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Abstract Streamflow rate changes due to dam-
ming are hydro-ecologically sensitive in present
and future times. Very less studies have done an
investigation of the damming effect on the stream-
flow along with future forecasting, which can be the
solution for the existing problems. Therefore, this
study aims to use the Pettitt test as well as stand-
ard normal homogeneity test (SNHT) to discover
trends in streamflow with the future situation in the
Punarbhaba River in Indo-Bangladesh from 1978 to
2017. Trend was spotted using Mann—Kendall test,
Spearman’s rank correlation approach, innovative
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trend analysis, and a linear regression model. The
current work additionally uses advanced machine
learning techniques like random forest (RF) to esti-
mate flow regimes using historical time series data.
1992 appears to be a yard mark in this continuum
of time series datasets, indicating a significant trans-
formation in the streamflow regime. The MK test as
well as Spearman’s rho was used to find a signifi-
cant negative trend for the average (—0.57), maxi-
mum (—0.62), and minimum (—0.48) flow regimes.
The consistency of the flow regime has been los-
ing consistency, and the variability of flow regime
has increased from 2.1 to 6.7% of the average water
level, 1.5 to 6.5% of the maximum streamflow, and
3.1 to 5.8% of the minimum streamflow in the post-
change point phase. The forecast trend using random
forest for streamflow up to 2030 are negative for all
four seasons with a flow volume likely to be reduced
by 0.67% to—5.23%. Annual and monthly stream-
flows revealed very negative tendencies, according
to the conclusions of unique trend analysis. Flow
declination of this magnitude impacts downstream
habitat and environment. According to future esti-
mates, the seasonal flow will decrease. Furthermore,
the outcome of this research will give a wealth of
data for river management and other places with
comparable environment.

Keywords Trend analysis - Change point detection -

Machine learning algorithm - Random forest - River
system
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Introduction

Climate change and anthropogenic activities are
major influential factors determining the state of
hydrological processes, and these circumstances
are observational facts from different parts of the
world (Huntington, 2006). One of the major causes
of declining water resource availability and shift-
ing worldwide geographical distribution is climate
change (Kundzewicz et al., 2008; Nassery et al.,
2021; Roy et al., 2020). Global warming is acting as a
medium in climate change and hastens the unpredict-
ability of the atmospheric variables (Arnell, 1999).
Climate change and anthropogenic activities, includ-
ing land use and land cover (LULC) changes, indus-
trialization, and infrastructure developments, have
altered hydrological processes. These are collectively
responsible for bringing noteworthy changes to water
resources globally (Qin et al., 2014). According to
Walling and Fang (2003), rivers accounting for 22%
of the world have experienced a noticeable amount
of declination of the annual streamflow in recent
decades, and this decrease is due to excessive water
use, diversion, and reservoir construction, resulting
in considerable environmental problems. Anthropo-
genic activities have caused streamflow alteration.
Consequently, it invites hydro-ecological stress and
complexity in LULC (Li et al., 2009; Nada et al.,
2021).

River water-lifting for urban uses (Rose & Peters,
2001), green water harvesting (Pal, 2016a, b), instal-
lation of dams and barrages over rivers, and diver-
sion of water through canals (Pal & Saha, 2018; Pal,
2016a; Talukdar & Pal, 2017), and massive with-
drawal of water through river lifting for irrigation
(Talukdar & Pal, 2018) are some prominent examples
of hydrological alteration. Therefore, several scholars
from different countries have explored the historical
time series of climatic parameters and hydrologic
parameters for the identification of change points and
trend detection to explore the effects of changing cli-
mate and urbanization as well as installation of engi-
neering infrastructures over rivers (Guo et al., 2020;
Talukdar & Pal, 2020; Tan & Gan, 2015). Many aca-
demics are looking into detecting streamflow trends,
which can help with understanding the reasons of past
changes and bring fresh insights into management of
water resources and water environmental conserva-
tion (Rougé et al., 2013; Zhang et al., 2015).
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In the last decades, scholars have researched the
detection of trends from time series climatic (rain-
fall, temperature, humidity) and hydrologic (stream-
flow) parameters using the linear regression model,
Mann-Kendall (MK) test, modified MK test, and
Spearman’s rho (Praveen et al., 2020; Ouatiki et al.,
2019; Dinpashoh et al., 2019; Birara et al., 2018;
Bisht et al.,, 2019). Furthermore, Topaloglu (2006)
assessed the trends in annual maximum, minimum,
and mean streamflow, as well as monthly mean
streamflow, in 26 Turkish basins using the MK test
and found a positive trend in basin numbers 14-16
and 22-25; the rest of the basin also show a down-
ward trend. Yenigiin et al. (2008) applied the MK
test and Spearman’s rho for trend detection in the
streamflow of the Euphrates River basin. Cigizoglu
et al. (2005) worked on Turkish rivers to detect low,
mean, and high streamflow trends using the paramet-
ric t-test and the MK test. They reported that a posi-
tive trend was detected at a few stations. The rest of
them were detected as a negative trend. Fathian et al.
(2016) used the MK test, Spearman’s rho, SMK test,
and TS method to identify the trend and magnitude in
the Urmia Lake basin, Iran.

Sen (2012) first proposed an innovative trend anal-
ysis (ITA) and used it to detect trends in the annual
streamflows and total precipitation of some stations in
Turkey. Sen (2014) used an innovative trend method
for a series of temperature data in the Marmara region
of Turkey and suggested that ITA did not have any
assumptions or restrictions. Therefore, it could apply
to any time series dataset. For instance, the datasets
could be serially correlated and non-normally dis-
tributed, or the datasets could have a short length.
So, it can be seen that ITA has an enormous advan-
tage over the other methods. As a result, research-
ers have increasingly used ITA to identify trends in
hydrological and climatological parameters (Mohorji
et al., 2017; Serinaldi et al., 2020; Wu & Qian, 2017).
Kisi and Ay (2014) applied the MK test and ITA to
detect the trend in the water quality parameters of
the Kizilirmak River, Turkey, and found the success-
ful application of the ITA method for trend detection.
Kisi (2015) observed negative and positive trends in
monthly pan evaporation data from six stations in
Turkey using the ITA method. Caloiero et al. (2016)
used the ITA method, MK test, linear regression
method, and Sen’s slope estimator to detect trends in
annual and seasonal rainfall and temperatures of the
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Yangtze River basin, China, and reported that those
climatic variables had increased significantly. The
scholars concluded that linear regression and MK
tests effectively detect many times, but ITA can.

Various ML algorithms like artificial neural net-
work (ANN), hybrid wavelet ANN, random forest
(RF), and other sophisticated time series and arti-
ficial intelligence-based techniques explaining the
streamflow have piqued the interest of academics,
particularly hydro-engineers (Mehdizadeh et al.,
2019; Mohammadi et al., 2020). These approaches
are not based on the data’s net time series change. But
these approaches are based on time series variability
and data trends, and as a result, they are more sensi-
tive and accurate in predicting future trends (Cheng
et al., 2020; Tyralis et al., 2021). Using an ANN and
SVM, Adnan et al. (2021) anticipated Indus River’s
streamflow with higher accuracy. Peng et al. (2017)
used ANN and wavelet transformation to estimate
future streamflow for the Yangtze River. Several
studies have used SVM (Adnan et al., 2017; Yaseen
et al., 2015; Yaseen et al., 2016) to estimate stream-
flow with improved accuracy in various river basins.
Forecasting with RF has been widely used in several
river basins (Pham et al., 2021; Ghorbani et al., 2020;
Saadi et al., 2019; Pham et al., 2019). RF application
for streamflow forecasting is a complex technology
that many researchers have successfully deployed
in many river basins for flow forecasting (Ali et al.,
2020; Ni et al., 2020; Pham et al., 2019). The previ-
ous research has showed the quantification of the
damming effect on the river using traditional tech-
niques. Also, the application of advanced ensemble
machine learning for future forecasting with quanti-
fication of damming has not been done so far. Hence,
in the present study, we quantified the damming effect
with advanced techniques like innovative trend analy-
sis and machine learning algorithm like random for-
est for forecasting. The identification of problems
with its future forecasting can be a resource for river
management.

The present study aimed to undertake a trend analy-
sis of river flow data and a change point analysis. This
investigation is being performed to determine whether
any flow modification produces a change in inflow. In
addition, the present study attempted to forecast the
streamflow using the random forest. The originality of
present study lies in the application of advanced trend
detection techniques like ITA and conventional trend

detection techniques for comparing the performance
of the trend detection techniques to find the most suit-
able technique in terms of robust results. Most of the
previous studies have directly applied trend detec-
tion techniques on the streamflow, but in our case, we
first applied trend detection techniques on the annual
and seasonal datasets, then identified the trend in the
annual and seasonal datasets, and applied the same
techniques on the pre- and post-change point seasonal
and annual datasets. As a result, the exact changes of
streamflow with quantification can be made, which is
very difficult for the dataset without change detection.
The present study has also made comparisons between
change-point wise analysis and without change-point
wise analysis. Another novelty is the application of
advanced ensemble machine learning algorithms like
a random forest for predicting the historical time series
streamflow data and forecasting the future streamflow
for annual and seasonal periods. The present study
will promote an understanding of water resource man-
agement, bearing in mind the research gap and data-
scarce situation in developing nations for streamflow
forecasting.

Study area

For the present study, Punarbhaba River basin has
been taken as the study area. The total length of the
Punarbhaba River is 160 km and its basin area is
about 5265.93 km? which lies on the Barind Tract of
India and Bangladesh. The basin has an elevation that
ranges from 89 m (in the source region) to 12 m (at
the confluence) (Fig. 1). A single-channel meander-
ing river in its upper course characterizes the river,
but it becomes a multi-channel river system within
the valleys in the lower course. In its upper part,
the Punarbhaba River has low-to-moderate sinuous-
ness, which specifies the area’s sloping surface, but
the Punarbhaba River’s sinuosity increases abruptly
within the valley flat. Several abandoned channels,
ox-bow lakes, channel scars, scrolls, and loops are
present in these valleys (Rashid et al., 2013; Talukdar
& Pal, 2018), and these might be created because of
neo-tectonic upliftment and consequent incision of
channels. The annual average rainfall in this basin
ranges from 258 to 509 mm, out of which 14.46%,
70.16%, and 12.24% rainfalls have been occurred in
pre-monsoon, during monsoon, and post-monsoon
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Fig. 1 Location of the Punarbhaba River basin with the location of dam and river gauge station

seasons, respectively. The rainfall trend shows that
there has been no significant difference in rainfall in
different seasons since 1978-2016, as shown by a
very low coefficient of determination (R*=0-0.046)
while calculating the least square regression.

Materials and methods
Materials

The Punarbhaba River basin’s daily water flow data
is gathered from relevant river monitoring sites
of Haripur Gauge station over Punarbhaba River,
Malda, from 1978 to 2015.

Change point detection We investigate the occur-
rence of abruptly changing points or change points
in time series climatic and hydrological data using
a variety of techniques (Meysam et al., 2012). The
Pettitt test of Pettitt (1979) as well as standard nor-
mal homogeneity test (SNHT) of Alexandersson and
Moberg (1997) was used to detect sudden changes in
the Punarbhaba River’s streamflow in this work.

Pettitt test The Pettitt test is a rank-based, disper-

sion test for identifying a substantial change in the
mean of a data series, and it is especially beneficial

@ Springer

when there is no need to construct a hypothesis about
where the change point is. It has been used widely
to detect changes in observed meteorological and
hydrological time series data (Gao et al., 2013). The
detailed explanation in the form equation can be
found in Talukdar and Pal (2016).

Standard normal homogeneity test The Alexanders-
son test, also known as the SNHT, is used to detect an
abrupt shift or the existence of a change point in climatic
and hydrologic time series datasets. Equation 1 is used
to determine the change point or change:

T, =maxT,,1 <mn

ey

where T, denotes the location of the change point in
the time series as it achieves the maximum value, and
T,, is derived using Eq. 2:

T,=mzi +(n—myz;,m=12,..,n )
where
1 <~ M;—M)
-1 -
= P 3

where M and s refer to the mean and standard devia-
tion of the sample data, respectively.
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Trend analysis
Mann—Kendall test

The MK test (Kendall, 1975; Mann, 1945) is a
non-parametric rank-based test that is widely used
to detect trends in time series hydro-climatic data
(Yue & Wang, 2002; Yue et al., 2002) because of its
strength for non-normally distributed data and low
sensitivity to sudden change. This test has been per-
formed on the R studio software.

The trend test results can determine whether a time
series of hydro-climatic variables exhibit a statistically
significant trend or a trend that could occur coinci-
dentally. However, in order to do so, one should first
evaluate the data series’ serial correlation (Jenkins
& Watts, 1968). Because a positive serial correlation
can raise the number of expected positive-false results
for the Mann—Kendall test, the presence of serial cor-
relation can make trend detection more difficult (Von
Storch & Navarra, 1999). Thus, before implementing
the Mann—Kendall trend test, serial correlation must
be eliminated. The trend-free pre-whitening (TFPW)
method of Yue et al. (2003) removes serial correlation.

The Theil-Sen estimator (Sen, 1968) was used for
the analysis of magnitude of the trend (Tabari & Tal-
aee, 2011; Tabari & Aghajanloo, 2013). Several pre-
vious studies have successfully used the Theil-Sen
estimator for computing the magnitude of the trend of
hydro-climatic variables (Schaefer & Domroes, 2009;
Tangang et al., 2006).

Spearman’s rank correlation coefficient (rho)

We used Spearman’s rank correlation technique, a
non-parametric method, for computing the trend
analysis in hydro-climatic datasets. This technique
is also comparable with the Mann—Kendall test. The
detailed of Spearman’s rank correlation technique can
be found in Talukdar and Pal (2016).

Innovative trend analysis

The ITA splits a data series into 2 sub-series of
equal size and arranges them in ascending order. In
a 2-dimensional Cartesian coordinate system, i.e.,
primary sub-series (xi) is placed on the horizontal
axis (x-axis), while another sub-series (yi) is placed
on the vertical axis (y-axis) (Fig. 2). The points in

the scatterplot are gathered on the 1:1 (45) line if
the sub-series are equal, indicating no trend. If the
points are above the 1:1 line, the time series is con-
sidered rising. If the points aggregate below the 1:1
line, it is assumed that the time series has a falling
trend (Sen, 2012). The vertical or horizontal distance
from the 1:1 line is the absolute value of the differ-
ence between a point’s y and x values. The difference
shows the magnitude of a growing or declining trend.
As a result, it may determine a trend, with average
differences showing a time series’ overall tendency
(Shahfahad et al., 2022). The average discrepancies
between two time series with different magnitudes
must be normalized before they can be compared.
Because the first sub-series is used to signify change,
the trend indicator is calculated by separating the nor-
mal difference by the typical of the first sub-series.
The indicator is multiplied by 10 to obtain the same
scale as the Mann—Kendall test and linear regression
analysis, allowing for direct comparison. The ITA
indication is then written:

=) —— 4)

i=1 X

n
1 10(y; — x;)
D=-
nz -

where:

D represents trend indicator, in which the positive
value indicates a rising trend while the negative value
reflects a falling trend;

n represents the number of annotations in each
sub-series; while.

x represents average of the first sub-series.

If the original data series contains odd annota-
tions, the first annotation is removed before splitting
to ensure that the most recent data is fully used.

Method for streamflow forecasting

Scholars, notably hydro-engineers, are interested in
ML algorithms such artificial neural network (ANN),
hybrid wavelet ANN, random forest (RF), and other
time series and Al-based methodologies to predict
and forecast streamflow (Mehdizadeh et al., 2019;
Mohammadi et al., 2020). Researchers have success-
fully applied RF for streamflow forecasting in numer-
ous river basins (Ali et al., 2020; Ni et al., 2020;
Pham et al., 2019). They have found that RF model
outperformed other models. This is why the RF
model has been selected for forecasting streamflow

@ Springer
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Fig. 2 Representation of annual water level, average, maximum and minimum monthly water level

in the present study. Random forest is customized
bagging supervised machine learning approach often
employed for classification and prediction (Prasad
et al., 2019), but it has lately been utilized for time
series forecasting (Srivastava et al., 2019). A random
forest is used to create an ensemble of decision trees,
with each tree being created from bootstrap training
samples (Breiman, 2001). The bootstrap classifier
seems to be quite similar to the decision tree hyper-
parameter. It is critical to growing the trees to their

@ Springer

maximum sizes and numbers for the forecasting model
to operate well (Breiman, 2001). The appropriate num-
bers of selected predictors are required at each node of
the trees. The number of observations at the tree’s ter-
minal nodes would be the smallest. The random forest
ensemble method operates in this way. To estimate the
discharge data for next years, the complete time series
records for the years 1978 to 2018 were employed in
the current research. It would have been impossible to
anticipate future circumstances if we had not utilized
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all of the pre- and post-dam years to forecast each year.
A time series is a collection of successive observations
performed over time. In order to anticipate future obser-
vations, time series forecasting successfully applies
models to past data first. For instance, the measurement
may be used as an input to forecast the next minute,
day, or month(s). Lag periods or lags refer to the actions
that are thought to move the data backward in time (or
a sequence). The input data is initially time series dis-
charge data; however, as part of the modelling process,
the data is automatically separated and converted to lag
in accordance with the requirements of the programme.
In order to anticipate future discharge, we employed 5
lags and 1 lag representing 5 years of data in the current
research. Since the outcomes for the 5 lags are good, we
set 5 lags by analysing 1-4 lags. The calculation param-
eters have a considerable impact on the performance
accuracy of various forecasting models. Then, we used
a trial-and-error technique to refine the input data and

in this known time when ground data is accessible, it is
expected that the anticipated outcome up to 2030 will
be accepted as well.

The correlation coefficient approach was also used
to assess the relationship between different models’
predicted data (2018-2030).

n
1 2
RMSE = \/; Z(P(predicted‘ﬂow)i - Q(observed.ﬂow)i)
i=1

(5)
MAE = Z?_l ’(P(predicted.ﬂow)i - Q(observed.ﬂow)i) (6)
n
1 |Observed.flow - predicted.flow|
MAPE = (- x 100
(n 2 |Observed.flow| )
(7N

The better the function of the models, the lower the
values.

”(Z P(predicted.ﬂow)i X Q(observed.ﬂow)i) - (Z P(predicted.ﬂow)i) X (Z Q(observed.ﬂow)i)

R =
\/[l’l P(zpredicted.ﬂow)i - (Z P(predicted.ﬂow)i)z] X|[n Z o

®)

(observed.flow)i (Z Q(observedﬂow)i)z]

parameters to get the optimal model for each method.
As a result, optimization is used to find the ideal param-
eters for generating the best forecasting model. The
optimized parameters for RF are the following: lag: 5,
Seed-5, number of iterations: 1000, learning algorithm:
random tree; the number of threads: 4, depth of tree:
100; bag size: 1003.

Validation of the model

Different error statistics, such as mean absolute percent-
age error (MAPE), root mean square error (RMSE),
and mean absolute error (MAE), have been produced to
measure the correctness of the model. This data helps
determine the parameters and structures during the
calibration phase. Equations 6, 7, and 8 were used to
determine the RMSE, MAE, and MAPE, respectively.
Between the observed and predicted flow data from
1978 to 2017, Pearson’s correlation coefficient (Eq. 9)
is calculated. If the association is statistically significant

Result
Description of streamflow

Box plots were used to assess the data distribution
of yearly, average monthly, maximum monthly, and
minimum monthly streamflow data from 1978 to
2017 (Fig. 2). It is observed that the yearly water
level has no outliers; however, the average monthly
water level has minimal outliers in all months
except March to June, indicating that the stream-
flow has been shifting. Similarly, minimal outliers
were identified in maximum and lowest streamflow
throughout the summer, winter, and post-monsoon
months. This condition shows that there are hydro-
logical changes taking place. Non-uniform or non-
normal data distribution can be applied to all time
series data. This anomaly is observed because of
river damming. As a result, the river’s periodicity
has been compromised.

@ Springer
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Change detection analysis

The year 1992 is computed as a change point in the
data series, according to the Pettitt test and the stand-
ard normal homogeneity test (1978-2016). Figure 3
shows that the average annual streamflow levels
before and after the transition point are 22 and 18 m,
correspondingly. Results show that 3.12 m of aver-
age water level has been decreased since the year of
change point. Trend analysis was done after detect-
ing a sudden change point, which has been found in

the year of 1992 in the 49 years’ time series datasets,
since the trend should be differentiated from pre- to
post-change point.

Analysis of trend detection
Annual streamflow trend analysis
The MK test and Spearman’s correlation test results

for the yearly flow data of the Punarbhaba River for
change point-based segmented two data series are

Table 1 Computation of the MK and rho tests’ values for analysing the trend in the average, maximum, and minimum streamflow

data
Time series data Streamflow MK test Spearman rank Indication
Kendall’s tau  correlation
Before change point (< 1992) Average water level —0.048 —0.157 Downward trend detected, but not
noteworthy
Maximum water level —0.143 —-0.264 Downward trend detected, but not
noteworthy
Minimum water level —0.143 -0.229 Downward trend detected, but not
noteworthy
After change point (1993-2016)  Average water level -0.573 —0.776 Significant downward trend detected
Maximum water level —0.621 —0.818 Significant downward trend detected
Minimum water level ——0.478 —0.676 Significant downward trend detected

Bold value denotes the significance at the level of 0.05
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shown in Table 1 (pre-change point: up to 1992; and
post-change point: 1993-2016). Even at a 90% sig-
nificance level, the MK test did not show any sig-
nificant change in average, maximum, or lowest flow
levels until 1992, although a negative trend is found
in all situations. The outcome of Spearman’s rho
test is nearly equal to that of the MK test. For all the

scenarios exhibiting a continuous flow regime up to
1992, the size of the trend’s slope and percentage
change are likewise minor.

However, in the post-change point data series,
the findings of such tests are negative and signifi-
cant. With a 95% significance level, the Z values
and rho values of average, maximum, and minimum
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Table 2 Computation of the value of MK and rho tests for monthly time series average streamflow datasets

Month MK test Rho Indication
Kendall’s tau Sen’s slope

Before change point January —0.306 -0.07 —0.38 Slightly downward trend detected
February —-0.229 —0.098 —-0.24 Slightly downward trend detected
March —0.249 —0.06 —0.26 Slightly downward trend detected
April —0.69 —0.17 —0.86 Strong downward trend detected
May —0.64 —0.17 —0.82 Strong downward trend detected
June 0.314 0.09 0.47 Upward trend
July 0.486 0.23 0.66 Strong upward trend detected
August 0.18 0.07 0.32 Upward trend detected
September 0.421 0.08 0.514 Moderate upward trend detected
October 0.33 0.09 0.486 Upward trend detected
November -0.28 -0.167 -0.325 Downward trend detected
December -0.01 —0.003 -0.021 No trend

After change point January -0.16 —-0.03 —0.305 Downward trend detected
February —0.18 -0.04 —0.264 Downward trend detected
March —0.61 -0.24 —0.78 Strong downward trend detected
April —0.63 -0.19 -0.83 Strong downward trend detected
May —0.676 -0.24 —0.86 Strong downward trend detected
June —0.005 —0.003 —0.088 No trend
July -0.314 -0.14 —0.482 Moderate downward trend detected
August -0.26 -0.11 —0.395 Downward trend detected
September -0.324 —0.12 —0.482 Moderate downward trend detected
October —0.444 -0.1 —-0.607 Moderate downward trend detected
November -0.272 -0.07 —0.452 Moderate downward trend detected
December -0.39 -0.17 -0.5 Moderate downward trend detected

streamflow data are—0.5731 and-0.776,—0.6206
and—0.8182, and—0.4783 and—0.6759, respectively
(Table 1). The average (—13.46), maximum (—14.38),
and minimum (—9.91) streamflow percentage changes
also show that the streamflow has been falling follow-
ing the transition point.

Figure 4 shows the trend analysis for annual aver-
age (D:—0.645), maximum (D:—0.6), and minimum
(D:—0.615) streamflow. It shows that the streamflow
observed highly negative trend.

Monthly streamflow trend analysis

The results of the MK test and rho test of two monthly
average streamflow data series are shown in Table 2.
Results of the pre-dam stage indicate that a signifi-
cant negative trend was observed for April and May,
with Z and rho values 0of—0.69 and—0.86, and—0.64

@ Springer

and—0.82, respectively, at the 95% level of signifi-
cance. At the 95% significance level, significant posi-
tive trends were seen in July and September, with Z
values of 0.486 and 0.421, respectively. At a p-value
of less than 0.05, all the previous months’ trends
were negligible. The slope and percentage change
have notable magnitudes only in April and May. As a
result, we may describe the flow regime before 1992
as natural.

Table 2 reveals that a significant trend is identified
for all months except June, with a p-value of 0.05 for
the post-change point data series (1993 to 2017). All
months observed a significant slope of flow change
and relative change (—21.47 and—0.17). As a result,
the streamflow has decreased since 1993.

The dataset’s average monthly data were regressed
against the temporal scale to highlight the discovered
trend further, and the regression results are shown
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Fig. 5 Trend of average flow level and fitted trend line for different months

in Fig. 5 with a streamflow time series, a fitted lin-
ear model (represented by the blue line), and a model
equation. Results showed that only January month
had no significant trend, while all other months have
observed a significant negative trend of historical
monthly streamflow (Fig. 5). The ITA for the aver-
age monthly water level is presented in Fig. 6. The D
value of the ITA for all the months varies from—0.281
(January) to—0.94 (May) signifying a negative trend
(Table 3).

Trend analysis for monthly maximum and minimum
streamflow

The findings of the MK test and rho test for the two
data series of monthly maximum and minimum
streamflow are shown in Table 4. Except for May,

the other months showed an insignificant trend at the
maximum flow level at the pre-change point. May
has a significant negative trend, with Z and rho val-
ues of—0.43 and—0.55, respectively. We detect this
significant negative trend in April when the trend
is analysed using minimum water level data before
1992 (Table 5). The maximum water level change is
negative and significant except for January, February,
June, and November (Table 3). With minimum water
levels, March, April, May, October, and December
showed negative and significant trends (Table 5). Fig-
ures 7 and 8 show the maximum and minimum water
level trends in other months.

The results showed the historical monthly stream-
flow had significant negative trend for all the months
except November which does not show any sig-
nificant trend (Table 3). Figure 9 shows that ITA for
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Fig. 6 Innovative trend analysis for average monthly water level; first half of the series (1978-1997), second half of the series

(1998-2016)

maximum monthly water level, with a D value rang-
ing from—0.3 (November) to—0.792 (May).

Results show that all months have observed a sig-
nificant negative trend of historical monthly stream-
flow (Table 3). The ITA for minimum monthly water
level is presented in Fig. 10 which shows a negative
trend with a D value ranging from—0.341 (January) to
0.946 (May).

@ Springer

Seasonal trend of average, maximum and minimum
streamflow regime

Table 6 portrays the findings of the MK test and
Spearman’s correlation test of the seasonal average,
maximum, and minimum flow data of Punarbhaba
River for change point based on segmented two data
series (pre-change point: up to 1992; and post-change
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Table 3 Computation
of trend values using
innovative trend analysis
for monthly time series
average, maximum, and
minimum streamflow

datasets

Monthly water level D value of ITA Indication
Annual ~ Maximum — Minimum

January —-0.281 —0.437 —0.341 Downward trend detected

February —-0.596  -0.551 —0.596 Significant downward trend detected
March —0.92 —0.81 -0.92 Significant downward trend detected
April —0.808 -0.781 —0.808 Significant downward trend detected
May —-0.946  -0.792 —0.946 Significant downward trend detected
June —-0.654  -0.687 —0.655 Significant downward trend detected
July —0.64 —0.587 —0.640 Significant downward trend detected
August -0.706  -0.597 —0.706 Significant downward trend detected
September -0.57 -0.514 -0.570 Significant downward trend detected
October -0.507 -0.458 -0.507 Significant downward trend detected
November -0376 —-0.314 -0.376 Downward trend detected
December -0.747  -0.695 —0.747 Significant downward trend detected

Table 4 Computation of the trend values using MK and rho tests for monthly time series maximum streamflow datasets

Months MK Rho Indication
Kendall’s tau Sen’s slope
estimator
Before change January 0.11 0.016 0.21 No trend

point (1978-  Eepruary -0.11 -0.017 -0.18 No trend

1992) March -0.08 —0.015 —0.165 No trend
April —0.18 —0.033 —0.19 No trend
May -0.43 —0.10 —-0.55 Moderate downward trend detected
June 0.29 0.094 0.383 Upward trend detected
July 0.022 0.014 -0.11 No trend
August 0.155 0.043 0.235 No trend
September 0.354 0.15 0.41 Upward trend detected
October 0.165 0.039 0.222 Upward trend detected
November —0.165 —0.087 -0.2 Downward trend detected
December 0.033 0.005 0.011 No trend

After change January 0.124 0.024 0.104 No trend

point (1993-  Fepruary -0.03 —0.004 —0.074 No trend

2016) March —0.683 -0.212 —0.85 Strong downward trend detected
April —0.57 —0.146 —0.751 Strong downward trend detected
May —0.39 —0.136 —0.538 Strong downward trend detected
June 0.01 0.004 0 No trend
July —0.45 —0.19 —0.6 Moderate downward trend detected
August —0.36 —0.17 —0.502 Moderate downward trend detected
September —0.501 —0.19 —0.63 Moderate downward trend detected
October —0.425 -0.15 —0.57 Moderate downward trend detected
November -0.2 —0.06 -0.3 Downward trend detected
December —0.381 -0.15 —0.54 Moderate downward trend detected
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Table 5 Computation of the trend values using MK and rho tests for monthly time series minimum streamflow datasets

Months MK test Spearman rank Indication
correlation Test
Kendall’s tau Sen’s slope
estimator
Before change  January 0.27 0.06 0.355 Upward trend detected

point (1978- Fepruary -0.18 —-0.05 -0.24 Downward trend detected

1992) March -0.297 —-0.05 —0.442 Moderate downward trend detected
April —0.464 —0.086 —0.56 Moderate downward trend detected
May —0.253 —0.053 —-0.411 Moderate downward trend detected
June 0.14 0.018 0.26 Upward trend detected
July 0.177 0.035 0.224 Upward trend detected
August —0.044 —0.003 —0.070 No trend
September —0.167 —0.046 —0.297 Upward trend detected
October 0.022 0.002 0.013 No trend
November -0.077 —0.08 —0.046 No trend
December 0.055 0.01 0.156 Upward trend detected

After change January —0.18 —0.046 —0.153 Downward trend detected

point (1993- February —0.16 -0.04 —0.184 Downward trend detected

2016) March —0.686 —0.241 —0.855 Strong downward trend detected
April —0.597 —0.166 —0.775 Strong downward trend detected
May —0.654 —-0.231 —0.85 Strong downward trend detected
June 0.095 0.026 0.097 No trend
July -0.21 —0.044 -0.292 Downward trend detected
August —0.095 —0.035 —0.147 Downward trend detected
September —0.267 —0.073 —0.423 Moderate downward trend detected
October —0.350 —0.056 —0.467 Moderate downward trend detected
November —0.301 —0.076 —0.431 Moderate downward trend detected
December —0.381 —0.143 -0.491 Moderate downward trend detected

point 1993-2016). The MK test does not show any
momentous change in seasonal average, maximum,
or minimum flow levels even at the 90% level of
significance up to 1992, except pre-monsoon, but
we perceive a negative trend in all cases. The find-
ing of Spearman’s rho is more or less indistinguish-
able from the MK test. The magnitude of the trend
slope and percentage change is also insignificant
except for pre-monsoon for all the cases exhibiting a
steady flow regime up to 1992. However, the results
are negative and significant with post-change point
time series data. The Z values and rho values of aver-
age and minimum pre- and post-monsoon streamflow
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data are —0.75 and —0.411, and —0.81 and —0.33,
respectively, with a 95% significance level (Table 6).
The streamflow data for the pre-monsoon, monsoon,
and post-monsoon seasons all show statistically sig-
nificant negative trends at the 95% significance level.
The percentage change and Sen’s slope estimator
produce identical results, implying that the seasonal
streamflow has decreased since the change point.
Figure 11 displays seasonal, maximum, and mini-
mum water level trends.

The results of ITA for seasonal average, mini-
mum, and maximum are presented in Fig. 12. Results
showed that all seasons for annual, maximum, and
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Fig. 7 Trend of maximum flow level and fitted trend line for different months

minimum streamflow have observed a significant
negative trend of historical monthly streamflow.

Streamflow forecasting

The RF model was used to simulate and forecast
streamflow, and all the models projected flow based
on their intrinsic mathematical basis. However,
except for some days, the simulated trend in the post-
hydrological period (PHA) and forecast trend up to
2030 are negative in all four seasons. For the win-
ter, summer, monsoon, and post-monsoon seasons
in 2030, the mean estimated flow using random for-
est is 19.26, 16.86, 19.53, and 18.39 m, respectively
(Fig. 13a—d). In various seasons, the flow volume is
likely to be reduced by 0.67% to—5.23%. There is an
extensive range of probable flow oscillations during

winter with no discernible trend. All models suggest
that the flow is severely decreased in all seasons in
the post-dam period (up to 2017). The expected flow
would reduce further in the days ahead.

Pearson’s correlation coefficient approach was
used to determine the relationship between the mod-
els. The calculated relationships are positive to var-
ying degrees, with a very high positive (r=0.91)
relationship discovered between the result of the RF
model for summer, which is significant at the 99%
confidence level (Fig. 14). The correlation coefficient
between the observed and simulated flow data has
been obtained for several models individually from
1978 to 2017 for the authentication of flow simulation
and prediction models and computing RMSE, MAE,
and MAPE (Table 7). In all seasons, RF can predict
streamflow up to 2030.
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Fig. 8 Trend of minimum flow level and fitted trend line for different months
Discussion and Degefu and Bewket (2017) in their respective

The previous study shows that 1992 appeared as
a change year, and the entire time series data is
divided into two parts based on the change year.
The trend analysis suggests a significant nega-
tive trend in the post-change point year (1992) in
annual, monthly, and seasonal streamflow levels.
The percentage change in the flow also supports the
findings of the trend analysis. The identical findings
were observed in the studies of Yue et al. (2003),
Zheng et al. (2007), Xu et al. (2010), Rougé et al.
(2013), Zou and Zhang (2012), Zhang et al. (2015),
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fields. Even before 1992, some of the pre-monsoon
months before the change point showed a nega-
tive trend, owing primarily to water harvesting
via temporary damming and lifting of water from
the river. We analysed rainfall data from the same
period to determine the cause of the abrupt flow
change as rainfall feeds the river. Gao et al. (2013)
rightly stated that climate change or anthropogenic
control might invite such a change. The trends of
rainfall for both pre- and post-change years do not
show any significant change (pre-change point:
y=—0.024x+21.74, R*=—-0.056; and post-change
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point: y=0.256x+ 84.22, R2=0.053). So, rainfall is
p %ﬁ (ST I | B .
o - 8322 FE the triggering factor for abrupt flow level changes.
(= e .
& ST TTITTS Talukdar and Pal (2017) accounted for that in 1992.
The construction of Kamardanga dam on the Dhepa
5 g P
‘g River, a major tributary of the river Punarbhaba,
g and water diversion through the canal system are the
;); major reasons behind the reduction of water level
2 Sed s 3 = a3 in the post-1992 period. Pal (2016a, b) studied the
2 § =2z 2 2g28¢s impact of the Massanjore dam on the Mayurakshi
%f " “ rr River and found that the dam was the main reason
S| & 3 for the declining flow in the downstream segment of
S| = 3 g g
RS g - - - © o the river. Pal (2016a) and Pal and Saha (2018) con-
EIE|S|S |EE==z 2384 demned the dam as a vector for the attenuation of
[ Q : N . N 3 3 . .
slE %8 e e the flow of the Atreyee River. According to Zhan
= T 7 7 1T 1 77 y g g
E et al. (2015), irrigation projects in the upstream
g S48 282w part are frequently responsible for a decline in flow
g o — e ¥ 8 o &xinh O . . . D
_§ s TSI TS volume in the downstream part. Nine river lift irri-
g gation projects in the Indian part also withdraw
£ 3 water (40—400 m>/h). It is also treated as the reason
S . . .
g £ behind the dwindling flow volume. Pal and Saha
g § (2018) reported that water-lifting for irrigation from
) g - 8' the Atreyee River leads to reducing the mainstream
< > — — — [ . . . . . .
g “ gcSund 8239 flow. Agricultural intensification will increase over
g - TR g
P S TS99 time, causing the use of more water. As a result, it is
5|2 - anticipated that the volume of water will be reduced
v : .
2 2 further in the near future. Wada et al. (2010) stated
E|E 5
= w | = o : .
= E|3 3 8 S a9 that lowering groundwater leYels can negatively
§ é x| S S 2 - PRI affect natural streamflow. Rashid et al. (2013) say
§ = Ix Plhe 1T 11 that, because of the scarcity of surface water, farm-
;i: 3 e onge ers withdraw groundwater, and, noticeably, this rate
2 S =2 § S 24223 has been amplified (250 times) in the last 30 years.
é = Pre o The water table has progressively declined (aver-
Y .
< N age rate of 0.10 m/year). According to Rahman
= NS . .
‘M" = g Lo S 20 F § and Mahbub (2012), the expansion of irrigation in
“ - s :
= s flgzesz2 29223 Bangladesh’s Barind Tract has depleted ground-
Q “© . =
< I L water. Das and Pal (2017) also say that the Bar-
o0 [9) y
gz ] o ind Tract has experienced a declining trend in the
Z|8 2 g .
2= = = roundwater table. As a result, these studies sug-
R = S o © < © = < g g
Sls|8]3 S =2 Swgg|T gest that groundwater levels may cause decreased
> [ X N ~ 4 4 N . [5) .
3 |& S| T T2 ITITITTI streamflow. Groundwater lowering may convert the
Q . . . . .
k= g effluent river into an influent, specifically in the pre-
Q
2 g § g § g monsoon months, and it may aggravate the problem
=} 17} o 7] g
s Z £ § 2 g 5|2 of curtailing surface flow.
g § = O 8 e = Q 8 e g
A Eezf BeEzE|8 Talukdar and Pal (2017) established that alteration
sl R s 2 &8 S 2 . .
R EE£SL 54828 é of streamflow is a crucial factor for the ecosystem of
§ o z the river and the riparian wetlands, and the floodplain.
Q . .
o | 8 | = According to Talukdar and Pal (2018), flow reductions
b v P28 T2 | S . £ o :
% 8 f_:% g 5 Q5 g % = e in the stream can create an eco-deficit situation, which
= goETT T R is dangerous for the environmental state of the river and
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Fig. 11 Seasonal average, maximum, and minimum water level change

the riparian environment. Flood frequency and the limit
of lateral flood spilling may be reduced because of such
flow attenuation, which may also cause gradual steril-
ity of the soil and the aggravation of soil pollutants. So,
this incident was detrimental both economically and
ecologically. Here, it is critical to estimate environmen-
tal flow and ensure that it continues in a river.

The methods used in this study, such as RF, are
advanced and effective for exploring the future
trend of flow change from historical time series data
(1978-2017) instead of the commonly used regres-
sion analysis. The regression techniques never capture

2
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investigation.
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the other flow change properties other than showing
net change (Adnan et al., 2021; Shafaei & Kisi, 2016),
which employs wavelet transformation and RF models
for flow analysis and forecasting. As described in the
“Result” section, this model appears to be an excel-
lent simulating and predicting model in the current

Flow changes over ecological thresholds cause
habitat and ecosystem vulnerabilities including stress
and hydrological poverty (Poff & Zimmerman, 2010;
Saha & Pal, 2019; Pal & Talukdar, 2018). Eco-
deficit in all months, as illustrated in Figs. 8, 9, 10,
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Fig. 12 Innovative trend analysis for seasonal average, maximum, and minimum water level; first half of the series (1978-1997),
second half of the series (1998-2016)

11, and 12, shows the escalating hydro-ecological
impoverishment. Reduced flow from dam diversion
and other water extraction is a major source of the
developing eco-deficit. Wang et al. (2017) observed a
decline in Yangtze River flow, while Li et al. (2017)
reported a decline in Mekong River flow. But they

did not anticipate flow and compare it to biological
flow needs. Sima et al. (2021) found that flow loss
has also degraded the riparian flood plain wetland.
Reducing wetland habitat, reducing wetland water
depth, extending water availability, and increasing
uncertainty in wetland hydrological dynamics are
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direct results of the river’s rising eco-deficit (Yang in 1975) on the river Ganga destroyed the breed-
et al.,, 2017; Talukdar & Pal, 2018; Ziaul & Pal, ing and hunting grounds of 109 fish, amphibians,
2017). This research does not evaluate direct influ- and other aquatic species, according to Gain and
ence on ecological species; however, earlier work Giupponi (2014). Hossain and Haque (2005) found
has addressed species simplification and extinction. that 50 species became uncommon in Bangladesh
Diversion of water by Farakka Barrage (installed post-Farakka.
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Table 7 Validation of RF model in terms of different error measures

Post-monsoon season

Summer season Monsoon season

Winter season

Model

MAE

MAPE

MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE

RMSE

0.632

0.548

0.468 0.569 0.285 0.326 0.386 0.45 0.54 0.63 0.457

0.366

Conclusion

The present paper argues that abrupt change points in
the yearly streamflow occurred in 1992 in the Punarb-
haba River, since then, the average, maximum, and
minimum streamflow on an annual, monthly, and sea-
sonal scale have decreased. The MK test and Spear-
man’s rho tests reveal a significant change trend in
this respect. We have identified the primary reasons
for the flow change after 1992 as dam construction,
lifting water through river lift irrigation projects, and
lowering groundwater support. Therefore, the flow
before 1992 could be treated as a natural flow regime,
and the post-1992 period could be treated as an arti-
ficially controlled flow regime. Rainfall does not play
any significant role in the abrupt flow changes, which
causes moderate to severe damages of the habitat of
the species of the river and disturbs the river ecology.
This type of flow alteration benefits a specific com-
munity living upstream of the dam and throws bur-
dens on the people living downstream. The release of
environmental flows is critical for the survival of river
and riparian ecosystems and the health of habitats.
The river’s hydro-ecological condition will deterio-
rate much more in the forecast period since the flow
level will drop dramatically. This is a critical moment
to consider and develop sensible measures for limit-
ing such changes. Estimating ecological flow might
aid policymakers in determining the actual quantity
of water to be released from the dam to ensure the
ecosystem’s existence. The predicted flow has already
said that environmental requirements would be vio-
lated if this trend continues in the near future. This
study is critical in reassessing current flow manage-
ment tactics and determining the optimum choice for
maintaining flow. A significant decrease in flow may
obstruct water supply to agricultural areas, forcing
people to migrate from river-based irrigation to more
expensive underground water-based irrigation. Many
species consider the current flow state unsuitable for
them, and they may move or perish. A river is more
than just a reservoir for irrigation; it is an essential
environmental component with several socioeco-
nomic and hydro-ecological advantages. Given this,
releasing an ecologically sustainable flow is critical
for the river’s survival and the health and vitality of
riparian habitats and ecosystems.

In spite of several applicability of the present
research, some drawbacks are persisted in the present
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study, such as lacks of daily streamflow data, which
only can give the actual situation of the river. In addi-
tion, we used trial and error process for optimizing
the RF. Also, recently, many advanced deep learning
techniques like long short-term memory (LSTM) and
recurrent neural network (RNN) have been evolved,
which can provide accurate prediction. To overcome
this issue, daily water-level data needs to be simulated
using advanced techniques. Grid search optimization
can be applied to optimize the RF algorithm. Finally,
the deep learning should be used in the future research.

Acknowledgements The first author is thankful to the Dr.
D.S. Kothari Post-doctoral Fellowship Cell of University Grant
Commission (UGC), India, for providing fellowship during this
research. The authors are also thankful to the Jamia Millia Isla-
mia, New Delhi, as well as University of Gour Banga, Malda,
for providing laboratory facilities to carry out this research.

Author contribution ST: conceptualization, data collection,
methodology, and writing of original draft. SP: conceptualiza-
tion, validation, and supervision. Shahfahad: data analysis, data
curation, and revision. MWN: software and data curation. AP:
software, methodology, and plotting. AR: reviewing, supervi-
sion, and editing.

Data availability The datasets generated during and/or ana-
lysed during the current study are available from the corre-
sponding author on reasonable request.

Declarations

Conflict of interest The authors declare no competing interests.

References

Adnan, R. M., Mostafa, R. R., Elbeltagi, A., Yaseen, Z. M.,
Shahid, S., & Kisi, O. (2021). Development of new
machine learning model for streamflow prediction: Case
studies in Pakistan. Stochastic Environmental Research
and Risk Assessment, 1-35.

Adnan, R. M., Yuan, X., Kisi, O., & Yuan, Y. (2017).
Streamflow forecasting using artificial neural network
and support vector machine models. American Scientific
Research Journal for Engineering, Technology, and Sci-
ences (ASRJETS), 29(1), 286-294.

Alexandersson, H., & Moberg, A. (1997). Homogenization of
Swedish temperature data. Part I: Homogeneity test for lin-
ear trends. International Journal of Climatology: A Jour-
nal of the Royal Meteorological Society, 17(1), 25-34.

Ali, M., Prasad, R., Xiang, Y., & Yaseen, Z. M. (2020). Com-
plete ensemble empirical mode decomposition hybrid-
ized with random forest and kernel ridge regression
model for monthly rainfall forecasts. Journal of Hydrol-
ogy, 584, 124647.

@ Springer

Arnell, N. W. (1999). The effect of climate change on hydrologi-
cal regimes, in Europe: A continental perspective. Global
Environmental Change, 9, 5-23.

Birara, H., Pandey, R. P., & Mishra, S. K. (2018). Trend and
variability analysis of rainfall and temperature in the
Tana basin region, Ethiopia. Journal of Water and Cli-
mate Change, 9(3), 555-569.

Bisht, D. S., Sridhar, V., Mishra, A., Chatterjee, C., &
Raghuwanshi, N. S. (2019). Drought characterization
over India under projected climate scenario. Interna-
tional Journal of Climatology, 39(4), 1889-1911.

Breiman, L. (2001). Random Forests. Machine Learning,
45(1), 5-32.

Caloiero, T., Callegari, G., Cantasano, N., Coletta, V., Pellicone,
G., & Veltri, A. (2016). Bioclimatic analysis in a region
of southern Italy (Calabria). Plant Biosystems, 150,
1282-1295.

Cheng, M., Fang, F., Kinouchi, T., Navon, I. M., & Pain, C. C.
(2020). Long lead-time daily and monthly streamflow fore-
casting using machine learning methods. Journal of Hydrol-
0gy, 590, 125376.

Cigizoglu, H. K., Bayazit, M., & Onoz, B. (2005). Trends in
the maximum, mean, and low flows of Turkish rivers.
Journal of Hydrometeorology, 6(3), 280-290.

Das, R. T., & Pal, S. (2017). Investigation of the principal
vectors of wetland loss in Barind tract of West Bengal.
GeoJournal, 82, 1-16.

Degefu, M. A., & Bewket, W. (2017). Variability, trends, and
teleconnections 652 of stream flows with large-scale cli-
mate signals in the Omo-Ghibe River Basin. Ethiopia.
Environmental Monitoring and Assessment, 189(4), 142.

Dinpashoh, Y., Jahanbakhsh-Asl, S., Rasouli, A. A., Foroughi,
M., & Singh, V. P. (2019). Impact of climate change on
potential evapotranspiration (case study: West and NW
of Iran). Theoretical and Applied Climatology, 136(1),
185-201.

Fathian, F., Dehghan, Z., & Eslamian, S. (2016). Evaluating the
impact of changes in land cover and climate variability on
streamflow trends (case study: Eastern subbasins of Lake
Urmia, Iran). International Journal of Hydrology Science
and Technology, 6(1), 1-26.

Gao, P., Geissen, V., Ritsema, C. J., Mu, X. M., & Wang,
F. (2013). Impact of climate change and anthropogenic
activities on stream flow and sediment discharge in the
Wei River basin, China. Hydrology and Earth System
Sciences, 17(3), 961-972.

Gain, A. K., & Giupponi, C. (2014). Impact of the Farakka Dam
on thresholds of the hydrologic flow regime in the Lower
Ganges River Basin (Bangladesh). Water, 6(8), 2501-2518.

Ghorbani, M. A., Deo, R. C., Kim, S., Hasanpour Kashani, M.,
Karimi, V., & Izadkhah, M. (2020). Development and eval-
uation of the cascade correlation neural network and the
random forest models for river stage and river flow predic-
tion in Australia. Soft Computing, 24(16), 12079-12090.

Guo, C., Jin, Z., Guo, L., Lu, J., Ren, S., & Zhou, Y. (2020).
On the cumulative dam impact in the upper Changjiang
River: Streamflow and sediment load changes. CATENA,
184, 104250.

Hossain, M. A., & Haque, M. A. (2005). Fish species composi-
tion in the river Padma near Rajshahi. Journal of Life and
Earth Science, 1(1), 35-42.



Environ Monit Assess (2023) 195:153

Page 25 of 27 153

Huntington, T. G. (2006). Evidence for intensification of the
global water cycle: Review and synthesis. Journal of
Hydrology, 319(1), 83-95.

Jenkins, G. M., & Watts, D. G. (1968). Spectral analysis and
its applications. Holden-Day.

Kendall, M. G. (Ed.). (1975). Rank correlation methods (2nd
ed.). C. Griffin.

Kisi, O. (2015). An innovative method for trend analysis of
monthly pan evaporations. Journal of Hydrology, 527,
1123-1129.

Kisi, O., & Ay, M. (2014). Comparison of Mann-Kendall and
innovative trend method for water quality parameters of
the Kizilirmak River, Turkey. Journal of Hydrology, 513,
362-375.

Kundzewicz, Z. W., Mata, L. J., Arnell, N. W., D6ll, P., Jimenez,
B., Miller, K., Oki, T., Sen, Z., & Shiklomanov, 1. (2008).
The implications of projected climate change for freshwater
resources and their management. Hydrological Sciences-
Journal Des Sciences Hydrologiques, 53, 3—10.

Li, X., Liu, J. P., Saito, Y., & Nguyen, V. L. (2017). Recent
evolution of the Mekong Delta and the impacts of dams.
Earth-Science Reviews, 175, 1-17.

Li, Z., Liu, W. Z., Zhang, X. C., & Zheng, F. L. (2009). Impacts
of land use change and climate variability on hydrology in
an agricultural catchment on the Loess Plateau of China.
Journal of Hydrology, 337, 35-42.

Mann, H. (1945). Non-parametric tests against trend. Econo-
metrica, 13, 245-259.

Mehdizadeh, S., Fathian, F., Safari, M. J. S., & Adamowski,
J. F. (2019). Comparative assessment of time series and
artificial intelligence models to estimate monthly stream-
flow: A local and external data analysis approach. Journal
of Hydrology, 579, 124225.

Meysam, S., Ali-Mohammad, A. A., Arash, A., & Alireza, D.
(2012). Trend and change-point detection for the annual
stream-flow series of the Karun River at the Ahvaz hydro-
metric station. African Journal of Agricultural Research,
7(32), 4540-4552.

Mohammadi, B., Ahmadi, F., Mehdizadeh, S., Guan, Y., Pham,
Q. B, Linh, N. T. T., & Tri, D. Q. (2020). Developing
novel robust models to improve the accuracy of daily
streamflow modeling. Water Resources Management,
34(10), 3387-3409.

Mohorji, A. M., Sen, Z., & Almazroui, M. (2017). Trend analy-
ses revision and global monthly temperature innovative
multi-duration analysis. Earth Systems and Environment,
1(1), 1-13.

Nada, A., Zeidan, B., Hassan, A. A., & Elshemy, M. (2021).
Water quality modeling and management for Rosetta
Branch, the Nile River. Egypt. Environmental Monitoring
and Assessment, 193(9), 1-17.

Nassery, H. R., Zeydalinejad, N., Alijani, F., & Shakiba, A.
(2021). A proposed modelling towards the potential
impacts of climate change on a semi-arid, small-scaled
aquifer: A case study of Iran. Environmental Monitoring
and Assessment, 193(4), 1-32.

Ni, L., Wang, D., Wu, J., Wang, Y., Tao, Y., Zhang, J., & Liu,
J. (2020). Streamflow forecasting using extreme gradient
boosting model coupled with Gaussian mixture model.
Journal of Hydrology, 586, 124901.

Ouatiki, H., Boudhar, A., Ouhinou, A., Arioua, A., Hssaisoune,
M., Bouamri, H., & Benabdelouahab, T. (2019). Trend
analysis of rainfall and drought over the Oum Er-Rbia
River Basin in Morocco during 1970-2010. Arabian Jour-
nal of Geosciences, 12(4), 128.

Pal, S. (2016a). Impact of Massanjore dam on hydro-geomorpho-
logical modification of Mayurakshi river, Eastern India. Envi-
ronment, Development and Sustainability, 18(3), 921-944.

Pal, S. (2016b). Impact of water diversion on hydrological
regime of the Atreyee river of Indo-Bangladesh. Inter-
national Journal of River Basin Management, 14(4),
459-475.

Pal, S., & Talukdar, S. (2018). Application of frequency ratio
and logistic regression models for assessing physical
wetland vulnerability in Punarbhaba river basin of Indo-
Bangladesh. Human and Ecological Risk Assessment: An
International Journal, 24(5), 1291-1311.

Pal, S., & Saha, T. K. (2018). Identifying dam-induced wetland
changes using an inundation frequency approach: The
case of the Atreyee River basin of Indo-Bangladesh. Eco-
hydrology & Hydrobiology, 18, 66-81.

Peng, T., Zhou, J., Zhang, C., & Fu, W. (2017). Streamflow fore-
casting using empirical wavelet transform and artificial neu-
ral networks. Water, 9(6), 406.

Pettitt, A. N. (1979). A non-parametric approach to the change-
point problem. Journal of Applied Statistics, 28(2),
126-135.

Pham, L. T., Luo, L., & Finley, A. (2021). Evaluation of ran-
dom forests for short-term daily streamflow forecasting in
rainfall-and snowmelt-driven watersheds. Hydrology and
Earth System Sciences, 25(6), 2997-3015.

Pham, Q. B., Yang, T. C., Kuo, C. M., Tseng, H. W., & Yu,
P. S. (2019). Combing random forest and least square
support vector regression for improving extreme rainfall
downscaling. Water, 11(3), 451.

Poff, N. L., & Zimmerman, J. K. (2010). Ecological responses
to altered flow regimes: a literature review to inform the
science and management of environmental flows. Fresh-
water Biology, 55(1), 194-205.

Prasad, R., Deo, R. C,, Li, Y., & Maraseni, T. (2019). Weekly
soil moisture forecasting with multivariate sequential,
ensemble empirical mode decomposition and Boruta-ran-
dom forest hybridizer algorithm approach. CATENA, 177,
149-166.

Praveen, B., Talukdar, S., Mahato, S., Mondal, J., Sharma,
P, Islam, A. R. M. T., & Rahman, A. (2020). Analyzing
trend and forecasting of rainfall changes in India using
non-parametrical and machine learning approaches. Sci-
entific Reports, 10(1), 1-21.

Qin, D., Plattner, G. K., & Tignor, M. (2014). Climate change
2013: The physical science basis. Cambridge University
Press.

Rahman, M. M., & Mahbub, A. Q. M. (2012). Groundwater
depletion with expansion of irrigation in Barind Tract: A
case study of TanoreUpazila. Journal of Water Resource
and Protection, 4(08), 567.

Rashid, Md. B., Islam, Md. B., & Sultan-Ul-Islam, Md. (2013).
Causes of acute water scarcity in the Barind Tract Bangla-
desh. International Journal of Economic and Environmen-
tal Geology, 4(1), 5-14.

@ Springer



153 Page 26 of 27

Environ Monit Assess (2023) 195:153

Rose, S., & Peters, N. E. (2001). Effects of urbanization on
streamflow in the Atlanta area (Georgia, USA): A com-
parative hydrological approach. Hydrological Processes,
15, 1441-1457.

Rougé, C., Ge, Y., & Cai, X. (2013). Detecting gradual and
abrupt changes in hydrological records. Advances in
Water Resources, 53, 33—44.

Roy, S. S., Rahman, A., Ahmed, S., Shahfahad., & Ahmad, I.
A. (2020). Alarming groundwater depletion in the Delhi
Metropolitan Region: A long-term assessment. Environ-
mental Monitoring and Assessment, 192(10), 1-14.

Saadi, M., Oudin, L., & Ribstein, P. (2019). Random forest
ability in regionalizing hourly hydrological model param-
eters. Water, 11(8), 1540.

Saha, T. K., & Pal, S. (2019). Emerging conflict between agricul-
ture extension and physical existence of wetland in post-dam
period in Atreyee River basin of Indo-Bangladesh. Environ-
ment, Development and Sustainability, 21(3), 1485-1505.

Schaefer, D., & Domroes, M. (2009). Recent climate change in
Japan—Spatial and temporal characteristics of trends of
temperature. Climate of the Past, 5, 13—19.

Sen, P. K. (1968). Estimates of the regression coefficient based
on Kendall’s tau. Journal of American Statistical Associa-
tion, 63, 1379-1389.

Sen, Z. (2012). Innovative trend analysis methodology. Journal
of Hydrologic Engineering, 17(9), 1042—-1046.

Sen, Z. (2014). Trend identification simulation and application.
Journal of Hydrologic Engineering, 19(3), 635-642.
Serinaldi, F., Chebana, F., & Kilsby, C. G. (2020). Dissect-
ing innovative trend analysis. Stochastic Environmental

Research and Risk Assessment, 34(5), 733-754.

Shafaei, M., & Kisi, O. (2016). Lake level forecasting using
wavelet-SVR, wavelet-ANFIS and wavelet-ARMA con-
junction models. Water Resources Management, 30(1),
79-97.

Shahfahad., Talukdar, S., Islam, A. R. M., Das, T., Naikoo,
M. W., Mallick, J., & Rahman, A. (2022). Application
of advanced trend analysis techniques with clustering
approach for analysing rainfall trend and identification of
homogenous rainfall regions in Delhi metropolitan city.
Environmental Science and Pollution Research, 1-19.

Sima, S., Kavousi, K., & Saed, B. (2021). Application of satel-
lite data for determining environmental water requirement
of wetlands in data-sparse regions (the case of Kanibrazan
wetland, Iran). [ranian Journal of Ecohydrology, 8(1),
109-125.

Srivastava, R., Tiwari, A. N., & Giri, V. K. (2019). Solar radiation
forecasting using MARS, CART, M5, and random forest
model: A case study for India. Heliyon, 5(10), €02692.

Tabari, H., & Aghajanloo, M. B. (2013). Temporal pattern of
aridity index in Iran with considering precipitation and
evapotranspiration trends. International Journal of Clima-
tology, 33(2), 396—409.

Tabari, H., & Talaee, P. H. (2011). Temporal variability of pre-
cipitation over Iran: 1966-2005. Journal of Hydrology,
396(3-4), 313-320.

Talukdar, S., & Pal, S. (2016). Capturing stream flow regime
of Punarbhaba river of Indo Bangladesh. International
Research Journal of Earth Science, 4(6), 1-16.

Talukdar, S., & Pal, S. (2017). Impact of dam on inundation
regime of flood plain wetland of punarbhaba river basin

@ Springer

of barind tract of Indo-Bangladesh. International Soil and
Water Conservation Research, 5(2), 109-121.

Talukdar, S., & Pal, S. (2018). Impact of dam on flow regime
and flood plain modification in Punarbhaba River Basin of
Indo-Bangladesh Barind tract. Water Conservation Sci-
ence and Engineering, 3(2), 59-717.

Talukdar, S., & Pal, S. (2020). Modeling flood plain wetland
transformation in consequences of flow alteration in
Punarbhaba river in India and Bangladesh. Journal of
Cleaner Production, 261, 120767.

Tan, X., & Gan, T. Y. (2015). Contribution of human and cli-
mate change impacts to changes in streamflow of Canada.
Scientific Reports, 5(1), 1-10.

Tangang, F. T., Juneng, L., & Ahmad, S. (2006). Trend and
interannual variability of temperature in Malaysia: 1961—
2002. Theoretical and Applied Climatology, 89(3-4),
127-141.

Topaloglu, F. (2006). Trend detection of streamflow variables in
Turkey. Fresenius Environmental Bulletin, 15(7), 644—653.

Tyralis, H., Papacharalampous, G., & Langousis, A. (2021).
Super ensemble learning for daily streamflow forecasting:
Large-scale demonstration and comparison with multiple
machine learning algorithms. Neural Computing and Appli-
cations, 33(8), 3053-3068.

Von Storch, H., & Navarra, A. (Eds.). (1999). Analysis of cli-
mate variability: applications of statistical techniques.
Springer Science & Business Media.

Wada, Y., van Beek, L. P. H., van Kempen, C. M., Reckman, J.
W. T. M., Vasak, S., & Bierkens, M. F. P. (2010). Global
depletion of groundwater resources. Geophysical Research
Letters, 37,1.20402.

Walling, D. E., & Fang, D. (2003). Recent trends in the sus-
pended sediment loads of the world’s rivers. Global & Plan-
etary Change, 39, 111-126.

Wang, X., Yang, T., Wortmann, M., Shi, P., Hattermann, F.,
Lobanova, A., & Aich, V. (2017). Analysis of multidimen-
sional hydrological alterations under climate change for
four major river basins in different climate zones. Climatic
Change, 141(3), 483-498.

Wu, H., & Qian, H. (2017). Innovative trend analysis of annual
and seasonal rainfall and extreme values in Shaanxi,
China, since the 1950s. International Journal of Climatol-
ogy, 37(5), 2582-2592.

Xu, Z. X., Liu, Z. F,, Fu, G. B., & Chen, Y. N. (2010). Trends
of major hydroclimatic variables in the Tarim River basin
during the past 50years. Journal of Arid Environments,
75(2), 256-267.

Yang, T., Cui, T., Xu, C. Y., Ciais, P., & Shi, P. (2017). Devel-
opment of a new IHA method for impact assessment of
climate change on flow regime. Global and Planetary
Change, 156, 68-79.

Yaseen, Z. M., El-Shafie, A., Jaafar, O., Afan, H. A., & Sayl, K.
N. (2015). Artificial intelligence based models for stream-
flow forecasting: 2000-2015. Journal of Hydrology, 530,
829-844.

Yaseen, Z. M., Jaafar, O., Deo, R. C., Kisi, O., Adamowski, J.,
Quilty, J., & El-Shafie, A. (2016). Stream-flow forecasting
using extreme learning machines: a case study in a semi-
arid region in Iraq. Journal of Hydrology, 542, 603—-614.

Yenigiin, K., Giimiis, V., & Bulut, H. (2008, August). Trends in
streamflow of the Euphrates basin, Turkey. In Proceedings



Environ Monit Assess (2023) 195:153

Page 27 of 27 153

of the Institution of Civil Engineers-Water Manage-
ment, 161,(4), 189—-198. Thomas Telford Ltd.

Yue, S., Pilon, P., & Phinney, B. (2003). Canadian streamflow
trend detection: Impacts of serial and cross-correlation.
Hydrological Sciences Journal, 49(1), 51-63.

Yue, S., Pilon, P., Phinney, B., & Cavadias, G. (2002). The
influence of autocorrelation on the ability to detect trend
in hydrological series. Hydrological Processes, 16,
1807-1829.

Yue, S., & Wang, C. Y. (2002). Applicability of pre-whitening
to eliminate the influence of serial correlation on the Mann-
Kendall test. Water Resource Research, 38(6), 1068.

Zhang, A., Zheng, C., Wang, S., & Yao, Y. (2015). Analysis of
streamflow variations in the Heihe River Basin, northwest
China: Trends, abrupt changes, driving factors and ecologi-
cal influences. Journal of Hydrology, 3, 106-124.

Zheng, H. X., Zhang, L., Liu, C. M,, Shao, Q. X., & Fukushima,
Y. (2007). Changes in stream flow regime in headwater catch-
ments of the Yellow River basin since the 1950s. Hydrologi-
cal Processes, 21(7), 886-893.

Ziaul, S., & Pal, S. (2017). Estimating wetland insecurity index
for Chatra wetland adjacent English Bazar Municipal-
ity of West Bengal. Spatial Information Research, 25(6),
813-823.

Zou, Y., & Zhang, B. (2012). Identification and analysis the
change points of hydrological process of Yingluoxia sta-
tion in the Heiheriver basin. In World Automation Congress
(WAC) (pp. 1-5). IEEE.

Publisher’s Note Springer Nature remains neutral with regard
to jurisdictional claims in published maps and institutional
affiliations.

Springer Nature or its licensor (e.g. a society or other partner)
holds exclusive rights to this article under a publishing
agreement with the author(s) or other rightsholder(s); author
self-archiving of the accepted manuscript version of this article
is solely governed by the terms of such publishing agreement
and applicable law.

@ Springer



	Trend analysis and forecasting of streamflow using random forest in the Punarbhaba River basin
	Abstract 
	Introduction
	Study area
	Materials and methods
	Materials
	Trend analysis
	Mann–Kendall test
	Spearman’s rank correlation coefficient (rho)
	Innovative trend analysis

	Method for streamflow forecasting
	Validation of the model

	Result
	Description of streamflow
	Change detection analysis
	Analysis of trend detection
	Annual streamflow trend analysis
	Monthly streamflow trend analysis
	Trend analysis for monthly maximum and minimum streamflow
	Seasonal trend of average, maximum and minimum streamflow regime

	Streamflow forecasting

	Discussion
	Conclusion
	Acknowledgements 
	References


