Water Resources Management (2024) 38:1453-1478
https://doi.org/10.1007/511269-023-03730-7

®

Check for
updates

Comparison of Classical and Machine Learning Methods
in Estimation of Missing Streamflow Data

A.B. Dariane'® . M. I. Borhan'

Received: 22 April 2023 / Accepted: 27 December 2023 / Published online: 15 January 2024
© The Author(s), under exclusive licence to Springer Nature B.V. 2024

Abstract

Recovering missing data and access to a complete and accurate streamflow data is of great
importance in water resources management. This article aims to comparatively investigate
the application of different classical and machine learning-based methods in recovering
missing streamflow data in three mountainous basins in northern Iran using 26 years of
data duration extending from 1991 to 2017. These include Taleghan, Karaj, and Latyan
basins that provide municipal water for the capital Tehran. Two periods of artificial gaps of
data were considered to avoid possible duration-based impacts that may affect the results.
For this purpose, several methods are investigated including simple and multiple linear
regressions (LR & MLR), artificial neural network (ANN) with five different structures,
support vector regression (SVR), M5 tree and two Adaptive Neuro-Fuzzy Inference System
(ANFIS) comprising Subtractive (Sub-ANFIS) and fuzzy C-means (FCM-ANFIS) classi-
fication. Although these methods have been used in different problems in the past, but the
comparison of all these methods and the application of ANFIS using two clustering meth-
ods in missing data is new. Overall, it was noticed that machine learning-based methods
yield better outputs. For instance, in the Taleghan basin and in the gap during 2014-2017
period it shows that the evaluation criteria of Root Mean Square Error (RMSE), Nash—Sut-
cliffe Index (NSE) and Coefficient of Determination (Rz) for the Sub-ANFIS method are
1.67 m3/s, 0.96 and 0.97, respectively, while these values for the LR are 3.46 m?/s, 0.83
and 0.87 respectively. Also, in Latyan basin during the gap of 1991-1994, FCM-ANFIS
was found to be the best method to recover the missing monthly flow data with RMSE,
NSE and R? criteria as 3.17 m3 /s, 0.88 and 0.92, respectively. In addition, results indicated
that using the seasonal index in the artificial neural network model improves the estima-
tions. Finally, a Social Choice (SC) method using the Borda count was employed to evalu-
ate the overall performance of all methods.
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1 Introduction

Engineering studies in hydrology and climatology require the existence of sufficient and
reliable data such as rainfall, temperature, streamflow, and evapotranspiration (Mwale et al.
2012). As such, the availability of a reliable source of complete and correct sets of hydro-
logical data is necessary for the development of various purposes, including water supply,
construction of hydropower plants, flood protection, hydraulic structure design, hydrologi-
cal modeling and climate change projects (Kamwaga et al. 2018).

However, if the order of observing the data information in the time series of hydro-
logical data is interrupted, the problem of time series missing data arises (Yozgatligil et al.
2013) which is a global problem (Dembélé et al. 2019; Lai and Kuok 2019). In developing
countries, data often exhibits various deficiencies such as inadequate statistical period, poor
measurement quality, and missing data, as highlighted by Ilunga and Stephenson (2005),
Mwale et al. (2012), and Radi et al. (2015). Additionally, challenges like lack of aware-
ness, insufficient staff training, and limited focus on measurement and data processing in
hydrological studies further exacerbate the issue of estimating missing data in developing
countries.This lack of data can be caused by various factors such as malfunction in measur-
ing instruments and monitoring equipment, absence of supervisor and expert, human errors
during data entry, manual collection instruments, limited access to measurement locations,
lack of sufficient number of measuring stations, extreme weather conditions, lack of finan-
cial resources, political wars, accidental loss of data and effects of natural phenomena such
as earthquakes, landslides, hurricanes, etc. (Elshorbagy et al. 2000; Harvey et al. 2010;
Londhe et al. 2015; Kamwaga et al. 2018; Aguilera et al. 2020).

Missing data is a very prevalent problem in climatology and their presence affects the
quality of the final results in hydrological studies and water resources management and
causes unreliable analysis (Tencaliec et al. 2015; Aieb et al. 2019; Fagandini et al. 2023).
As aresult, data recovery and infilling the gaps in the time series of hydrological data is the
essential and primary step in planning, designing and operating water resources systems
and various hydrological studies.

In recent years, many studies have been carried out to demonstrate methods to recover
missing data of various hydro-climatological time series including precipitation (Coulibaly
and Evora 2007; Faramarzzadeh et al. 2023), temperature (Xia et al. 1999), evapotranspira-
tion (Abudu et al. 2010) and streamflow (Giustarini et al. 2016; Baddoo et al. 2021).

Streamflow data recovery methods may consist of simple classical methods where they
have been of interest to researchers for a long time. For example, Gyau-Boakye and Schultz
(1994) used several techniques, including interpolation, recursive regression, autoregressive
and nonlinear methods, to fill in missing streamflow data in three different catchments in
Ghana. The results showed that the choice of methods can depend on several factors, such as
the season, the studied area, and the length of the data gap. On average, regression models can
provide good results, but in general, the simple methods yield larger deviations between the
observed and predicted streamflow for long duration gaps. Harvey et al. (2012) used 15 sim-
ple techniques, based on regression, scaling and equipercentile approaches to infilling missing
streamflow data in the UK. The results of this study indicated the superiority of regression-
based methods over other simple methods. Tencaliec et al. (2015) proposed a hybrid method
of regression and autoregressive integrated moving average (ARIMA) called Dynamic
Regression Model to recover missing streamflow data. The results showed that this model
provides reliable estimates for the missing data for the Durance watershed located in the
South-East of France. Kamwaga et al. (2018) investigated empirical and regression methods
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to estimate streamflow data in the Little Ruaha basin located in Tanzania. The methods used
included simple and multiple linear regression, rainfall-runoff relationship using double mass
curve technique, flow duration matching and drainage-area ratio. The calibration and valida-
tion results showed that the MLR method did better than other methods in recovering missing
streamflow data.

On the other hand, methods based on machine learning (ML) have gained popularity in
recent decades in hydrology and water resources management and have been widely used to
study the droughts (Khan et al. 2020), rainfall-runoff modeling (Mohammadi 2021), forecast-
ing flood (Mosavi et al. 2018) and groundwater problems (Cai et al. 2021). ML methods are
also used in the recovery of missing data (Zhou et al. 2023).

Ng et al. (2009) developed a hybrid model of generalized regression neural network and
genetic algorithm (GRNN-GA) to recover missing streamflow data. Their results showed that
this method is more successful than the k-nearest neighbor (KNN) and multiple imputation
(MI) methods in infilling streamflow data of Saugeen River in Canada. Dastorani et al. (2010)
estimated the missing streamflow data in four different basins in Iran using two classical meth-
ods including the normal ratio (NR) and correlation approach and two ML methods of arti-
ficial neural network and adaptive neural fuzzy inference system. The results indicated that
although in some cases all four methods provide good predictions, the ANFIS model has a
better ability to predict missing streamflow data, especially in the stations located in the arid
region with heterogeneous data. Also, ANN model showed better performance than the classi-
cal methods for estimating missing data. Bahrami et al. (2010) in order to estimate the missing
maximum annual streamflow data in the Sefidrood basin in the northern Iran used the data
of 16 hydrometric stations and a 28-year period time series. They showed that the ability of
ANN model is higher than nonlinear regression (NLR) in recovering missing data. Mwale
et al. (2012) used the self-organizing maps (SOM) approach, which is a form of unsupervised
ANN, to fill the gaps in rainfall and streamflow data in the Shire River basin of Malawi. Ergiin
and Demirel (2023) used a distributed hydrological model and remote sensing data to estimate
missing streamflow data. The result showed that if the calibration length is appropriate, this
model has a good performance in filling the data gap. Others also compared the application of
some classic and machine learning methods (Souza et al. 2020; Arriagada et al. 2021).

As it can be seen, different methods have been employed in recovering the missing data.
These are ranging from very simple to relatively sophisticated methods. Nevertheless, a com-
plete evaluation of different methods is necessary which is essential in developing countries
with great data limitations. Moreover, recent developments in machine learning algorithms
demand a thorough evaluation and comparison of these methods with the more common clas-
sical and usually regression based methods. In addition, this article seeks to answer the ques-
tion “Are ML methods more efficient than classical methods in recovering missing stream-
flow data?” Finally, this study investigates the effect of some parameters such as the seasonal
index to determine the suitable methods with high efficiency. Moreover, a social choice (SC)
approach is introduced and used to determine the superior methods among the lists of solution
results.

2 Case Study and Data Set

In this article, three mountainous basins of Taleghan, Karaj, and Latyan that provide
municipal water demand for the capital Tehran in northern Iran were used to evaluate the
recovery methods for missing streamflow data. The mountainous terrain and complex
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topography of these basins often present challenges in obtaining accurate streamflow data,
leading to gaps in the time series. In such situations, the proposed methodology can be
applied to resolve this issue within these basins (refer to Fig. 1).

Taleghan basin is located on the southern slopes of the Alborz Mountain. This basin
with an area of about 1171 km? has maximum and minimum heights of 4300 m and 1398
m above sea level (masl), respectively (average height of 2840 m). And it is placed between
36° 57 to 36° 197 N latitudes and between 50° 25" to 51° 11°E longitudes coordinates. The
existence of the Taleghan Reservoir in this basin, as one of the important sources in the
supply of drinking water for Tehran and agricultural water demands in the downstream
areas, has caused the importance of this basin in this region. This basin is placed in the
semi-humid group with an average annual rainfall of 400 mm and an annual temperature of
11.4 °C. Almost half of this catchment area has a slope above 40%, with weak and moder-
ate vegetation cover.

The Karaj basin is located on the southern slopes of Central Alborz Mountain, adjacent
to Taleghan, between latitudes coordinates 35° 53’ N and 36° 10’ N and between longitudes
coordinates 50° 3’ E and 51° 35’ E, upstream of Amirkabir Reservoir. Due to the existence
of this dam, the Karaj basin is very essential in supplying water demand of Tehran and
Karaj cities. This basin, has an area of about 1088 km?, and an average annual rainfall and
temperature of 247 mm and 11.4 °C, and is located in north-western Tehran. The maxi-
mum height of the basin reaches more than 4352 masl, and its lowest level is about 1295
masl in the dam site.
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Fig.1 Location maps showing the approximate position of the study area: a in Iran, and detailed maps of b
Latyan, ¢ Taleghan, and d Karaj basins
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Latyan basin has an area of 728 km? and is located adjacent to Karaj basin between
35° 45’ N and 36° 6/ N latitudes and 51° 22" E and 51° 55’ E longitudes. It has an average
annual rainfall and temperature of 320 mm and 11.4 °C. The maximum and minimum alti-
tude in this basin is 4297 and 1472 masl; respectively.

The Latyan Reservoir at the outlet of basin provides part of municipal water demand
for Tehran. All the three reservoirs in the study area also provide water for the agricultural
fields in the downstream regions.

In order to recover the missing streamflow data, the streamflow data of the hydromet-
ric stations and rain gauge stations of the three basins were used as indicated in Tables 1
and 2. For this purpose, a common 26 years data duration extending from 1991-1992 to
20162017 water years was selected for the hydrometric and rainfall stations of the basins.

3 Methodology

This section contains descriptions of streamflow data quality control tests including Stand-
ard Normal Homogeneity (SNH) Test and Mann-Kendall (M-K) Test plus recovering
models for missing monthly streamflow data such as LR, MLR, ANN, SVR, M5, ANFIS

models. In addition, the evaluation criteria, the SC method to determine the best model in
recovering the missing data are also presented.

3.1 Statistics Quality Control
3.1.1 Standard Normal Homogeneity Test
The SNH test is one of the most widely used homogeneity tests in hydrologic research,

which was developed by Alexandersson (1986). The first step in evaluating the effects of
climate change and human activities on the streamflow is to find a natural, reliable and

Table 1 The specifications of hydrometric stations

Station Station Name Latitude (N) Longitude (E) Elevation (m) Mean Monthly Basin

Number Streamflow
(m? /5)
1 Mehran 36° 11’ 50° 55’ 2010 2.16 Taleghan
2 Galinak 36° 10/ 55° 44/ 1789 12.94
3 Jostan 36° 117 50° 54 1981 8.01
4 Alizan 36° 12/ 50° 54 1944 1.60
1 Siral 36° 01 51° 09 1819 12.4 Karaj
2 Sira2 36° 02 51° 09 1833 1.70
3 Gachsar 36° 07 51° 20 2249 3.98
4 Haft Cheshmeh 35° 56/ 51° 05 1668 1.01
1 Rodak 35° 51 51° 33’ 1795 10.30 Latyan
2 Latyan 35° 47 51° 41 1547 6.13
3 Najarkela 35° 49 51° 38/ 1703 0.78
4 Naroon 35° 50/ 51° 00 1786 0.36
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Table 2 The specifications of rain gauge stations

Station  Station Name  Latitude (N) Longitude (E) Elevation (m) Mean Monthly Basin

Number Rainfall (mm)

1 Angeh 36° 15 50° 27 1945 35.10 Taleghan
2 Dizan 36° 13 50° 57 2229 68.51

3 Gatedeh 36° 10/ 51° 03’ 2497 89.10

4 Jostan 36° 11’ 50° 53’ 1989 45.25

5 Zidasht 36° 09’ 50° 41’ 1962 38.63

1 Sade Amirkabir 36° 56’ 51° 05 1612 34.10 Karaj
2 Sira 36° 02/ 51° 09 2130 49.53

3 Bilaghan 36° 50/ 51° 02 1404 23.52

4 Nesa 36° 04/ 51° 19 2191 56.87

5 Shahrestanak 35° 58’ 51° 21 2276 52.71

6 Morood 36° 01 51° 09’ 1827 46.89

1 Rodak 35° 50/ 51° 33/ 1705 49.04 Latyan
2 Kandsofla 35° 51 51° 36/ 1945 42.89

3 Shemshak 36° 00/ 51° 29 2494 59.09

4 Garmabdar 35° 59 51° 37 2435 56.23

5 Ahar 35° 56 51°27 2087 54.92

6 Lavasanbozog  35° 49’ 51° 47 2195 45.01

7 Fasham 35° 55 51° 31 1966 60.31

8 Afjeh 35° 51 51° 41 2048 55.23

9 Latyan 35° 46 51° 41 1580 34.47

trend-free period in the data time series, so that there are minimal human activity and
artificial changes (Mahmood and Jia 2019). SNH test can find and report the time of dis-
continuity and occurrence of heterogeneity in the data series. Equation (1) is employed

to discover breaking or change points in the time series x,x,, ..., x,:

T,=yz; +(n=y)z fory=12,....n 1)

where,

R Y- g it @)

i=1 Ky n-—y i=y+1 Ky

The statistic 7, is obtained to compare the first y observations average with the aver-
age of n-y observations. The maximum value of T, is the breaking point in the time
series.

The null hypothesis (H;) (no change point) is rejected if the test statistic (7,,,,) is
greater than the critical value (which dependents on the numbers of sample).

T,, = maxT,
max = [5G 3)

Here, x; represents the test variable for the year i between 1 and n. X and s are referred

to mean and standard deviation of a time series, respectively.
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3.1.2 Mann-Kendall Test

Mann—Kendall test (Mann 1945; Kendall 1948) recommended by the World Meteoro-
logical Organization, is widely used to determine the time trend of hydrological and
meteorological data (Abghari et al. 2013; Gebremicael et al. 2017; Ali et al. 2019).

The M—K test statistic (S) for streamflow can be calculated using the Egs. (4) and (5):

= Z:ll _ Z;;m sign(x; — x;) 4)

where,

+1 if(xj -x)>0
sign(xj —xi) =30 fx-x)=0 3)
-1 if(xj -x)<0

Here, x; and x; are the data values at time i and, respectively, and n represents the
length of the data set. The positive value of S indicates an increasing trend, and vice
versa.

The variance of S is calculated by

st —=1)2n+5) = X5 16— D21, +5)

Var(S (6)
ar(S) = 3
where, P is the number of tied groups, ¢, is the number of data value in the P* group.
Then the standard Z value is calculated according to Eq. (7).
\/Var(_S f §>0
Z= O fS§=0 (N
\/W if §<0

The calculated standardized Z value is compared with the standard normal distribution
table with two-tailed confidence levels o = 0.05. Null hypothesis (H,) is rejected if
|Z] > ‘Zl_a 2 ‘ otherwise, Hy, is accepted meaning that there is no trend in the time series.

3.2 Recovery Methods

3.2.1 Classical Methods

Linear Regression LR is the simplest method to transfer hydrological information between
two gauging stations (Salas 1993). In this method, the correlation coefficients between the
target station and all neighboring stations are first calculated and then ranked. Finally, the
missing data is estimated using the linear regression equation with the station having the
highest correlation coefficient (Eq. 8).

Y =fy+ pix (8)
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Multiple Linear Regression Finding the correct relationship between a dependent variable
and several independent variables is a problem in statistical analysis (Tabari et al. 2011).
MLR, as the general form of LR, is a beneficial and accurate statistical technique that
expresses the relationships between a dependent variable and several independent variables
by fitting a linear equation. The linear equation of multiple linear regression appears in the
form of Eq. (9).

Y=py+ Y B, ©)

where, Y is the dependent variable, x; are the independent variables, §, and f; are the
parameters of the model and r is the total number of independent variables.

3.2.2 Machine Learning Methods

Artificial Neural Network The artificial neural network is a mathematical model inspired
by the neural network in the human brain and was first introduced by McCulloch and Pitts
(1943). ANN has the ability to learn and recognize the nonlinear relationship between
input and output parameters, solving complex problems on large scales. This ability of the
ANN makes it attractive for hydrological modeling and water resources studies (Belayneh
et al. 2016). There are different structures ANN including multilayer perceptron (MLP),
radial basis function networks (RBF) and recurrent neural networks (RNN) (Khazaee Poul
et al. 2019) but the most common ANN structure used in engineering science, especially
in hydrology research, is the MLP (Mekanik et al. 2013; Ahmadi et al. 2019). MLP is a
feedforward neural network consisting of three layers: an input layer, one or two hidden
layers, and an output layer (Fig. 2) and information moves forward from the input layer to
the output layer (Khan et al. 2021).

According to Kolmogorov theorem, the two hidden layers in the neural network can
model any problem, provided that the number of neurons in the hidden layer is sufficient
(MacLeod 1999). However, in most hydrological systems, it is sufficient to use a hidden
layer with the appropriate number of neurons (Dariane and Karami 2014).

Equation (10) represents the MLP neural network.

y = b D wh (D wex + b)) + ) (10)

where, x; and y; are the input and output of the neural network, respectively. Indexes i, k
and j refer to the input, hidden and output layers, respectively. w, is the weight between
neurons in the input and hidden layers and w; is the weight between neurons in the hid-
den and output layers. b, and b; are the biases associated with the neurons of the hidden
and output layers, respectively. f; and f, are the activation functions of hidden and output
layers, respectively. In this study, due to nonlinear relationships in hydrology, the sigmoid
activation function (Eq. 11) was used in the hidden layer (Uysal and Sorman 2017) and the
linear transfer function (Eq. 12) in the output layer (Tongal and Booij 2018).

2

h = 20

an

@ Springer



Comparison of Classical and Machine Learning Methods in... 1461

,f Input layer \I [‘Hidden layer" | f()utput lay er\h
l‘~~-_ —_— (1) .-" f';"_,__\--l" ‘\— (k) ./j >__, 1\._ — g); — /J‘

Fig.2 A three layer ANN structure

L) =x (12)

Also, the Levenberg—Marquardt (LM) algorithm is used to train the ANN. This algo-
rithm is the most common optimization algorithm used in ANN, which is suitable for non-
linear and dynamic relationships of hydrological processes and can perform better than the
gradient back-propagation algorithm (Asadi et al. 2013; Tongal and Booij 2018).

In this study, in order to recover streamflow missing data by ANN, a three-layer MLP
network was built consisting of one hidden layer. The number of neurons in the hidden
layer is determined by the trial and error method. Also, five different structures were con-
sidered in the input data to the neural network. The purpose of using these different struc-
tures is to show the effect of rainfall and seasonal index on infilling missing streamflow
data.

Flow in a basin has an annual and seasonal cycle. Entering the information related to
this cycle in the input of the neural network can improve its performance by providing
more information to the model. This information was done by entering two time series
(which represent 12 months of the annual cycle) according to the oscillation of two sine
and cosine curves (Fig. 3) in the neural network (Nilsson et al. 2006).

Finally, the five input structures of the neural network are as it follows:

ANN(1): Using of monthly streamflow data of neighboring hydrometric stations in the
basin.

ANN(2): Adding the seasonal index to ANN(1).

ANN(3): Using the monthly rainfall data of all stations in the basin.

ANN(4): Adding the seasonal index to ANN(3).
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[ 39]

—— S -l - i
MOIlth Sine =-#-- Cosine

Fig.3 Cyclic seasonal index

ANN(5): Using the monthly rainfall data of all stations and monthly streamflow data
of neighboring stations in the basin along with the seasonal index (i.e., a combina-
tion of ANN2&4).

Support Vector Regression SVM is one of the most popular machine learning algorithms
developed by Vapnik (1998) and has wide applications in hydrological research (Raghav-
endra and Deka 2014). Support Vector Regression which is an observation-based modeling
technique developed based on statistical learning theory uses the principle of SVM to solve
regression problems. In other words, SVR uses the principle of structural risk minimiza-
tion to describe the pattern between the predictor and predicted values.

If the data set isX = {x;,y; : i = 1,...,n}, where x, are the input vector,y; is the target
vector and 7 is the size of the data set. Then the general function of SVR is according to
Eq. (13).

f(x) =wo(x) +b (13)

where, w is the weight vector, b is the bias, and ¢(.) is a non-linear transformation function
to map the input space into the feature space. The target of SVR is to find the values of w
and b so that the values of f (xl-) can be determined by minimizing the empirical risk for
regression efficiency. For this purpose, it uses the loss function L, (yl-, f (xl-)), where L, is
defined as Vapnik’s e—insensitive loss function (Vapnik 1998, 1999).

0 if |0 —f ()] <€

|(yl. —f(xi))| —€ otherwise (14

L (vf(x)) = {

Therefore, the regression problem can be expressed as an optimization problem
according to Eq. (15).
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n
. 1 2 *
min “|wl||*+ C + &
w,b,f[,,:i* 2 || || Zl(él él )

Subject to y; — f(x;) gl:+§i (15)
flu)-yise+e
£.E20,i=1,....n

&; and &7 are slack variables that are used to measure the deviation of training samples with
an error greater than €. In the above Equation, the constant C is an integer and positive
number that determines a penalty when a training error occurs, and its values are between
zero and infinity. For example, if the constant C tends towards infinity, irrespective of the
penalty, the result will be a complex model (Cherkassky and Ma 2004). The schematic of
SVR structure is presented in Fig. 4. The above optimization formula can be written as a
dual problem and solved by Eq. (16)

f(x) = 2:;1 (@, —af)k(x,x;) +b (16)

where, «; and a} are Lagrange multipliers, which are positive real constants and k(x, xl-) is
kernel function.

The kernel functions that are implemented by the SVR includes linear, polynomial, sig-
moid and radial basis function (RBF) (Mohammadi and Mehdizadeh 2020). In this study, the
RBF type is used, and its mathematical relationship is according to Eq. (17). Where x; and
x; display the vectors in the input space and ¢ shows the Gaussian noise level of standard
deviation.

1 2
k(xi,xj) = exp [——zllxi =Xl ] 17
20
1~ Support ) (" Remel
I\ vectors ,I I\ function /I

Output
variable

k(xx3)

Fig.4 Support vector regression structure
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M5 Tree The M5 tree model was first proposed by Quinlan (1992). This model is based
on a decision tree, but unlike the decision tree used for classification, M5 tree has linear
regression functions that can be used for quantitative data (Rahimikhoob et al. 2013). The
structure of this model is similar to that of an inverted tree, so that the root is at the top and
the leaves are at the bottom (Keshtegar and Kisi 2018). Linear regressions in M5 model
are relationships between independent and dependent variables that produce the regression
bonds in its leaves.

The M5 model divides the data space into smaller sub-spaces using the divide-and-
conquer method (Rezaie-balf et al. 2017). The production of the M5 model tree consists
of two stages; 1. Growth and 2. Pruning (see Fig. 5).

The Growth stage, also called the Splitting stage, divides the input space into several
classes using linear regression models and minimizing the errors between the meas-
ured and predicted values (Heddam and Kisi 2018). The process of splitting in each
node is repeated many times until it reaches the leaf. This process stops in this model
when the class values of all samples reaching a node change slightly, or only a few sam-
ples remain (Singh et al. 2010). This division criterion is based on Standard Deviation
Reduction (SDR), according to the following Equation.

T.
SDR = sd(T) — Z %sd(n) (18)

where, T shows a set of examples that reach the node; 7, denotes the subset of examples
after splitting, and sd is the standard deviation. Finally, after checking all the splits, the
one that maximizes the expected error reduction is selected for split in the node by the M5
model (Quinlan 1992).

The splitting process sometimes results in a large tree that looks like a tree that needs
to be pruned. In the pruning stage, sub-tree nodes are replaced by linear regression
functions and transformed into leaf nodes (Ghaemi et al. 2019).
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Fig.5 MS5 model tree with four linear regression models at the leaves
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Adaptive Neuro-Fuzzy Inference System Adaptive Neuro-Fuzzy Inference System or
ANFIS for short was first introduced by Jang (1993). ANFIS is a powerful combination of
artificial neural networks with fuzzy logic. For this reason, ANFIS has advantages such as
the ability to manage large amounts of input data with high uncertainty (Anusree and Var-
ghese 2016), the potential for modeling nonlinear systems such as hydrological processes
(Mosavi et al. 2018) and increasing the accuracy of estimation and forecast (Zare and Koch
2018). On the contrary, a drawback of ANFIS is the significant amount of time required for
training and determining parameters for its structure (Chang and Chang 2006).

Among the different types of fuzzy models, the Takagi—Sugeno (Takagi and Sugeno
1985) model is the most widely used due to its high computational efficiency. The fuzzy
model based on the first-order Takagi—Sugeno model with two fuzzy IF-THEN rules
can be expressed as

Rulel : if xisA, andyis B, thenfy =px+q,y+r, (19)

Rule?2 : if xis A, and yis B, then f| = p,x + g,y + 1, (20)

This method consists of two inputs, two rules and one output. Where, x and y are
inputs, A; and B; are fuzzy sets and p;, ¢; 1 and r; are design parameters. This system has
five layers as shown in Fig. 6.

In the system, the inputs are expressed in a fuzzy form. For this purpose, member-
ship functions (MFs) are defined for each entry. The number and type of MFs in the
construction section of the ANFIS model, are determined by clustering methods. There-
fore, clustering methods are a powerful tools for classify the inputs into groups in train
section of the ANFIS model and establish relationships between inputs and output space
(Benmouiza and Cheknane 2019). The clustering methods include K-means, mountain,
subtractive and Fuzzy C-means clustering. In this study, subtractive and FCM clustering
methods were used.

—_———— e P —— —_—————— e — ————— e e e — —

- N s N Ny \
: Layer 1 : } Layer2 | | Layer 3 : | Layer 4 : : Layer 5 :
|(fuzzification layer)| | (rules layer) ! : (normalization layer) | ! (defuzzification layer) | | (summation layer) |
N AR T 7 ‘¥ 7\ 7

output

Fig.6 ANFIS structure
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Subtractive Clustering Method Subtractive clustering method is a modification of the
mountain method introduced by Yager and Filev (1994). Then, (Chiu 1994) proposed Sub-
tractive clustering method to reduce the complications of the mountain clustering method
to determine the number and cluster center. This algorithm is an iterative process that
assumes that each data point has the potential to be the cluster center. So that by measuring
the data potential of the neighboring data points that point, the potential of each data point
is calculated. Finally, the data that have the highest potential values among all the data are
selected as cluster center. Then, the number of cluster is determined by determining the
optimal value of the radius.

Choosing a suitable effective radius is crucial to determining the number of clusters. If
the radius is considered short, a large number of clusters will be created, and the rules will
increase accordingly (Cobaner 2011).

Fuzzy C-Means Clustering FCM clustering algorithm is a modified version of k-means
clustering and was first introduced by Bezdekt (1973). This clustering method is used to
produce less fuzzy rules and avoid the “curse of dimensionality” problem in ANFIS model
(Zare and Koch 2018). According to this algorithm, after determining the cluster centers,
each data point with a certain degree of membership belongs to a specific cluster, which
degree of membership can be between zero and one.

3.3 Evaluation Criteria

In this study, to compare the performance of missing streamflow data estimation methods,
three evaluation criteria, including Root Mean Square Error, Nash—Sutcliffe index (Nash
and Sutcliffe 1970) and Coefficient of determination (Legates and McCabe Jr. 1999) are
used. The details of these evaluation criteria are described in Table 3.

The Root Mean Square Error (RMSE) is a measure used to assess the level of agree-
ment between a model’s predictions and the actual observed data. When the RMSE
value is zero, it indicates a perfect match between the model’s output and the observed
data. Conversely, as the RMSE value approaches infinity, it signifies a significant dis-
parity between the model’s output and the observed data, indicating poor performance
of the model. If the value of the NSE index is equal 1, the model has the best perfor-
mance and it means that the output of the model matches the observed data. If the
value of the NSE index is equal to or zero, the model has the accuracy of the average

Table 3 Recovery methods accuracy criteria

Statistic Metric Equation Values Range Perfect Score
Root Mean Square Error (RMSE) Y (0,-P,? 0<RMSE<o 0
RMSE =4/ ==——~
Nash—Sutcliffe Efficiency (NSE) NSE = 1 >N (0,-P,)? -0 <NSE <1 1
IS ARG
i=1 i
Coefficient of determination (R?) R? >, (0,—6)(1’,—?) , 0< R®<1 1

VI 0,00/ e

Where, N represents the number of data, O; and P; represents monthly observed flow and the predicted flow
at time i respectively. O mean observed values and P mean predicted values
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of the observation data. Negative NSE index values occur when the performance of the
average observed data is better than the performance of the desired model.

R?, or the coefficient of determination, is a statistical measure used to assess the
goodness of fit of a regression model. It indicates the proportion of variance in the
dependent variable that is explained by the independent variables. A value of 0 sug-
gests that the model does not explain any variance, indicating a poor fit, while a value
of 1 indicates a perfect fit where the model explains all the variance. Therefore, R? is
a useful tool for evaluating the effectiveness of a regression model in explaining the
variability of the dependent variable.

3.4 Social Choice

Comparing data recovery methods and identifying the best performing one among sev-
eral different methods may cause confusion and errors. In such problems, considering
the improvement of the performance of only one criterion among all data recovery
methods, it is possible to distance ourselves from the improvement of other evalua-
tion criteria. Social choice methods can help solve this problem. So that by applying
the calculated values of all the evaluation criteria in the process of comparing the data
recovery methods, the final result is error-free.

The main idea of the SC approach was first introduced during the French Revolu-
tion by two French mathematicians and scientists, Jean-Charles de Borda count and
Condorcet. Two centuries later, it was revived by the winner Nobel Prize in Economics
in 1972 named Arrow. So that by giving priority to the candidates, it turned it into a
democratic voting system. The SC approach seeks the best choice and, as far as pos-
sible, applies the preferences of decision makers equally in the final decision making
process (Arrow 1951; Arrow et al. 2010). SC theory includes five approaches called
Plurality voting, Hare system, Borda count, Pairwise comparisons voting and Approval
voting (Srdjevic 2007).

Among these methods, the Borda count method is an efficient method for solving
water resources management and hydrology problems and in various fields including
water resource quality management (Zolfagharipoor and Ahmadi 2016), developing
suitable algorithms for the optimal performance of multi-reservoir systems (Karami
and Dariane 2018), determining the appropriate crop pattern for the proper manage-
ment of water resources (Dariane et al. 2021), and streamflow modeling (Dariane and
Behbahani 2022).

To enhance the comparison of streamflow data recovery methods and identify the
superior method, the Borda count method was employed. This method assigns can-
didate i a score equal to the number of candidates lower than candidate i. So that if n
candidates participate in the voting, the score of candidate i is equal to n — i. Finally,
the winner is the candidate with the highest number of wins. For example, suppose five
candidates participated in the election. In that case, four points will be assigned to the
first-ranked candidate, three points to the second-ranked candidate, two points to the
third-ranked candidate, one point to the fourth-ranked candidate and zero points to the
fifth-ranked candidate (Karami and Dariane 2018).

The flowchart of the proposed method to recover the missing streamflow data is
presented in Fig. 7.
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Monthly streamflow data in three basins of Karaj, Taleghan, and Latyan are available in
a 26-year time series. SNH and M-K tests were used to determine the breaking points
and trends in the time series of hydrometric stations. The null hypothesis (H;) means the
homogeneity of the data in the SNH test, and the randomness and absence of any trend or
serial correlation structure among the observed data in the M—K test. These two tests were
performed and the P-value was calculated for each time series of the hydrometric station.
If the P-value is greater than the significance level (o), the null hypothesis is confirmed.
Otherwise, the alternative hypothesis (H,) is replaced, meaning there is heterogeneity and
trend in the data. Table 4 shows the p values for each hydrometric station used in this study.

Table 4 Results of SNH test and
M-K test of selected hydrometric

stations at a=0.05

@ Springer

Basin Station SNHT MK
p-value p-value
Taleghan Mehran 0.56 0.88
Galinak 0.36 0.84
Jostan 0.24 0.98
Alizan 0.47 0.10
Karaj Siral 0.48 0.47
Sira2 0.36 0.42
Gachsar 0.50 0.48
Haft Cheshmeh 0.14 0.35
Latyan Rodak 0.22 0.94
Latyan 0.60 0.05
Najarkela 0.14 0.37
Narvoon 0.12 0.79
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The results show that the streamflow data of all hydrometric stations are without break-
points and trends. In other words, the time series does not show any impact related to cli-
mate change and human activities. It should be noted that if the hydrometric station data
has a trend and a breakpoint, it will be removed from the data set.

It should be mentioned that Jostan, Siral, and Rodak stations are target stations in
Taleghan, Karaj, and Latyan basins, respectively. The target station is the station that has
missing data in its data time series.

Two artificial gaps with 36 months duration were created in the target stations. The arti-
ficial gap of the first period is between October 1991 to September 1994, and the second
artificial gap is between October 2014 to September 2017. The purpose of creating two
gaps is to compare the performance of methods in different periods with probably different
conditions in order to decrease the impact of possible specific hydrometeorological condi-
tions in a single period on the results. This can help to draw more accurate and reliable
conclusions.

As mentioned earlier, estimation of missing data in artificial gaps was done by LR,
MLR, ANN, SVR, M5, FCM-ANFIS and Sub-ANFIS models. It is worthwhile to mention
that each of the five structures of the neural network model was executed 20 times, and the
average of these 20 executions is presented as the representative performance for the neural
network models.

According to Borda method, the results of the evaluated criteria of all the methods used
to recover the streamflow data are ranked in each gap period and in each basin. The best
recovery method is determined based on the total score of each method. In this way, first
the results of each of the evaluation criteria, including RMSE, NSE, and R?, were sorted
separately from low to high. The lower the value of the RMSE evaluation criterion calcu-
lated for each method (in m3/s), the higher efficiency of that method for recovering data.
On the contrary, the higher the calculated value of NSE and R? measures, the better the
performance of that method. Accordingly, the lowest RMSE criterion and the highest value
of NSE and R? evaluation criteria were assigned the first rank when ranking the evalu-
ation criteria. In the same way, each of the evaluation criteria of data recovery methods
is ranked. In this study, 11 recovery methods were used and ranked from 1 to 11. After
ranking, a value should be assigned to each rank. This value is equivalent to the number of
ranks below it. For example, due to the use of 11 methods, the first rank of each evaluation
criterion is given a point equal to 10. This process continues until the lowest rank, so the
evaluation criterion with rank 11 is given a score equal to zero. Then the method with the
highest summation of evaluation criteria points (Borda count) is the winner. For a more
accurate comparison of the obtained results, after ranking the methods in each basin and
in each gap, the methods were classified into three groups A, B and C. Group A includes
methods 1 to 4 in the ranking according to Borda count approach, i.e. the best group, group
B includes methods 5 to 8, i.e. the average group, and group C includes the last three meth-
ods, i.e. the weak group.

The described process was implemented on the results of the evaluation criteria obtained
from the application of the methods on the missing data. Also for example, Table 5 shows
the ranking results and Borda points for gap 1991-1994 and 2014-2017 and in Jostan sta-
tion located in Taleghan. Borda count values are the rank of the total points of the evalua-
tion indices for each method.

Table 5 shows that in the first artificial gap (1991-1994) in Taleghan basin, the FCM-
ANFIS method with RMSE, NSE and R? criteria equal to 2.500, 0.945 and 0.952, respec-
tively, is the best method to estimate the missing flow data. According to Table 5, in the
second artificial gap in this basin, the sub-ANFIS method is the best method with RMSE,
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Table 5 Results of Borda count for data estimation methods in Taleghan basin

Gaps Method Test period point Sum of Borda Group
points count
periods RMSE NSE R2 RMSE NSE R2
1991 LR 4.02 0.86 090 3 3 4 10 7 B
to MLR 5.26 075 086 2 2 2 6 8 B
1994 ANN(1) 3.40 089 090 4 4 3 11 6 B
ANN(2) 2.92 092 093 7 7 7 21 3 A
ANN(3) 10.15 008 013 0 0 0 0 10 C
ANN4) 5.36 074 078 1 1 1 3 9 C
ANN(5) 291 092 093 8 6 6 20 4 A
SVR 3.08 091 095 5 5 9 19 5 B
M5 2.69 093 094 9 9 8 26 2 A
Sub-ANFIS 2.99 092 092 6 8 5 19 5 B
FCM-ANFIS  2.50 095 095 10 10 10 30 1 A
2014 LR 3.46 083 087 2 2 2 6 7 B
to MLR 2.55 091 092 4 5 4 13 5 B
2017 ANN(1) 2.66 090 090 3 3 3 9 6 B
ANN(2) 2.40 091 092 6 6 5 17 4 A
ANN(Q3) 9.36 -043 0.18 0 0 0 0 9 C
ANN(®4) 4.14 0.76 0.78 1 1 1 3 8 B
ANN(5) 2.52 091 091 5 4 8 17 4 A
SVR 2.38 093 094 8 8 9 25 2 A
M5 2.40 092 093 7 7 6 20 3 A
Sub-ANFIS 1.67 096 097 10 10 10 30 1 A
FCM-ANFIS  2.10 094 094 9 9 7 25 2 A

NSE and R? criteria of 1.666, 0.964, and 0.967 respectively. As a result, ANFIS model is
the best method to recover the monthly flow data of the Taleghan basin compared to other
methods.

It is worthwhile to mention that all methods use streamflow data from surrounding
hydrometric stations except the ANN(3) and ANN(4) where only surrounding precipita-
tion data are used. Also, ANN(5) uses both precipitation and streamflow data from sur-
rounding stations. Therefore, it is not surprising to see that LR and MLR performs better
than ANN(3) and ANN(4). ANN(5) suffers from precipitation inputs that not only do not
help effectively the model performance but also introduce excessive parameters resulting in
worse outputs than the ANN(2) that only uses streamflow data.

The importance of utilizing the seasonal index becomes evident when comparing mod-
els with and without it. For example, when comparing the results of ANN(1) with ANN(2),
and ANN(3) with ANN(4), the effectiveness of the seasonal index becomes apparent. The
seasonal nature of streamflow in basins strongly impacts the accuracy of peak streamflow
estimation by the ANN(1) and ANN(3) models. However, the addition of seasonal index
as input to the neural network resulted in a significant improvement in estimating missing
values. In Fig. 8, the peak streamflow in Karaj basin is depicted, showing that the data esti-
mated by ANN(2) and ANN(4) align more closely with the observed peak streamflow data
compared to the other two neural network models.
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Fig.8 Observed and estimated streamflow in Siral station Karaj basin, in the period 2014-2017

As it can be seen from Table 6, there are similarities and some differences among the
performance of methods in different basins and different periods. However, it is noticeable
that ANFIS methods as well as SVR are superior in most cases. Also, it is interesting to
note that simple classic methods of LR and MLR are in some cases and overall better than
some machine learning methods when proper inputs are used. In other words, selecting
proper inputs (i.e., streamflow here) is more important than using more advanced method

Table 6 Results of Borda count-based grouping for all basins

Gap Method Taleghan Karaj Latyan Taleghan Karaj Latyan Overall
periods Borda count Group rating

1991 LR

to MLR

1994 ANNCD
ANN(2)
ANN(3)
ANN(4)
ANN(5)
SVR
M5
Sub-ANFIS
FCM-ANFIS

2014 LR

to MLR

2017 ANN(D)
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ANN(3)
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M5
Sub-ANFIS
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(i.e., ANN compared to LR or MLR). LR does well in the first gap period in all three
basins but it gives poor results in the second period in two basins, which is an indication
that it is unable to handle data variations during specific periods (i.e., wet or dry condi-
tions). MLR overcomes this problem by using more streamflow variables. M5 behaves dif-
ferently not only in different periods but also in different basins. It shows good results in
Taleghan but performs poorly in other two basins.

Figures 8 and 9 clearly show that method ANN(3) has very little accuracy in recovery
the base flow and peak flow data. It also supports the finding in evaluation figures esti-
mated earlier. This issue was clearly identified by comparing structures 1 and 2. Addition-
ally, ANN(5) exhibits poorer results compared to ANN(2) in the recovery of peak stream-
flow data. This is due to the rainfall variable contributing to an increase in network error,
similar to the conditions observed for structures 3 and 4.

On the other hand, ANN(5) works better than ANN(3) and ANN(4), because, in this
situation, the presence of the flow variable improves the performance of the network and
helps the learning process ANN. In general, the ANN(2) model performs better than other
ANN models, and the two input variables of flow and seasonal index make the neural net-
work perform well. Therefore, the use of ANN(5), in addition to increasing the volume of
calculations, also leads to weaker results.

Figure 8 shows the data estimated by the classical methods have less agreement with the
data observed in the peak streamflows. This issue shows the uncertainty of classical meth-
ods in peak streamflow data recovering.

Based on the results from Table 5, it is evident that the FCM-ANFIS method outper-
forms the classic LR (MLR) method in estimating missing data during the first artificial
gap (1991-1994) in the Taleghan basin. The FCM-ANFIS method achieved RMSE, NSE,
and R? criteria of 2.50, 0.95, and 0.95 respectively, while the classic LR (MLR) method
showed inferior performance with RMSE, NSE, and R? criteria of 4.02 (5.26), 0.86 (0.75),
and 0.90 (0.86) respectively.

Similarly, during the second artificial gap (2014-2017), the sub-ANFIS method dem-
onstrated superior performance with RMSE, NSE, and R? criteria of 1.67, 0.96, and 0.97
respectively. On the other hand, the LR and MLR methods performed worse with NSE
values of 0.83 and 0.91 in estimating missing streamflow data.

These results reinforce the overall ranking in Table 6, indicating that machine learn-
ing methods, particularly FCM-ANFIS and sub-ANFIS, are recommended for estimating
missing data in both the first and second artificial gaps. Therefore, it is advisable to utilize
machine learning methods in such situations based on the findings.

Observed and recovered streamflow (n*/s)

Observed and recoveredtreamflow (m*/s)

0 3 6 9 12 15 18 21 24 27 30 33 36 17 18 19 20 21 22 23
Time (Month) Time (Month)

—=—O0Obs -#-LR MLR —*%—ANN (1) -o--ANN (2) ANN (3)
——ANN (4) ——ANN (5) -=-SVR —Ms —8—Sub-ANFIS A~ FCM-ANFIS

Fig.9 Observed and estimated streamflow in Jostan station Taleghan basin, in the period 1991-1994
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In addition, Figs. 8 and 9 shows that the data estimated by sub-ANFIS and FCM-
ANFIS models have a good match with the observed peak streamflow data. The perfor-
mance of the methods based on machine learning, especially the ANFIS model, is very
satisfactory when the river flow increases.

Figure 10 shows the membership percentage of recovery methods in groups A, B and
C in this study. These results are based on the outputs obtained in three areas and two
gap periods.

According to Fig. 10 ANN(2), SVR, and FCM-ANFIS methods are placed in group
A more than other models, and none of them are seen in group C in any of the cases in
this research. Thus, the FCM-ANFIS method is always among the top 4 methods. Also
ANN(3) is always one of the weakest recovery methods (i.e., group C).

More detailed investigations show that the new M5 method is less than the classic
LR method in group C. As a result, compared to the classic LR method, it has a higher
accuracy in recovering missing data. Also, this method has a better performance than
MLR in recovering streamflow data in all basins, and it is mostly included in group A.

On the other hand, according to Fig. 10, the MLR method has better results than the
LR method. It can be concluded that the use of data from neighboring stations com-
pared to a neighboring station with high correlation, increases the accuracy of estimated
data in regression methods. Furthermore, the FCM-ANFIS method consistently belongs
to group A, unlike the sub-ANFIS method. Therefore, the selection of an appropriate
clustering method can significantly impact the final results.

Although the difference between the results of ANN, SVR and FCM-ANFIS models
is not significant, the results obtained by ANFIS models are mainly superior among
other models. The results from three basins demonstrate the effectiveness of machine
learning based methods in estimating missing streamflow data. This finding is consistent
with previous studies by Jing et al. (2022), Zhou et al. (2023), and Kim et al. (2015). It
is important to note that there is no single best model for all situations, as the selection
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of appropriate infilling methods depends on various factors such as the length of the
gap, available data length, and the topographical and climatic conditions of the region.

5 Conclusion

In the present study, the performance of 11 models, including LR, MLR, ANN, SVR,
M5, FCM-ANFIS and Sub-ANFIS, was evaluated in retrieving monthly streamflow data
in three basins in Alborz mountainous regions in northern Iran. Models were evaluated
using 26 years of data extending from 1991 to 2017, two periods of artificial gaps of data
were considered to overcome possible duration-based climate conditions that may affect
the results. Overall, as expected it was noticed that machine learning-based methods yield
better outputs compared to classical methods.

Also, it is interesting to note that simple classic methods of LR and MLR were bet-
ter than some machine learning methods when proper inputs are used. In other words,
it was shown that selecting proper inputs (i.e., streamflow here) is more important than
using more advanced method (i.e., ANN compared to LR or MLR). Additionally, the sig-
nificance of using the seasonal index was demonstrated by comparing the results of similar
models with and without the seasonal index. For instance, during the first artificial gap
(1991-1994) in the Taleghan basin, the values of RMSE, NSE, and R? in estimating the
missing data using the ANN(1) model were 3.40, 0.89, and 0.90, respectively. However,
these values improved when the seasonal index was added to the artificial neural network
(ANN (2)), resulting in values of 2.92, 0.91, and 0.93, respectively. This improvement was
also observed in other basins.

Additionally, it has been observed that methods utilizing streamflow data from sur-
rounding stations outperform those using rainfall data for estimating streamflow at the tar-
get station. For example, during the first artificial gap (1991-1994) in the Taleghan basin,
the performance metrics for estimating streamflow using rainfall data (ANN(3)) resulted
in RMSE of 10.15, NSE of 0.08, and R? of 0.13, which are inferior to the performance of
ANN(1) utilizing streamflow data from surrounding stations.

In order to compare the recovery methods of streamflow data and determine the meth-
ods with superior performance, Borda count method was used. Due to the large number of
models and stations investigated, Borda count method was used to summarize the general
results. For a more accurate comparison of the obtained results, after ranking the methods
in each basin and in each gap, the methods were classified into three groups A, B and C.
It was found that ANFIS methods as well as SVR are superior in most cases. The ANFIS
method with FCM clustering consistently ranks in group A across all basins, indicating the
significance of selecting the right clustering approach for the ANFIS model. 5SM behaves
differently in different basins and thus is not a reliable method for the area.
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