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بيانات       المفقودة في  البحث الى مقارنة بعض الطرائق الكلاسيكية مع الطرائق الذكاء الأصطناعي في تقديرالقيم  يهدف هذا 

السلاسل الزمنية أحادية المتغير لتحديد أدق الطرائق التي تعالج فقدان القيم في مجموعة بيانات السلاسل الزمنية أحادية المتغير  

(  بطريقة   % 20،   %15،  % 10،    %5( مع حذف مايعادل  أربع نسب للفقدان )300,100,60مختلفة )حيث تم أختيار حجوم عينات  

ويتم ذلك من خلال أستعمال أسلوب المحاكاة  ومن أجل الحصول على دقة أداء الطرائق    MARتحقق شروط الفقدان عشوائياً  

النتائج االى أن أكثر الطرائق دقة في تقدير القيم   . وأشارت  (MSE) تم أستعمال  معيار الدقة متوسط مجموع مربعات الخطأ  

 ( لأنها تنتج أقل قيمة من متوسط مجموع مربعات الخطأ  مقارنة بالطرائق الأخرى.  RBFالمفقودة  هي طريقة )

، أستكمال الجار LIالسلاسل الزمنية أحادية المتغير ، القيم المفقودة ،  الأستكمال الخطي الداخلي  الكلمات المفتاحية : 

، دالة الأساس  ARRES ،k-means، التمهيد الأسي )المعامل التكيفي(   LOCF، ترحيل اخر ملاحظة للأمام  NNIالأقرب

 .  SVR، آلة متجه دعم الأنحدار Bi-RNN، الشبكة العصبية المتكررة ثنائية الأتجاه  RBFالشعاعي 

 Abstract: - 

This research aims to compare the   some classical methods with the artificial intelligence methods 

in estimating the missing values in the univariate time series data to determine the most accurate 

methods that treat the missing values in the univariate time series data set, where different sample 

sizes (300,100,60) were chosen with the deletion of four Loss percentages (5%, 10%, 15%, 20%) 

in a way that meets the MAR random missing conditions, and this is done by using the simulation 

method, and in order to obtain the accuracy of the performance of the methods, the accuracy 

standard of the mean squared error (MSE) was used. The results indicated that the most accurate 

method in estimating the missing values is the (RBF) method because it produces the lowest value 

of mean squared error compared to other methods. 

Keywords: univariate  time series, Linear Interpolation(LI), nearest – Neighbor 

Interpolation(NNI), Last observation carried forward(LOCF), K-Means, Radial Basis Function 

(RBF), Bi-directional Recurrent Neural Networks (Bi-RNN), Support vector machine – 

Regression(SVR) 
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1- Introduction 

 The missing values and what is meant (the missing of a value or a set of values of information) in 

the univariate time series data set has become a realistic problem facing researchers in many 

scientific fields such as (medicine - engineering - science ...) because it directly affects the process 

of building mathematical models. And statistical, which affects the accuracy of the final results 

through which the correct decision is reached in the future. The reason for the missing values in 

the data set is due to a malfunction in the measuring device or errors in the sensor. In recent years 

there have been many studies and remarkable progress with the interest of researchers in 

developing and improving Methods to treat missing values before entering the statistical analysis 

process in order for researchers to obtain complete data to make accurate and correct decisions. In 

the year(Mahir and Al-Khazaleh, 2008)the researchers proposed a filtering process to estimate the missing 

values in the time series, where Box-Jenkins models were used to predict the monthly rainfall rate 

by using two sets of data, a group without missing data and missing data randomly according to 

ARIMA models (1,0,0) and (1,1,0) and to verify the result, the Naive test was used, which is Thiel's 

statistic. It turned out to be good models. In (Moustris et al., 2012) researchers used artificial neural 

network (ANN) models to estimate the missing values of the average daily concentration (PM10) 

and it was found that the models are excellent predictive methods for estimating the missing values 

in the time series data of atmospheric pollutants. In (Iwueze et al., 2018) researchers proposed new 

methods (RMI) Row Mean Imputation, (CMI) Columns Mean Imputation, and (DWMV) 

Decomposing Without the Missing Value to estimate missing values in time series data based on 

rows, columns, and total averages of the series data. The times are arranged in the Buys-Ballot 

table with m rows and s columns and are compared with the currently used methods (MI) Mean 

Imputations, (SM) Series Mean, (LI) Linear Interpolation and (RI) Regression Imputation, and the 

methods are evaluated through the accuracy measures (MAE, MAPE and RMSE) and the DWMV 

method achieved the best estimates in terms of accuracy measures to estimate the missing values 

compared to the current and new methods. In the same year (Mahboob et al., 2018) the researchers used 

three machine learning algorithms (K-Means, K-Nearest Neighbors, and K-Medoids Clustering) 

to estimate the missing values. The performance evaluation of the three algorithms was carried out 

by applying the Decision Tree and Random Forest algorithms. Forest algorithms and found that 

the K-Nearest Neighbors algorithm has a high accuracy in estimating missing values compared to 

other algorithms.(Yen et al., 2020) researchers used linear regression, support vector regression, 

artificial neural networks, and long short-term memory to estimate missing values in the time 

series. Deep learning models achieved better performance compared to with traditional models. In 
(Li et al., 2020) the researchers proposed a Multimodal Deep Learning Model to estimate missing values 

in heterogeneous traffic speed data. The model (MMDL) was compared with other models and 

through accuracy measures (MAE, MAPE, and RMSE). It was found that the proposed model has 

the best performance in estimating missing values. In (Yang et al., 2022)researchers proposed a 

generative adversarial network (ST-FVGAN) to estimate missing values in time series of taxi 

traffic data, where This network depends on the spatial and temporal correlation and external 

factors, where the model was built from a generator network consisting of a convolutional layer, a 

residual block, and a pixelhuffle block to distribute the data well in order to improve the accuracy 

of estimating the missing values, and then a network (Discriminator) was used to control the input 
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data. The accuracy of the network was assessed by the root mean squared error (RMSE) and they 

found that this network (ST-FVGAN) has high accuracy in estimating the missing values . 

 

Materials and Methods 

Classical Methods 1-  

1.1. Linear Interpolation 

This method is one of the simplest forms of interpolation (estimated a missing value or several 

missing values) that has an arithmetic nature that depends on data before and after the missing 

value ,Which is a single straight line connecting two points 𝑝0 = (𝑡0, 𝑦0) , 𝑝1 = (𝑡1, 𝑦1) or more , 

Where interpolation  is good in handling missing values in the data set where the straight line 

distance between them is short This missing values can be calculated through the equation below 
(Chapra and Canale, 2011): 

𝑌̂ = y0 +
y1−y0

t1−t0
 (t − t0)                                     (1) 

Where: 𝑌̂ is the missing value estimation function and y0 is the previous value that is before the 

missing value , and y1 is the suffix value that is after the missing value , and 𝑡𝑖 = 2,……  , 𝑛 − 1 

be between (𝑡0 < 𝑡𝑖 < 𝑡1) the time variable corresponding to the missing value,  (𝑡0) the previous 

value of the time variable and (𝑡1) suffix value of the time variable . 

1.2. Nearest – Neighbor Interpolation (NNI) 

A method is a form of interpolation used to estimate missing values in univariate time series, based 

on the endpoints of missing values as estimates of missing values, calculated according to the 

equation below: 

 

𝑌̂ = {

𝑌0     𝑖𝑓     𝑡 ≤ 𝑡0 + (𝑡1−𝑡0)

2

𝑌1       𝑖𝑓      𝑡 > 𝑡0 + (𝑡1−𝑡0)

2

                   (2) 

 

Where: 𝑌̂  the value of the nearest neighbor interpolation that is represented by the missing value, 

t  the time point in the equation of the nearest neighbor interpolation, (𝑌0, 𝑌1) represent the values 

before and after the missing value, and (𝑡0, 𝑡1) the time points before and after the time point t. 

1.3.   Last observation carried forward(LOCF) 

This method is one of the simple methods that are used with univariate time series to estimate the 

missing values , where each missing value is replaced by the last value seen in previous 

information in the same variable(Flores, Tito and Silva, 2019) the previous view is moved forward (Moritz et al., 

2015) 

𝑌̂ = 𝑦𝑖−1           … (3) 

2. Modern methods of artificial intelligence 

2.1. K-Means Clustering Algorithm   

(KMC) is a very famous grouping method that can be used in time series, it is considered one of 

the simplest and most popular unsupervised learning algorithms, its goal is to collect observations 

that are similar to each other in the data set to a number of clusters K, and each cluster is formed 
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by calculating the distance between the observation and the nearest central point, and the central 

point represents the basis for collecting data, the algorithm work steps as follows: 

1- We have the data set 𝑌 = {𝑦1, 𝑦2, …… , 𝑦𝑛} .  
2- Choose the number of clusters K required 2 ≤ 𝐾 ≤ 𝑛 . 

3- And then identify some random points called (centroids) within groups K, we can choose these 

points from the data itself or from external data(Patil, Joshi and Toshniwal, 2010). 

                 𝐶 = {𝑐1, 𝑐2, …… , 𝑐𝑘}                                       (4) 

4- We calculate the distance between each view with the nearest central point from the selected 

central points, to measure the distance, the squared Euclidean distance is used according to the 

equation below: 

𝐸 = ∑ (𝑦𝑖 − 𝐶𝐾)2                                (5)          𝑁
𝑖=1             

Where 𝑦𝑖 observation in the data set i=1,…,n  and 𝐶𝐾 central point k=1,…,k , N all observation. 

The method of choosing the best number of clusters K is not an easy method, and there are many 

ways to find it, the most famous of which is the (Elbow Method)(Patil, Joshi and Toshniwal, 2010), which is 

a method that determines whether the cluster was created according to a correct value calculation 

from Two main values are required, according to the calculation of the sum of the square of the 

error SSE between the cluster correlation for different K values, and the cluster correlation strength 

that has been collected from the data that is similar to each other can be calculated through (Within 

cluster sum of squares) and abbreviated by the symbol (WCSS) by calculating The distance 

between the observations and their center in each cluster, and then summing and squaring these 

distances in each cluster, and this is done according to the equation below(Cui, 2020) : 

5- 𝑊𝐶𝑆𝑆 = 𝑆𝑆𝐸1 + 𝑆𝑆𝐸2 + ⋯+ 𝑆𝑆𝐸𝑘            (6) 
Where :  

𝑆𝑆𝐸1 = ∑ 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑦𝑖, 𝑐1)
2

𝑦𝑖 𝑖𝑛 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 1

 + ⋯ 

 

+ 𝑆𝑆𝐸𝑘 = ∑ 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑦𝑖, 𝑐𝑘)
2

𝑦𝑖 𝑖𝑛 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 𝑘

                   

                    
6- Calculate the mean to create the new center point according to the equation below 

𝐶𝐾 =
∑ 𝑧𝑖𝑘𝑦𝑖

𝑛
𝑖=1

∑ 𝑧𝑖𝑘
𝑛
𝑖=1  

                                            (7) 

Where : 𝑧𝑖𝑘 the degree of observation  i  in the set k, and it takes the values𝑧𝑖𝑘 = {0,1} i.e. 𝑧𝑖𝑘 =
0 that it means the observation i is not in the set k(𝑦𝑖 ∉ 𝑌𝑘)  and 𝑧𝑖𝑘 = 1 that it means the 

observation i is in the set k(𝑦𝑖 ∈ 𝑌𝑘) , 𝑦𝑖 observations in the dataset. 

7- Calculate the basic function of k-means according to the equation below:  

 

min∑ ∑ 𝑧𝑖𝑘   ‖𝑦𝑖 − 𝑐𝑘‖
2𝑛

𝑖=1
𝑐
𝑘=1                              (8) 

Where : ∑ ‖𝑦𝑖 − 𝑐𝑘‖
2𝑛

𝑖=1  The Euclidean distance between each view with the nearest central point 

, ∑ 𝑧𝑖𝑘   
𝑐
𝑘=1  Total observations in the dataset .   
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8- We repeat steps 3 to 5 until the ideal division of clusters is reached. 

9- Values are estimated by taking the average of clusters of the same category with the number of 

non-missing values. 

 

2.2. Radial Basis Function Neural Networks (RBF) 

RBF is one of the most important methods of supervised machine learning it is a type of artificial 

neural network (ANN), It contains linear processing units that convert a non-linear, non-separable 

problem into a linear separable problem, used to estimate missing values in time series  ,the 

network having of three layers: input layer  ,hidden layer  and output layer. in hidden layer Contains 

activation function Gaussian ,Its equation can be computed using Eq. (9).(Jinkun, 2013) 

𝐺𝑗 = 𝑒𝑥𝑝 (−
‖𝑦𝑖−Cp‖

2

2𝜎𝑗
2 )           𝜎 > 0                                      (9) 

Where: 𝜎𝑗
2  represent the width value of Gaussian function for neural net j,  𝑦𝑖  represent input 

values, Cp represent  the center vector of the Radial Basis Function whose value is determined 

using the k- means clustering algorithm that will be mentioned in the following paragraphs. 

 

But the final output of the network RBF can be computed using Eq. (10). 

𝑌̂𝑚 = ∑ 𝑤𝑗𝑖 [𝑒𝑥𝑝 (−
‖𝑦𝑖−Cp‖

2

2𝜎𝑗
2 )]

𝑇
𝑚
𝑖=1                                     (10) 

Where: 𝑤𝑗𝑖  represent the weight in the output sum , 𝑚 represent the number of neurons in the 

hidden layer that each contain a Gaussian activation function , The other symbols have already 

been explained. 

The work of the network RBF to apply the radial basis function in the hidden layer of a non-linear 

nature is by calculating the Euclidean distance between the center of the activation function and 

the input vector. neural in the output layer to obtain the output values of the radial basis function 

network, which are linear in nature. 

2.3. Bi-directional Recurrent Neural Networks (Bi-RNN) 

Bi-RNN It is a distinctive and advanced type of recurrent neural network. RNN It is a type of 

neural network that is used in deep learning as it uses its hidden units to analyze the data set(Ashour, 

2022). The previous and subsequent time steps can be exploited to estimate the missing values as it 

consists of a combination of two separate hidden layers of the network.(Cao et al., 2018) 

• The output of the forward hidden layer ℎ𝑡
⃗⃗  ⃗ 

     ℎ𝑡
𝑓 = 𝜎𝑠𝑖𝑔(𝑦𝑡 ∗ 𝑊𝑦ℎ

𝑓
+ ℎ𝑡−1

𝑓 ∗ 𝑊ℎℎ
𝑓

+ 𝑏ℎ
𝑓
)                   (11) 

 

 Where  𝑦𝑡  input observations, 𝜎𝑠𝑖𝑔  activation function,  𝑊𝑦ℎ
𝑓

 and 𝑊ℎℎ
𝑓

 weight parameter, 𝑏ℎ
𝑓
 

bias, ℎ𝑡−1
𝑓
 The hidden state in the previous time step. 

• The output of the background hidden layer ℎ𝑡
⃖⃗ ⃗⃗  

     ℎ𝑡
𝑏 = 𝜎𝑠𝑖𝑔(𝑦𝑡 ∗ 𝑊𝑦ℎ

𝑏 + ℎ𝑡−1
𝑏 ∗ 𝑊ℎℎ

𝑏 + 𝑏ℎ
𝑏)                   (12) 
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    Where  𝑦𝑡  input observations, 𝜎𝑠𝑖𝑔  activation function, 𝑊𝑦ℎ
𝑏  and 𝑊ℎℎ

𝑏  weight parameter,  𝑏ℎ
𝑏 

bias, ℎ𝑡−1
𝑏
 The hidden state in the previous time step. 

 

• The output bi-directional recurrent neural network 

                           𝑦̂𝑡 = 𝜎𝑠𝑖𝑔(𝑤𝑦̂ℎℎ𝑡 + 𝑏𝑦̂)                               (13) 

 

2.4. Support Vector Regression (SVR) 

SVR is a type of SVM used to deal with regression models. It is one of the supervised machine 

learning algorithms. It is used to estimate missing values from a data set of observations, each of 

which is represented by a point with multiple input values and one output value(Gazzola and Jeong, 2021). 

The best and optimum is called hyperplane (the hyperplane) and is symbolized by the symbol 𝑦0. 

It separates the data set into two independent sets and equally distributed around the values to be 

estimated, provided that the observations of the data set do not exceed the two lines ( 𝑦1,  𝑦2) and 

any observations outside the two lines are neglected and thus any errors will be neglected -  The 

goal of this algorithm is to make the distance (margin) between the two lines ( 𝑦1,  𝑦2) as large as 

possible. 

- The linear form of a hyperplane is given by the equation below(Gazzola and Jeong, 2021): 

 

𝑌̂ = 𝑊𝑇𝑦 + 𝑏        ……. (14) 

 

where 𝑌̂ the output (real number) and 𝑦 vector the input and W the weight vector that consists of 

real numbers whose dimensions are the same as the dimensions of the vector 𝑦 and b is the bias ( 

real number)  

3. Simulation  

In this research, the MATLAB program was used to generate the simulation model, which is the moving 

average model, once when the value β =0.5 and once when the value β =0.9, in order to compare the 

methods used to estimate the missing values in the time series, where the experiment was repeated (500 

once) with the use of three different sizes of sample (60,100,300) and this is done through  : 

1- Generate variable X into numbers following the standard normal distribution  . 
2- Generating data through random error that has a standard normal distribution with (mean = zero, variance 

= 1) 

𝑒𝑡~N (0,1). 

3- Using the simulation model of Box-Jenkins models, which is called the first-order moving averages model  
(Gorgess, 2017) 

MA(1)   𝑌̂𝑡 = 𝑒𝑡 − 𝛽𝑒𝑡−1          𝛽1=0.5 و 𝛽1=0.9 

4- The type of data missing is Missing at Random (MAR), Taking four different missing ratios (5%, 10%, 

15%, and 20%).   

5- A comparison has been made between the methods of estimating the missing values by 𝑀𝑆𝐸  

means of an explanation of the best method of estimation(محمد and 2018 ,سليم) 𝑀𝑆𝐸 =
∑ (𝑌𝑡−𝑌̂𝑡)

𝑛
𝑡=1

𝑛
 

3.1. Discussion of Results  
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Table (1) summarizes the results (MSE) for  a model MA(1)  at  𝛽1=0.5 the methods used to estimate the 

missing values when the sample size is (60,100,300) with missing (5%,10%,15%,20%) and with repetition 

(r=500) 

 
MSE 

Method 

 
Missin

g 

sampl

e size 
LI NNI 

LOC

F 

K-

means 
RBF SVR 

Bi-

RNN 

𝛽 

=0.

5 

5% 

60 
0.007

9 

1.800

0 

0.041

0 

0.05730

2 

0.000122

75 

0.021

7 
0.1228 

100 
0.004

6 

0.500

0 

0.051

3 

0.05867

8 

0.000040

39 

0.016

2 
0.1425 

300 
0.001

7 

0.450

0 

0.051

2 

0.02248

4 

0.000018

01 

0.005

6 

0.0412

3 

10% 

60 
0.008

4 

3.600

0 

0.124

6 

0.04414

88 

0.000149

04 

0.022

4 
0.1523 

100 
0.005

0 

0.100

0 

0.093

6 

0.07175

61 

0.000012

98 

0.014

1 
0.2492 

300 
0.001

7 

0.900

0 

0.100

2 

0.02429

3 

0.000011

04 

0.005

1 

0.0670

6 

15% 

60 
0.008

2 

5.400

0 

0.169

5 

0.05464

37 

0.000073

13 

0.027

8 
0.2140 

100 
0.005

2 

0.150

0 

0.130

3 

0.07937

84 

0.000011

63 

0.016

2 
0.2954 

300 
0.001

6 
0.135 

0.148

5 

0.02292

7 

0.000003

22 

0.004

8 

0.0897

2 

20% 

60 
0.007

5 

7.200

0 

0.169

5 

0.03890

98 

0.000144

6 

0.020

4 
0.2900 

100 
0.005

1 

0.200

0 

0.210

4 

0.07897

21 

0.000014

26 

0.014

6 
0.3817 

300 
0.001

5 
0.180 

0.187

9 

0.02428

0 

0.000003

13 

0.005

5 

0.0100

4 

 

Table (2) summarizes the results (MSE) for  a model MA(1)  at  𝛽1=0.9 the methods used to estimate the 

missing values when the sample size is (60,100,300) with missing (5%,10%,15%,20%) and with repetition 

(r=500) 

 
MSE 

Method 

 Missing 
sample 

size 
LI NNI LOCF 

K-

means 
RBF SVR Bi-RNN 

𝛽 

=0.9 
5% 

60 0.0080 1.8000 0.0377 0.399298 0.00125047 0.0250 0.0645 

100 0.0048 0.5000 0.0511 0.183813 0.000016653 0.0162 0.01193 
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1- We note from Table 1 , when 𝛽 =0.5  that the best method for estimating the missing values is the radial 

basis function RBF method, by calculating the value of the average squares of error for all methods, so the 

method was characterized by high accuracy because it has the lowest value in at the missing ratios 

(5%,10%,15%,20%) and for all sample sizes (60,100,300). 

2- We note from Table (1), when 𝛽 =0.5  the method NNI was the worst at sample size 60 and for all missing 

ratios. 

3- We note from Table (2), when 𝛽 =0.9, that the best methods for estimating the missing values are RBF at 

the missing ratios (5%,10%,15%,20%) and for all sample sizes (60,100,300) because they have the lowest 

value of MSE . However, the method NNI was the worst at sample size 60 and for all missing ratios. 

4- We note from Table (1), (2) that the methods are convergent in values at the missing ratios (5%, 10%, 15%, 

20%) and for all sample sizes (60,100,300) because they have the lowest value for MSE, but method RBF 

outweighs all other methods. Except for the method NNI that was the worst among them at the sample size 

60 and for all Missing ratios. 

4. Conclusion 

1- Simulation results showed that the best method for estimating the missing values is a method RBF 

where this method is characterized by high accuracy because it has the lowest rate MSE compared 

to other methods. 

2- The sample size had a significant and clear effect on the accuracy of the results RBF because the 

value gradually decreases with the increase in the sample size.  

3- All the methods used in the research can be used in the process of estimating the missing values 

in the different sizes of the samples and for all the percentages of missing. Only a method NNI 

that cannot be used with the small sizes because it gave the worst rate of MSE for all the 

percentages of missing. 
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