
models to discharge and forecasting. The timeline differs between figure
Slcand figure S1d because significant changes were observed until 2016
for fig. Slc, whereas fig. S1d includes data until 2020 to reflect recent
changes in values. In fig. Slc, there are 4 clusters observed, and the
keyword "Forecasting" appears commonly in research papers related to
topics like Flood forecasting, River, flood, etc. On the other hand, fig.
S1d also displays 4 clusters, with "Forecasting" as the predominant
keyword frequently found in research papers discussing concepts like
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Holt-Winters, Time-series forecasting, forecasting methods, exponential
smoothing, etc.

The objectives of this research paper are as follows: Firstly, the study
aims to utilize the observed discharge database of the Aglar and Paligaad
watersheds for further analysis and study. This database will provide the
foundation for conducting research and investigating various aspects
related to water discharge in these watersheds; secondly, the goal is to
perform a descriptive analysis of the discharge database and present the
findings which involves examining the patterns and characteristics of
the discharge data, such as average values, variability, and trends;
additionally, advanced time series forecasting methods such as Holt-
Winters’ additive method, Simple exponential smoothing, and Non-
seasonal ARIMA models will be applied to the discharge data. These
forecasting methods will allow for the prediction of future discharge
values based on historical data. The performance of these forecasting
methods will be evaluated and compared using statistical evaluators;
Moreover, the results obtained from different models will be compared
to identify any significant differences. he major outcomes of this
research will be compared against the findings of published work in
similar domains. This comparison will help confirm the validity and
significance of the research results and provide context for the current
study.

Lastly, potential areas for future studies and research in this field will
be suggested. These recommendations will help guide further in-
vestigations and contribute to the advancement of knowledge in water
discharge forecasting and analysis. This research aims to apply the
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untouched observed discharge database of the Aglar and Paligaad wa-
tersheds. Descriptive analysis of the database examined and presented.
Also, the correlation with rainfall of the period has been logically pre-
sented. In addition, this study aims to apply advanced time series fore-
casting methods i.e. Holt-Winters’ (HW) additive method, Simple
exponential smoothing (SES), and Non-seasonal ARIMA models. These
methods have been evaluated using the latest statistical evaluators, and
compare these results within models as well as between the models. In
addition, this research compares the major outcomes against published
work. Moreover, this research compares those results between the sta-
tions and lists out the possible real meaning and the possible reasons for
those peak values. Also, it lists the benefits of those applied methods,
weaknesses, and future studies.

This section follows with materials and methods with the detail of
data collection and its statistical analysis, and all three applied time
series model with their mathematical expression of basic concepts along
with data applied suitability. The next section described the modeling
development and forecasting metrics including the software and pack-
age information and the applied model optimization reporting. This
proceeded with application results and their analysis in a comprehensive
way. An individual section dedicated to discussion of those major out-
comes from applied time series models in line within the model and the
station as well as between the models and between the stations. Also, the
previously published research has been compared logically to set the
edge of the art of technology. In the conclusion section all major out-
comes, their advantages, and weaknesses have been reported
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Fig. 1. Location map of the study area concerning Uttrakhand State and India. The inset blue layer represents the lowest elevation which is one of the greatest
geological drainage of the area. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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scientifically.

2. Materials and MethodsMethodology

2.1. Study area and data collection and statistical analysis description

There are two river names viz. Aglar and Paligaad have been selected
for the study (see Fig. 1). Fig. 1 exhibits the high and low elevations of
the study catchment area. Both rivers are the major tributaries of the
river Yamuna, which is part of the Himalayan watershed. It flows
through the Tehri Garhwal district of Uttarakhand, known for its lush
forests, meadows, and snow-capped mountains. The river is fed by
rainfall, and glacial meltwater, which contribute to its flow throughout
the year. In terms of water resources, the watershed is crucial as it
supports the region’s water supply demands by acting as a vital source of
water for domestic and agricultural uses [29,30]. Stream discharge from
the watershed must be accessible for agriculture to be supported, crop
yields to be increased, and food security to be maintained. The water-
shed contains a wealth of variety and various ecosystems, making its
maintenance crucial for preserving the ecological balance and aiding in
species conservation. Monitoring water availability, controlling water
consumption, and implementing conservation measures are all essential
for sustainable development (Kumar and Sen, 2018).

A detailed statistical examination has been performed for the
collected data from both stations. Table 1 demonstrated the descriptive
analysis including Mean, Standard Error, Median, Standard Deviation,
Sample Variance, Kurtosis, Skewness, Range, Minimum, Maximum,
Sum, Count, and Confidence Level (95.0%) for the discharge database
for both stations. A more than double time variation in mean value can
be seen between Aglar (lesser) and Paligaad (higher) stations. In terms of
standard deviation the database of Paligaad is more than six times
higher against Aglar station. In the case of kurtosis and skewness, the
variations between the databases appear significantly.

Moreover, fig. 3a compares the database for both stations in terms of
scatter plot and box plot side by side. As per the box plot in fig. S2a, the
Paligaad station database is as highly stochastic as decent at Aglar sta-
tion. There are three peak events in the case of both stations, however, at
Paligaad station, the discharge is visibly higher. However, in Figure S2b
and Figure S2c a line ad station, the discharge is visibly higher. How-
ever, in figure S2b and figure S2c) a line plot has been drawn to exhibit
the pattern of the relationship between the discharge and rainfall for
Aglar and Paligaad stations, respectively. These two figures include
regression equations along with correlation coefficient values. At both
stations, rainfall trends declined over the period, however, this trend
remains opposite in the case of discharge, but not in a similar ratio
because of the land use pattern irrespective of the same rainfall. Both
Table 1 and Fig. 3 reveal the data stochasticity that needs advanced
empirical investigation. The presence of numerous outliers and higher
peak values in Paligaad River discharge data, compared to Aglar River,
is attributed to Paligaad’s unstable nature and limited data collection

Table 1
Descriptive analysis of collected discharge database at both stations i.e. Aglar
and Paligaad.

Descriptive Analysis Aglar Paligaadsade
Mean 0.458948 0.965876
Standard Error 0.006847 0.043269
Median 0.458948 0.50238
Standard Deviation 0.207445 1.31099
Sample Variance 0.043034 1.718695
Kurtosis 3.99643 14.08072
Skewness 1.329531 3.106372
Range 1.634834 13.1304
Minimum 0.186406 0.114885
Maximum 1.82124 13.24528
Confidence Level (95.0%) 0.013437 0.084918
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during high flows. This uncertainty leads to rapid fluctuations, and data
scarcity during extreme events hinders accurate representation. These
factors impact forecasting models, necessitating advanced hydrological
models, data augmentation strategies, and rigorous calibration to
address unique characteristics and improve accuracy in capturing
extreme conditions.

2.2. Applied models

2.2.1. Holt-Winters Additive Model

Holt-Winters model is one of the most used methods for time series
analysis with seasonal and trend patterns [31]. Tackling the constant
seasonal variation Holt-Winters Additive model remains the best choice
for scientists of various science and technology fields [32]. The working
strategy of the additive model is a multiplicative model apart from
seasonality that is to be considered additive. Therefore, the sum of the
baseline, trend, and seasonality components of each data element is
designed known as forecasted value. This model applies a triple expo-
nential smoothing technique for using three different components. «a is
level g is the trend gamma is the seasonal component which can be
controlled using the forecast weight parameters [33].

The Holt Winters Additive method parameters can be evaluated as
the level estimation as Eqn. (1)

L=aY,—srm)+ (1 —a)(Li-y +biy) (D

the trend equation is as Eqn. (2)

br :ﬂ(Yz — Lt) + (1 7/})}7171 (2)
and the seasonal component is as Eqn. (3)
5= ]/(Yt - Lr) + (1 - 7)Sr—m 3)

where Y; is the recorded value the river discharge, L; 1, b,_1 are level
and trend at time t-1, m is the length of seasonal cycle, s;_, is the sea-
sonal factor at time t-m. The forecast is given as Eqn. (4)

—~~
Y =L +kb + Siikm )

where k is the step ahead where forecast is calculated and the smoothing
parameters (, f3, y) take values between 0 and 1.

2.2.1.1. Simple exponential smoothing (SES). Time series exponential
smoothing methods have two types with trend and/or seasonal pattern
and without them. Those predictions are the weighted averages of past
observations with the weights decaying exponentially as the observa-
tions get older [34]. Moreover, the popular forecasting method is the
SES model which can be without any trend or seasonality [35]. The SES
methods are less complicated but robust methods of forecasting. This is
also recommended for the small-size database for higher accuracy in
short term forecasting [36]. They are broadly applied in science, engi-
neering, and business for forecasting demand for their different chal-
lenges [37]. Similar to the HW model, we can use to calculate the
forecasting by applying as Eqn. (5) [38,39].

~~
Y =at, + (1 - a)Y, ®)

=
where Y ., is the forecast at time t-1, Y; is the recorded value of the
river discharge and « is the smoothing factor which is restricted between
0and 1.

2.2.1.2. Non-seasonal ARIMA model. The ARIMA (Auto-Regressive In-
tegrated Moving Average) model is widely used for time series fore-
casting [40-42]. In the case of the Non-seasonal ARIMA model, a
combined impact of “autoregressive terms, moving average terms, and
differencing operations” was measured. Non-seasonal ARIMA models
have been performed well in a wide range of environmental science and
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engineering data including climate change mitigation [43]. Three key
elements are used in ‘ARIMA (p,d,q)’ model where p is the number of
autoregressive lags, d is the number of non-seasonal differences and q is
the number of moving-average terms. An autoregressive model can be
used to forecast a time series data at time t, this can be written as Eqn.
(6) [44]:

Xt:C"F(ﬂ]Yt—I+$2Yt—2+...+(ﬂpyz—p+€z (6)

where x; is the value of the time series variable at time t, ¢ is a constant
value, ¢ is the autocorrelation constant, p is a constant which determines
the number of samples used in calculation and ¢ is an error or white
noise term.

A Moving average model forecasts using one or multiple precious
error values at time t. It can be written as Eqn. (7) [45].

xe=c+0i€e_1+be 2+ ...+ 06, @)

where 6 is the autocorrelation of error values, q is the number of ob-
servations.

For the stationary time series AR (p) and MA (q) models can be
represented by combining two models as Eqn. (8) [46].

P q
V=64 oY+ b ®
i=1

Jj=0

where ¢ is a constant and Y; is the value of the series at time t.

To apply ARIMA model, the time series must be stationary. For non-
stationary time series, the time series needs to be modified to stationary
time series. A differencing (integration) term is used in this process. In
this case, the difference between precious measurements is calculated as
X¢ — X¢—1. Order of differencing term is given by d and represented by
Eqn. (9) [47]

‘Pp(B)det =0(B)e, +c¢ ©

Where, B is the distance operator representing how many time series are
shifted as Bx; = x;_1 [48].

This proposed research includes combining several stages (see fig.
S3) from data collection at both selected rivers such as Aglar and Pal-
igaad, data transformation to the time series suitablity for the further
function acceptibility for forecasting calculations. All three models for
forecasting crossed through optimization stages. All performance
stanges have been passed using applied perforamcne evaluators, resid-
ual calculations, and through autocorrelation factor (ACF) and Ljung-
Box calculation. The higher error event where used to recycle the pro-
cess and the least one recorded is used for the further results reportation.

3. Modeling development and forecasting metrics

This research was established using continuous monthly discharge
measurements to forecast discharge for both stations i.e., Aglar and
Paligaad. It utilizes the constructed model for comparative study. Also,
its performance has been calculated using several performance param-
eters as well as with the Ljung-Box test in R version 4.2.3 (2023-03-15)
software.

3.1. Optimization of forecasting models

All three applied time series model have been performed using
RStudio version 4.2.3 (2023-03-15) software. Also, the performance
evaluators along with Ljung-Box test have been performed with the
same software. Moreover, the Residual density plot and ACF plot have
drawn using the software.

To make HW additive forecasts method using HoltWinters function
from forecast and TTR R package [49,50]. In developing HW additive
methods, parameters have been estimated as a = 0.99 and f and y were
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set as FALSE for simple smoothing. Only the level parameter was taken
into account and the value of « is large i.e. close to 1 for both stations,
which means more weight is on the recent discharge observations and
less on the earlier discharge data [51]. All the weight were given on to
recent data.

To make SES forecasts method using ses function from forecast and
TTR R package [49,50]. Here, h set as 15 that means 15 number of
months are to be forecasted. Confidence level band set for prediction
intervals between 80 and 95. Initial argument set as optimal that opti-
mized along with the smoothing parameters. @ and  were set as FALSE
for simple smoothing.

To make Non-seasonal ARIMA forecasts method using auto.arima
function from forecast R package [49,52]. Set the seasonal argument as
FALSE to calculate the simple approach. Algorithm architecture for both
station database is follows ARIMA (1,0,1) model with non-zero mean,
where 1 is the number of autoregressive terms, O is the number of
nonseasonal differences needed for stationarity, and. 1 is the number of
lagged forecast errors in the prediction equation. Moreover, in case of
Aglar discharge the Non-seasonal ARIMA follows the autoregressive
investigation as per Eqn. (6), Eqn. (10) was calculated:

X =c+0.5932Y,_; +0.8750Y,_, + ¢ (10)

Where ¢ = 0.5798 * (1-0.5932) = 0.236 and ¢; is white noise with a

standard deviation of 0.012 = 1/0.0001439; and in case of Paligaad
discharge the Non-seasonal ARIMA follows the autoregressive investi-
gation as per Eqn. (6), Eqn. (11) was calculated:

x,=c+0.5152Y,_; +0.5579Y,_, + ¢, an

Where ¢ = 0.7714 * (1-0.5152) = 0.374 and ¢, is white noise with a
standard deviation of 0.093 = 1/0.008725.

3.2. The model performance evaluators

The forecasted models were examined using the performance eval-
uators which is mean error (ME), root mean square (RMSE), mean ab-
solute error (MAE), mean percentage error (MPE), mean absolute
percentage error (MAPE), mean absolute scaled error (MASE) and

autocorrelation factor at lag 1 (ACF1). /Y\ ¢ is the forecasted value at
time t and Y, is the actual value at time t. All the above evaluators have
been calculated using accuracy function with round argument to
demonstrate up to two decimals.

Mean Error (ME) was calculated as Eqn. (12):

N
ME = ’2;<an_yr) 12)

Root Mean Square Error (RMSE) was calculated as Eqn. (13):

5007

RMSE=\|""— —* 13)
n
Mean Absolute Error (MAE) was calculated as Eqn. (14):
n N
I
MAE=2=1"__ 14)
n
Mean Percentage Error (MPE) was calculated as Eqn. (15):
~~
1 ( Y .-V, 1)
MPE =— E— 1
P as

t=1

Mean Absolute Percentage Error (MAPE) was calculated as Eqn. (16):



V. Kumar et al.

n

MAPE =1 Z

n =1

Y, (16)

Mean Absolute Scaled Error (MASE) was calculated as Eqn. (17):

MAE
MASE = o a7

and Autocorrelation of Residuals at Lagl (ACF1) was calculated as Eqn.
(18):

1 n
Q:mgwyﬂw. a8)

Linear correlation between two variables can be found by Pearson’s
correlation coefficient, which was calculated as Eqn. (19)
N A n n A~
n Z Yr Y t Y t Z Y t
r= =1 =l . (19)

&)

Autocorrelation uses the time series data and measures the correla-
tion between a variable and its previous values using its lagged values.
For two time series values, ACF1 was calculated as Eqn. (20)

(1= D)o~ 7) 20)

ACF1= ;
(Y1 -7)

where Y is the data at time 1, Y is the data at time 0, Y is the sample
mean of the time series which was calculated as Eqn. (21)

M=

(¥))
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n

r:

Y=

3.3. Ljung-Box test

The Ljung-Box test determines whether the time series is white noise.
The Ljung-Box test statistics is calculated by Eqn. (22) [53,54].

H
Ou=n(n+2)S (= )P, 22
1

=

where “ p ", is the autocorrelation at lag h that was calculated as Eqn.
(23),

= 7;:1—7 (23)

h is the number of lags being tested. A p-value determines how a null
hypothesis is likely and it measures the difference between data and
forecast. if the p-value is less than 0.05, the data is not random and not
white noise. If the p-value is less than 0.05, the data is related to the
white noise.

The residual was calculated using checkresiduals function in the R
software and followed by Ljung-Box test that was performed using Box.
test function for residuals of all three applied models where the argu-
ment lag = 15 and type = ’Ljung-Box’ were set.

Moreover, the histogram density plot for three residual of applied
time series models was drawn using plotForecastErrors function in R
software. In addition, ACF plots for the residual have drawn using acf
function where the argument ‘lag.max’ was set as 20.
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4. Results and analysis

Discharge forecasting is a highly extensive method for various
watershed management engineering processes. The current research
was dedicated to the implementation of exploring optimized and more
robust soft computing forecasting models for discharge forecasting for
two different watersheds with different land use and soil characteristics.
This section covers the results and discussion of the developed fore-
casting models. For each set of forecasting performance, the best model
i.e., Non-seasonal ARIMA method for long-term and short-term analysis;
Holt-Winters Additive method was performed well for long term fore-
casting; and remains average performance by SES method. All three
models for both station discharge database is discussed below in detail.

4.1. Holt-Winters’ additive method

Holt-Winters model is a commonly used method for time series
analysis. The Holt-Winters model was performed on the data to forecast
river discharge. The model was applied for both rivers viz. Aglar and
Paligaad. Then, we conducted a residual noise check was using con-
ducted using the Box-Ljung test to ensure no white noise contribution in
the to our data. The density of residual errors was found as a Gaussian
distribution with a zero-mean resulting in ideal forecast errors. Auto-
correlation Function (ACF) was plotted using the residual errors to check
for any significant autocorrelation. Finally, the model was used for
forecasting analysis.

Holt-Winters method was performed to estimate the model param-
eters using a smoothing factor component considering a stationary time
series. In this model, we only included the alpha parameter was included
and ignored trend and seasonal components. Alpha parameter,
smoothing factor, and coefficient are found to be 0.61 for Aglar and 0.86
for Paligaad. Paligaad station has higher coefficient that means for the
higher forecast value than Aglar station. The density of residual errors
has a Gaussian shape around zero, see Fig. 2a and b. The p-value of both
Box-Ljung tests and the Ljung-Box test is found to be much less than 0.05
(for Algar 5.458E-10, 1.146E-5, and Paligaad 0.0002869 and 0.0363).
This indicates the white noise has no contribution to the Holt-Winters
model and the model is suitable to use for the forecast.

Using autocorrelation (ACF) of the Holt-Winters residuals, we
determined the significant residual autocorrelation was determined at
lag 2,311, 12, and 13 for Aglar and lag 2 and 12 for Paligaad, shown in
Fig. 2c and d. The Ljung-Box statistics test was applied to the residuals to
find whether residual white noise contributes. The p-value is 1.146E-5
and 0.0363 for Algar and Paligaad respectively. The results show the
p-values are lower than 0.05.

4.2. Simple exponential smoothing

Simple exponential smoothing is one of the easiest models to apply to
forecasting problems. For the longer term, simple exponential smooth-
ing (SES) can be used to forecast the river discharge [55]. The error
parameters, the density of residual errors, and autocorrelation factors
were extracted before the model fitting. Like HW results, the MAPE of
Paligaad is higher than Algar. Also, the band Lo 95 and Hi 95 remains
higher than band Lo 80 and Hi 80 for both stations that shows the
feasibility of the method applied. Other error parameters are low as they
show a good fitting. However, the density of residuals for both Algar and
Paligaad are Gaussian around zero with multiple shoulder peaks, shown
in Fig. 3a and b. This shows a white noise contribution to the analysis.
Autocorrelation of residuals has lags at 2, 4, and 5, shown in Fig. 3c. The
autocorrelation factor of residuals for Paligaad does not show any lags,
see Fig. 3d. The fitting of the SES model has no significant forecast for
both rivers even though MAPE and MAE values are low, see Fig. 5¢c and
d.
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Fig. 2. a) Density plots for Holt-Winters (plots for HW) Additive model residuals for Algar, and b) Paligaad; and c) Autocorrelation (ACF) plots of the residual errors

for Algar, and d) for Paligaad.

4.3. Non-seasonal ARIMA model

ARIMA model is not suitable for nonlinear patterns and relation-
ships; therefore, non-ARIMA model can be used for river discharge
forecasting problems [56]. For this model, ARIMA (1,0,1) model with
non-zero mean was used to acquire the forecast. AR and MA coefficients
were estimated along with other error parameters. As per Eqns. (10) and
(11) cis not zero and d = O (the integrated part) that led the meaning of
the long-term forecasts go to the mean of the data. In addition, the
long-term forecast standard deviation will go to the standard deviation
of the historical data since the d = 0. Moreover, the density of residuals
for both Algar and Paligaad are shrinking near zero with multiple
shoulder peaks, see Fig. 4a and b. This shows a white noise contribution
to the analysis. Because of forecasting the discharge for both rivers, the
fitting exponentially decays, see Fig. 5e and f. ACF of the data does not
show any lags (see Fig. 4c and d). For both rivers, the residuals do not
have any seasonal pattern and the ACF of the residuals do not show any
lags apart from 1. If we check Box-Ljung and Ljung-Box tests, showed
much higher the p-values are much higher than 0.05.

4.4. Comparison of the methods

The fitting precision indexes RMSE, MAE, and MAPE (see Table 2) of
the HW, simple exponential smoothing, and ARIMA model were calcu-
lated, and the next month was forecasted. The performance of the

models can be compared using the residuals, density of residual errors,
ACF plots, Ljung-Box, and Box Ljung tests. The proposed forecasting
methodologies introduce substantial advancements in enhancing the
accuracy and reliability of discharge forecasts for consecutive months in
perennial rivers, particularly from a hydrological perspective. The
integration of antecedent discharge information plays a pivotal role by
providing a temporal context that aids in discerning the influence of past
conditions on current discharge patterns, thereby refining forecast ac-
curacy. The methodologies are adept at robustly handling outliers and
high peak values commonly found in perennial rivers, reinforcing the
models’ resilience to extreme values and enhancing overall reliability.
Emphasizing long-term forecasting proficiency, particularly with the
Holt-Winters model,. Proposed forecasting methodologies use mean
absolute percentage error (MAPE) to define the overall accuracy. All
MAPE values are less than 10 (except the HW of Paligaad), considered a
threshold for accuracy. In the literature, the MAPE values have been
reported to be much higher for discharge modeling and forecasting of
the Paranaiba River [57]. The lowest MAPE value we have obtained is
1.51, showing a significant improvement in the accuracy.

For short-term forecasting, the non-ARIMA model could be useful.
However, the HW model performs better than other models in the long-
term forecast. Short-term prediction for the HW model shown in Fig. 5a
and b and the non-seasonal ARIMA model shown in Fig. 5e and f perform
similarly as they exponentially decay. However, for longer-term fore-
casts, SES and non-seasonal ARIMA models have constant values, which
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Fig. 3. a) Density plot of Simple Exponential Smoothing Model (SES) Model residuals for Algar, and b) Paligaad; and c¢) Autocorrelation (ACF) plots of the residual

errors for Algar, and d) for Paligaad.

is not expected, see Fig. 5¢, d, 5e, and 5f. The HW model performs well
even after longer periods, as shown in Fig. 5a and b. The observed
exponential decay in the forecast results for the end of 2016 and early
2017 can be attributed to distinct hydrological and climatic factors.

a) The decay may signify a response to the region’s seasonal precipi-
tation dynamics, where a reduction in river discharge is associated
with diminished rainfall during the end of 2016 and early 2017.
Seasonal variations in precipitation directly impact river flow,
influencing the discharge patterns observed in the forecast results.
Variations in groundwater levels exert a significant influence on river
discharge during the post monsoon. The observed decay hints at
fluctuations in groundwater contributions, with lower groundwater
levels exerting influence over the broader discharge dynamics during
the said duration.

Changes in vegetation dynamics also play a contributory role in the
decay phenomenon. Colder months witness diminished transpiration
from vegetation, potentially leading to an overall reduction in river
discharge. This accentuates the significance of terrestrial ecosystems
in molding the hydrological behavior observed in the forecast.

b

~

While it may not be feasible to quantify connectivity and influence of
the runoff behavious across all spatiotemporal scales, certainly,
emphasizing the utilization of available data on rainfall discharge for
both rivers, more localized datasets become crucial. However, Inte-
grating climatic variables like precipitation patterns, and temperature
fluctuations, and through understanding of rainfall-runoff relationships

within shorter time frames offers valuable insights. Short-term datasets,
although limited, can be highly informative, especially when accurately
capturing local climatic variations and their direct influence on
discharge dynamics. Focusing on these variables allows for a more
concentrated analysis, leveraging available data efficiently to enhance
the accuracy of discharge forecasting models. Additionally, the inclusion
of localized and short-term data helps develop more contextually rele-
vant models tailored to the specific hydrological behaviours of the re-
gion, compensating for the absence of certain climatic variables like
snowmelt and orographic effects. This approach enables a more precise
understanding of the hydrological processes and contributes to
improved forecasting accuracy, essential for effective water resource
management in regions without snow dynamics.

MAPE, RMSE, and MAE values are calculated to analyze the accuracy
and efficiency of the forecast, see Table 2 [58]. The highest MAPE was
given by the HW model of the Paligaad and the lowest MAPE was the
Non-Seasonal ARIMA model of the Algar. The lowest RMSE was in the
non-seasonal ARIMA model of Algar and the highest RMSE was in the
HW and SES model of the Paligaad, see Table 2. In a MAPE analysis,
values less than 10 are called a highly accurate forecast [58,59]. In this
case, all ofall the MAPE values are less than 10 except the HW of Pal-
igaad. Even though, the MAPE values of the HW model are higher, both
Ljung-Box tests of the HW model perform better than other models, see
Table 3. This indicates that autocorrelation exists in the HW model, and
the time series is not random.

Using the HW additive model, the minimum MAPE value of PM2.5
and NO2 forecast in Nagasaki has been found as 10.1772 and RMSE is
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Fig. 4. a) Density plot of Non-Seasonal ARIMA Model residuals for Algar, and b) Paligaad; and c¢) Autocorrelation (ACF) plots of the residual errors for Algar, and d)

for Paligaad.

0.4442 [60]. They have also found MAPE and RMSE values 23.9933 and
2.4873 respectively using ARIMA (1,0,1) with non-mean zero [60]. In a
surface ozone layer study, the HW model shows MAPE, RMSE, and MAE
values of 6.57, 0.85, and 0.65 respectively [58]. Our HW statistics are
comparable with the literature with its MAPE and RMSE values.
Non-seasonal ARIMA model performs also well and has much lower
MAPE values than the literature. One of the drawbacks of this study is to
forecast longer periods. The results show that the model could perform
better in the short-term forecast see Fig. 5e and f. In the HW model Algar
River discharge forecast in Fig. 5a, the forecast has a slight increase in
2017 and 2018, and it also shows seasonal increases and decreases in
contrast to the non-seasonal ARIMA, see Fig. Se. The ARIMA model had
a larger value in 2017 than in 2018.

The comparative analysis between the Holt-Winters (HW) model and
the Non-seasonal ARIMA model provides crucial insights into their
respective suitability for long-term river discharge forecasting in the
Himalayan region (See Fig. 5). The HW model demonstrates proficiency
in capturing and forecasting trends influenced by distinct seasonal pat-
terns, particularly relevant to the region’s monsoonal variations. Its
simultaneous consideration of trend and seasonality enhances its effi-
cacy in scenarios where both components significantly contribute to
discharge dynamics. On the other hand, the Non-seasonal ARIMA model
exhibits adaptability to irregular discharge patterns and time-varying
conditions, making it applicable in situations deviating from regular
seasonal cycles. The performance comparison sheds light on long-term

forecasting precision, robustness in the presence of anomalies, compu-
tational efficiency, and alignment with the unique characteristics of
Himalayan River discharge data. Understanding these aspects is pivotal
for selecting a forecasting model tailored to the complex hydrological
dynamics of the Himalayan region.

During the figure analysis the result showed few discrepancies in
discharge predictions of the Aglar and Paligaad rivers which can be
explained by several factors.

a) Model performance: The accuracy and reliability of the forecasting
models used can vary, which can lead to discrepancies in predictions.

b) Temporal context: The integration of antecedent discharge infor-

mation, which considers past conditions, can significantly influence

current discharge patterns, and improve forecast accuracy. Differ-
ences in the utilization of this temporal context in the models can
result in discrepancies in the predictions.

Handling of extreme values: As discussed in previous section these

perennial rivers exhibited outliers and high peak values, which can

impact the accuracy of the forecasts. The ability of the models to
handle these extreme values can vary, affecting the overall reliability
of the predictions.

d) Short-term vs long-term forecasting: Different models may perform
better in either short-term or long-term forecasts. The selection of the
appropriate model for the specific forecasting horizon can lead to
differences in the predictions.

~—~

C
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Fig. 5. Forecasting by Holt-Winters (HW) additive model for a) Aglar discharge and b) Paligaad discharge for next 15 months; forecasting by Simple Exponential
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e) Hydrological and climatic factors: The discharge of rivers is influ- f) Connectivity and runoff behavior: The connectivity and influence of
enced by various hydrological and climatic factors, such as seasonal runoff behavior across different spatiotemporal scales can also
precipitation dynamics, groundwater levels, and vegetation dy- contribute to the discrepancies in discharge predictions.
namics. Variations in these factors can result in different discharge
patterns, leading to discrepancies in the predictions. Overall, the discrepancies in discharge predictions of the Aglar and

10



V. Kumar et al.

Table 2

Model fit statistics for river data analysis.

Model Fit Statistics

Model

Auto correlation of Errors at Lag

1 (ACF1)

Mean Absolute Scaled Error

(MASE)

Mean Average Percentage

Error (MAPE)

Mean Percentage Error

(MPE)

Mean Absolute Error

(MAE)

Root Mean Square Error

(RMSE)

Mean Error
(ME)

River

0.79

0.52

0.02 0.13 2.91

0.02

Holt-Winters additive

model

Algar

0.38

0.32

1.78

0.19

0.01

0.02

Simple Exponential
Smoothing

—0.04
0.52

0.27
0.43

1.51

0.05
2.67

0.01
0.09

0.01
0.11

0

Non-Seasonal ARIMA
Holt-Winters additive

model

11.39

0.

Pal

igaad

0.21

0.31

0.06 —0.04

0.11

Simple Exponential

Smoothing

0.03

0.29

0.06 —0.81 7.07

0.09

0

Non-Seasonal ARIMA
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Table 3
Ljung-Box test results for both rivers.

River Model Box-Ljung Test Ljung-Box Test
p-value p-value
Algar Holt-Winters additive model 5.46E-10 1.15E-05
Simple Exponential Smoothing 0.2305 0.0108
Non-Seasonal ARIMA 0.9386 0.4162
Paligaad Holt-Winters additive model 0.00029 0.0363
Simple Exponential Smoothing 0.9291 0.2988
Non-Seasonal ARIMA 0.9996 0.9548

Paligaad rivers can be attributed to a combination of model perfor-
mance, temporal context, handling of extreme values, forecasting hori-
zon, hydrological and climatic factors, and runoff behavior. Further
research and assessment of these factors can help improve the accuracy
and reliability of discharge forecasts for perennial rivers.

5. Discussion

The objective of this research paper is to utilize the observed
discharge database of the Aglar and Paligaad watersheds in order to
further analyze and study water discharge in these areas. By utilizing
this database, the research aims to investigate various aspects related to
water discharge and provide a foundation for further research based on
historical data, advanced time series forecasting methods including
Holt-Winters’ additive method, Simple exponential smoothing, and
Non-seasonal ARIMA models will be applied. The performance of these
forecasting methods will be evaluated and compared using statistical
evaluators. The results obtained from different models will be compared
to identify any significant differences, and will be compared to findings
from published work in similar domains to provide context and validate
the research outcomes. Our statistical parameters can be compared with
the previously published river discharge literature to demonstrate how
well our results. Using LSTM Models, the river discharge forecast of the
Humber River has the 3.98 % lowest error rate for a 12-h prediction
[61]. For the Delaware River discharge forecast, the mean absolute
percentage error and RMSE were found as 0.92 % and 0.037, respec-
tively, using the same model [62]. However, 80 years of data have been
used [63] to perform only a week’s forecast, which is a much shorter
range compared to our forecasted result. Slightly higher MAPE values
have been reported for the same river using Convolutional Neural Net-
works (CNN) and Multilayer Perceptron (MLP), which are 2.17 % and
2.95 %, respectively [63]. For the short-term forecast of river discharge,
the MAPE of River Yazaram is 4.64 % and a correlation coefficient of
0.13 [22]. In a study for river discharge of the Kashmir region of the
Indian Himalayas-River Jhelum, the mean squared error (MSE) and
RMSE have been shown as 0.2% and 6.61 by the Levenberg-Marquardt
algorithm [64]. MAPE values reported in the forecast of the daily
discharge time series of the Bow River result in values as low as 5.92 and
6.07 by ARIMA and Group Method of Data Handling (GMDH) Models,
respectively [65]. In the results, the MAPE of the Algar River has the
lowest error parameter, which reaches down to 1.51 with the
non-seasonal ARIMA Model, and the RMSE is 0.01. This shows that the
results are as good as the latest approaches, such as CNN and MLP
models. In the preceding discussion, it is evident that indices are good
measures in understanding complex watershed behaviours and drawing
comparisons across contrasting landscapes. Indices such as these may
serve as a general thumb rule for watershed managers to assess the status
of target landscapes which in turn helps define watershed typologies and
attach management protocols to each typology.

Understanding the rainfall-discharge responses is crucial for water
resource management and flood control. Two watersheds, Paligaad and
Aglar, have contrasting responses to rainfall events. Paligaad exhibits a
flashy response, reacting rapidly to precipitation events with increased
water flow. This is due to factors like steep terrain, limited soil
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infiltration, and lack of vegetation. On the other hand, Aglar shows a
dampening response, responding smoothly and gradually to rainfall,
attributed to gentle slopes, enhanced soil infiltration, and abundant
vegetation. The flashy response of the Paligaad watershed indicates its
sensitivity to variations in rainfall. Even small changes in rainfall in-
tensity can lead to significant fluctuations in water flow, affecting water
availability, flooding, and erosion. In contrast, the Aglar watershed
dampening response makes it less sensitive to changes in rainfall. In
Paligaad, frequent and severe flood events may necessitate measures
like retention ponds, flood barriers, or artificial wetlands. In Aglar, the
dampening response helps maintain a consistent water flow, benefiting
water supply for various needs, agriculture, and ecosystem health.

The High Drainage Density of the Paligaad watershed (0.32) gener-
ally has shorter response times to rainfall events. Due to the well-
connected network of streams and channels, the water can quickly
drain from the catchment and contribute to the streamflow (fig. S4). As a
result, these watersheds exhibit a more rapid increase in discharge
following rainfall. Whereas the Agalr watershed having a low drainage
density (0.21) has longer response times to rainfall. The limited number
of streams and longer flow paths delay the movement of water through
the watershed, resulting in a more delayed response in streamflow after
rainfall events (fig. S4).

The different responses also influence land use decisions. Areas with
flashy responses (Paligaad) might be suitable for recreational purposes,
while those with dampening responses could be ideal for agriculture or
water supply. Tailored conservation efforts can involve reforestation in
Paligaad to reduce runoff and erosion and groundwater recharge ini-
tiatives in Aglar.

The differences in forecasting accuracy between the Aglar and Pal-
igaad rivers’ discharge can have significant impacts on the socio-
economic and environmental aspects of the communities and ecosys-
tems that rely on these rivers. Inaccurate forecasts can affect water-
dependent industries like agriculture and fisheries, leading to subopti-
mal water resource utilization and impacting crop yields and liveli-
hoods. Furthermore, fluctuations in river discharge can disrupt the
habitat of aquatic species and lead to inadequate water availability for
maintaining ecological balance, affecting biodiversity and overall
ecosystem health. These discrepancies also influence water management
decision-making, potentially leading to challenges in planning for floods
or water scarcity and impacting disaster preparedness [66]. Addition-
ally, poor predictions can impact the design and efficiency of
water-related infrastructure along the riverbanks, while exacerbating
social inequities and vulnerabilities within communities. To address
these implications, there is a need for continual improvement in
modeling approaches and the development of adaptive strategies, ulti-
mately contributing to more resilient and sustainable water resource
management [67].

The accuracy of the discharge forecast might be improved by
advanced machine learning techniques such as deep learning. Dynam-
ical predictions can be performed using real-time data, and flood risks
can be forecasted (Latt and Wittenberg 2014). These models provide free
open-source forecasts for both developed and developing countries.
More models can be improved. Watershed management policies can be
governed accordingly. Various models should be used to build more
accurate models to identify how the models behave, and precautions
should be taken using those models. Future studies could use a large set
of time series data to perform a better forecast, resulting in a better
understanding of drought periods. Flow monitoring and discharge
forecasts for unusual activities in river discharge and skilled personnel to
develop forecasting models are required in developed and developing
nations (Costa et al., 2023).

An increase in the discharge would significantly impact watershed
management strategies, water allocation, reservoir operations, and
drought mitigation, ([68] Kumar et al., 2023; Stakhiva and Stewart
2010). Agricultural products can be chosen based on when the water is
needed in the spring and fall months. Waters might be stored depending
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on the discharge changes and the forecast. Precautions can be taken for
erosion, flooding risk, climate change, and groundwater research.
Developing countries might use this model to improve low-cost strate-
gies, monitoring stations, and warning systems. The model can be used
to avoid flood risks and water supply shortages without any costly
gauges (Latt and Wittenberg 2014).

6. Conclusion

The current study, we have explored the use of baseline data for
discharge modeling as a potential tool for forecasting assessment, aimed
at providing 15-month forecasting consecutively that is accessible and
implementable by water managers seeking quick hydrological assess-
ments. For this study time series forecasting of Paligaad and Aglar river
discharges has been taken from 2014 to 2017. The residual components
of non-stationary river discharge data were extracted and examined.
Three widely used statistical forecasting models, which are HW additive,
SES, and non-seasonal ARIMA models were performed to anticipate 15
months ahead of river discharges. The model parameters were investi-
gated with statistical error parameters. The lowest MAPE was observed
with the Non-seasonal ARIMA model showing an exponential drop.
However, the HW model performs well in long-term forecasting repre-
senting rises and falls in the spring and fall months. Aglar station data
showed a higher forecast coefficient value than Paligaad station data.
This study shows statistical models can be used to forecast river
discharges.

Finally, it is worth noting that other methodologies may be proposed
to investigate total discharge behavior, and that the selection of the most
appropriate models is linked to a huge variety of criteria. Further studies
might benefit, for instance, from a meteorological parameters integra-
tion approach before proceeding to the methods here developed. For the
watershed management sector, particularly, this means applying the
time series methods for each influencing parameter of discharge would
be ranked as per the importance, forecasting the simulated series, and
then pooling together the results into one single output. Such sector-
specific studies not only would provide a more in-depth understanding
of the watershed system across different countries but could also
possibly further enhance the accuracy of water management policies.
The study of the application of the Shapley Additive Explanation (SHAP)
method to explore its wide potential such as minimizing the complexity
of the applied time series model using the metric of cumulative relative
variance (CRV) levels is also a logical extension of this work.

Thus, this result is crucial for effective water management, flood
control, and sustainable water resource use in both watersheds. Imple-
menting appropriate strategies based on their specific responses can
mitigate flood risks, ensure a stable water supply, and support ecological
well-being.

The study focuses on the potential benefits of accurate discharge
forecasts for watershed management practices, particularly in soil water
conservation and food production. These forecasts help optimize water
management in agriculture by anticipating water availability fluctua-
tions and aiding in irrigation planning. They also support effective soil
water conservation strategies and efficient allocation of water resources.
By integrating predictions into crop planning, stakeholders can ensure
sustainable agricultural productivity amidst climate variability. Ulti-
mately, these forecasting methodologies aim to secure food production
by adapting to changing environmental conditions and mitigating
drought risks. The study suggests that increasing discharge could
significantly impact watershed management strategies, water alloca-
tion, reservoir operations, and drought mitigation, offering valuable
insights for developing countries to improve low-cost strategies and
monitoring systems El-Shafie et al., 2007; Kumar et al., 2023; Stakhiva
and Stewart 2010). Accurate discharge forecasts facilitate optimized
water management in agriculture, enabling stakeholders to anticipate
fluctuations in water availability. This foresight supports timely
decision-making for strategic irrigation planning, promoting efficient
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water use in crop cultivation (Latt and Wittenberg 2014).

Overall, we wish to acknowledge that, the technical enhancements in
discharge forecasting in such data scare region with the robust meth-
odology not only bolster accuracy and reliability but also offer targeted
benefits for watershed management practices. These benefits encompass
optimized agricultural water management, enhanced soil water con-
servation, strategic allocation of water resources, integration of forecast
insights into crop planning, adaptation to climate variability, and, ulti-
mately, the securement of food production within the watershed.

This study opens a wider range of further scope of in-depth research
such as.

a) The accuracy of the discharge forecast might be improved by
advanced machine learning techniques such as deep learning.
Dynamical predictions can be performed using real-time data, and
flood risks can be forecasted (Latt and Wittenberg 2014). These
models provide free open-source forecasts for both developed and
developing countries. This will couple hydrological models with
climate models, integrating socio-economic variables for a compre-
hensive understanding of discharge dynamics. Develop probabilistic
models that account for uncertainty and risk, facilitating nuanced
decision-making in watershed management

Future studies could use a large set of time series data to perform a
better forecast, resulting in a better understanding of drought pe-
riods. Flow monitoring and discharge forecasts for unusual activities
in river discharge and skilled personnel to develop forecasting
models are required in developed and developing nations (Costa
et al., 2023). The models are open-source and free to use. It can be
used in both R and Python. Developing countries might use this
model to improve low-cost strategies, monitoring stations, and
warning systems. The model can be used to avoid flood risks and
water supply shortages without any costly gauges [69].

Explore high-resolution remote sensing to enhance spatial precision
in discharge validation, incorporating climate change impacts and
other anthropogenic changes in the region. The findings from this
study have implications for rainfall-runoff modeling in data-scarce
regions, particularly for perennial river systems with limited rain-
fall and runoff data [70]. However, it is important to consider the
unique characteristics of each river system, such as hydrological,
geographical, and climatic attributes [71].

The research findings from this study can be used to optimize water
resource management in developing countries with limited re-
sources. By adapting the methodology to specific hydrological and
climatic conditions, more accurate discharge forecasts can be made
for target watersheds. This allows for strategic allocation of water
resources, particularly for agricultural irrigation, and supports
water-dependent sectors. The research also contributes to strategic
planning in the face of climate variability and promotes resilient
water resource management strategies [72].

b

-

—

C

d

-

Overall, this study contributes to advancing knowledge of hydro-
logical processes and modeling in challenging data environments.

Limitations, Implications and Recommendation of the Study:
Defining the forecasting parameters to fit the data ideally takes much
work to overcome. In the HW model, seasonal and trend components
should be defined. The length of the seasonal cycle should be appro-
priately chosen. Similar challenges have been faced when applying the
non-seasonal ARIMA model. Non-stationary data is usually a challenge
to analyze. It needs to be modified to a stationary time series. Time-
series shift parameter in differencing term and several observations in
the Moving average should be identified. Model parameters p, d, and q
are determined to fit well for the forecast. Limited historical data and
more than a year of forecasting are other challenges in this forecasting.
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