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Abstract. This study compares the methods of Linear Interpolation, Kalman Filtering, SVR, and 

RNN-GRU for multivariate time series that exhibit linear trends and seasonality. Synthetic data 

for three variables were generated for small, medium, and large sample sizes. Missing values 

were systematically inserted using Missing Completely at Random (MCAR) and Missing Not at 

Random (MNAR) patterns with proportions of 10%, 20%, and 35%. The accuracy of imputation 

was evaluated using RMSE, MAPE, and R² over 150 simulation repetitions per scenario. The 

results indicate that each method has advantages under certain conditions. Linear Interpolation 

is suitable for data with linear trends, small sample sizes, and low to moderate missingness levels, 

and is effective for both MCAR and MNAR patterns. Kalman Filtering is optimal for medium 

to large datasets, particularly in handling linear and seasonal trend patterns with high proportions 

of missing data due to MCAR. SVR excels in large seasonal data scenarios with MNAR 

missingness patterns. RNN-GRU performs well under low missingness conditions, particularly 

for small seasonal datasets with MNAR patterns. These findings emphasize that the choice of 

imputation method should consider data size, trend patterns, and the missing data mechanism to 

minimize bias and preserve the integrity of the temporal structure. 
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1. Introduction 

Multivariate time series comprises a collection of univariate time series (metrics), each delineating 

distinct components or characteristics of a complicated entity[1]. This type of data is widely utilized in 

meteorology (such as recording temperature, humidity, and air pressure), economics and finance (for 

example, stock prices, market indices, and trading volume), as well as health (such as blood pressure, 

heart rate, and body temperature of patients)[2]–[4]. The main advantage of multivariate data is its 

ability to capture the dynamics of relationships and interdependencies among variables within a system 

that changes over time[5]. 

Missing values present a major challenge in processing multivariate time series data, since losing 

one or more values in the time sequence can disrupt the structure of temporal relationships between 

variables[6]. This can lead to biased estimates, reduced statistical power, and inaccuracies in developing 
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predictive models[7]. For instance, in financial market analysis, missing trading data during certain 

periods can lead to incorrect conclusions about market movements. Moreover, in critical applications 

such as patient monitoring, the loss of vital data, such as heart rate or body temperature, can delay 

medical intervention, potentially resulting in fatal outcomes[8]. Therefore, handling missing data must 

be done carefully and systematically to preserve the integrity of the analysis results. Time series data 

have a temporal nature, meaning there is a dependence between the current value and previous values[9]. 

In many cases, time series data exhibit long-term trend patterns or seasonal cycles that recur, such as 

monthly sales patterns or annual weather cycles. Missing data at specific points in time within this 

sequence can break the flow of important information that forms the basis for predictive modelling. As 

a result, models relying on historical patterns cannot be optimally constructed[10]. Hence, the presence 

of missing data in time series cannot be overlooked and requires an approach that aligns with the data’s 

temporal structure. 

The two mechanisms for missing data are missing at random (MCAR) and missing not at random 

(MNAR)[11]. MCAR is the assumption that the occurrence of missing data is independent of both 

observed and unobserved data[12]. In contrast, MNAR occurs when data loss follows a sequential or 

block pattern, where the chance of missing data depends on the actual data value or unobserved external 

factors. Recognizing this difference is crucial because MCAR generally does not cause significant bias, 

whereas MNAR can considerably skew the results[13]. 

Imputation represents a viable approach for managing missing data. It substitutes absent values with 

plausible estimates obtained from observed information, thereby maintaining the dataset’s integrity and 

facilitating comprehensive analysis[13]. The choice of imputation method in this study is driven by the 

need to address the complex features of multivariate time series data, which include linear and seasonal 

trends, as well as MCAR and MNAR missing patterns[14]. The main methods used are traditional 

techniques, machine learning-based methods, and deep learning[13]. From a traditional perspective, 

linear interpolation is selected for its simplicity and capacity to estimate missing values between 

neighboring time points linearly. Meanwhile, the Kalman Filter is utilized due to its dynamic updating 

mechanism, based on a state-space model, making it well-suited to handle fluctuations and system 

dynamics that vary over time[15]. To overcome the limitations of linearity and capture non-linear 

patterns, machine learning methods such as Support Vector Regression (SVR) are applied, thanks to 

their ability to model non-linear relationships and robustness against outliers, due to kernel functions 

and margin-based loss[16]. For deep learning, Recurrent Neural Networks (RNN) with Gated Recurrent 

Unit (GRU) architecture are employed to accommodate complex temporal dependencies[17]. Each 

method has different characteristics, assumptions, and levels of complexity in handling temporal 

relationships and data loss patterns. Traditional methods excel in simplicity and computational 

efficiency but are less adaptable to nonlinear patterns. Conversely, Machine Learning and Deep 

Learning methods are more capable of capturing complex dynamics and nonlinear relationships, 

although they require large amounts of data and high computational resources. Therefore, a comparison 

between these three approaches is necessary to assess the effectiveness, efficiency, and stability of 

imputation performance under various data loss conditions (MCAR and MNAR), so that the most 

suitable method for multivariate time series data characteristics can be identified. This research aims to 

thoroughly evaluate the performance of these four imputation methods within the context of multivariate 

time series data showing linear and seasonal trends, with MCAR and MNAR missing patterns. Through 

this approach, it is hoped that the most suitable imputation method can be recommended based on data 

characteristics, the extent of missingness, and the dataset's scale. 

 

2. Literature Review 

2.1. Multivariate Time Series Data  

Time series data is a sequence of observations recorded in order over a period. A key feature of this data 

is the presence of temporal dependence, meaning that the value at a specific time is strongly influenced 

by previous values[18]. Multivariate time series data involves two or more variables recorded at the 
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same time[19]. The primary benefit of the multivariate approach is its capacity to capture complex 

relationships and interactions between variables[20]. 

There are several significant benefits of analyzing multivariate time series data. Firstly, it can identify 

cross-correlation or inter-variable relationships over time[21]. Secondly, multivariate predictive models 

such as Vector Autoregression (VAR) and Dynamic Factor Models (DFM) can enhance forecasting 

accuracy, as they incorporate information from multiple variables that collectively improve prediction 

performance[22][23]. Thirdly, this approach opens opportunities to uncover causality and feedback 

within complex systems, as well as support more precise data-driven decision-making[24]. 

In many studies, including those by Chatfield and Hyndman & Athanasopoulos, it is well established 

that the primary components of a time series consist of linear trends and seasonal patterns, which 

indicate long-term directional changes and recurring fluctuations[25]. A linear trend in a time series 

depicts gradual and steady changes over the long term[26]. This pattern can be either increasing or 

decreasing over time[27]. In the context of multivariate data, linear trends are observed simultaneously 

across different variables, such as an increase in the number of motor vehicles alongside rising air 

pollution in urban areas[28]. Meanwhile, seasonal or seasonal trends refer to variations that recur within 

specific periods, such as daily, weekly, monthly, or yearly[29]. These seasonal characteristics are 

typically influenced by natural or social cyclic factors, and such patterns can vary between variables 

within a multivariate system. Hyndman & Athanasopoulos (2018) emphasize that accurate modelling 

of seasonality is crucial for detecting outliers, forecasting, and preventing the misinterpretation of long-

term trends[30]. During imputation, missing values in the seasonal or strong linear trend components 

can compromise data quality, so the imputation methods employed must be capable of preserving these 

patterns consistently[6]. 

 

2.2. Missing Value in Time Series Data 

Missing values in time series data refer to the absence of one or more observations at specific time points 

within a chronologically ordered dataset. Each observation in time series has a distinct temporal position, 

and missing entries not only represent a loss of information but can also disrupt the continuity and 

temporal dependency structure essential for accurate modeling and forecasting[31]. Losing even a single 

data point can break this chain of information, leading to a distorted understanding of the underlying 

process[32]. The mechanism of data loss, as originally classified by Rubin (1976), includes three main 

categories: Missing Completely at Random (MCAR) and Missing Not at Random (MNAR), which 

continue to underpin modern studies on missing data in time-dependent systems[33], directly influences 

the choice of appropriate methods for handling missing data and the potential for bias in the analysis. 

There are two primary mechanisms of data loss[14]: 

 

2.2.1. Missing Completely at Random (MCAR) 

The mechanism of MCAR is that the likelihood of losing an observational value is consistent 

across all cases or units of observation. Most importantly, this probability does not depend on the 

actual value of the variable itself (whether observed or missing), nor on the values of other 

variables in the dataset [34]. Simply put, data loss under MCAR happens entirely at random, as 

if data is lost due to an "accident" unrelated to any information within the dataset[35]. This 

condition implies that a complete set of data (i.e., data without missing values) represents an 

unbiased random sample of the original dataset, which should be complete[36]. In the case of 

multivariate time series data, MCAR often appears as data points that disappear sporadically and 

irregularly at various times across different variables. 

 

2.2.2. Missing Not at Random (MNAR) 

Unlike MCAR, MNAR occurs when the chance of an observed value being missing directly 

depends on the value of the missing variable itself, even after accounting for all other observed 

variables in the dataset[37]. This means there is a systematic reason why the data is missing, and 

that reason is directly linked to the value that should be present. MNAR is the most complex and 
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challenging data loss scenario to handle statistically because key information about the data 

missingness mechanism is contained within the unobserved values[38]. Ignoring MNAR can lead 

to serious bias in parameter estimates and research conclusions. In the context of multivariate 

time series data, MNAR often appears as blocks of data missing sequentially or as systematic 

stopping points. 

 

2.3. Imputation Method 

2.3.1. Linear Interpolation 

Linear Interpolation is a straightforward technique that fills in missing values by assuming a linear 

relationship between two adjacent known data points[36]. For the observation vector 𝑌𝑡 ∈ ℝ
𝐷 at 

time t, if the i-th component 𝑌𝑡𝑘, namely 𝑦𝑖 , 𝑡𝑘, is missing, and 𝑦𝑖 , 𝑡𝑘−1 and 𝑦𝑖 , 𝑡𝑘+1 are known, 

then: 

𝑦𝑖,𝑡𝑘 = 𝑦𝑖,𝑡𝑘−1 +
𝑦𝑖,𝑡𝑘+1 − 𝑦𝑖,𝑡𝑘−1
𝑡𝑘+1 − 𝑡𝑘−1

(𝑡𝑘 − 𝑡𝑘−1) 
(1) 

 

for each variable (component i) in the multivariate time series data separately, the missing 𝑦𝑖 , 𝑡𝑘 

identification. Find the two closest observed data points before (𝑦𝑖 , 𝑡𝑘−1 on 𝑡𝑘−1) and after 

(𝑦𝑖 , 𝑡𝑘+1 on 𝑡𝑘+1) the missing value. Apply 𝑦𝑖,𝑡𝑘 = 𝑦𝑖,𝑡𝑘−1 +
𝑦𝑖,𝑡𝑘+1−𝑦𝑖,𝑡𝑘−1
𝑡𝑘+1− 𝑡𝑘−1

(𝑡𝑘 − 𝑡𝑘−1) to 

calculate the estimate 𝑦𝑖,𝑡𝑘. Replace the missing value 𝑦𝑖,𝑡𝑘 with the estimated value[39].  

 

2.3.2. Kalman Filtering 

Kalman Filtering models a multivariate time series 𝑦𝑡 ∈ ℝ
𝑝 as an error projection of a latent 

variable 𝑥𝑡 ∈ ℝ
𝑚[34]. The model can be expressed in linear-Gaussian form[40]: 

 

 𝑥𝑡 = 𝐹𝑡𝑥𝑡−1 +𝑤𝑡;𝑤𝑡~𝑁(0,𝑄),      𝑦𝑡 = 𝐻𝑥𝑡 + 𝑣𝑡; 𝑣𝑡~𝑁(0, 𝑅) (2) 
where, 

 𝑄 = 𝑉𝑎𝑟(∆𝑥𝑡),      𝑅 = 𝑉𝑎𝑟(∆𝑥𝑡); 𝑡 < 𝑡𝑚𝑖𝑠𝑠𝑖𝑛𝑔 (3) 

with prediction steps [41], 

 𝑥(𝑡|𝑡 − 1) = 𝐹𝑥(𝑡 − 1|𝑡 − 1),     𝑃(𝑡|𝑡 − 1) = 𝐹𝑃(𝑡 − 1|𝑡 − 1)𝐹
𝑇 + 𝑄 (4) 

and updates [34], 

 
𝐾𝑡 = 𝑃(𝑡|𝑡 − 1)𝐻𝑡

𝑇 (𝐻𝑃(𝑡|𝑡 − 1)𝐻𝑡
𝑇 + 𝑅𝑡)

−1
,     

𝑥(𝑡|𝑡) = 𝑥(𝑡|𝑡 − 1) + 𝐾𝑡 (𝑦𝑡 −𝐻𝑥(𝑡|𝑡 − 1)),   

𝑃(𝑡|𝑡) = (1 − 𝐾𝑡)𝑃(𝑡|𝑡 − 1) 

(5) 

 

The recursive minimum-variance estimator was first published by Kalman and was thoroughly 

reformulated for the 𝑝,𝑚 arbiter case by Durbin & Koopman. The core of the Kalman Filter's 

imputation mechanism lies in how it responds to the absence of new observations. In the 

prediction-update cycle, the update step (measurement update) entirely depends on the 

availability of a new measurement vector 𝑦𝑡. When the observation 𝑦𝑡 is unavailable at time t, 

indicating that data is missing, the update step cannot be performed[41]. When the measurement 

𝑦𝑡 is missing and the update step is skipped, the filter relies entirely on the prediction step to 

continue. The 'best' estimate of the state at time k, with information available up to k, is simply 

the result of the prediction made at the previous step. Mathematically, this means[41]:  

• A posteriori state estimation  is the same as  a priori estimation: x̂t + 1𝑥𝑡 + 1𝑥𝑡|𝑡−1 

• The covariance of the a posteriori error is equal to the covariance of the a priori: 𝑃𝑡|𝑡 = 𝑃𝑡|𝑡−1 

Along with that, uncertainty continues to spread and grow. Since there is no new information 

from measurements to reduce the uncertainty, the error covariance matrix continues to increase 
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according to the dynamic model and process noise[42]: 

 

 𝑃𝑡+1|𝑡 = 𝐹𝑡+1𝑃𝑡|𝑡𝐹𝑡+1
𝑇 + 𝑄𝑡+1 = 𝐹𝑡+1𝑃𝑡|𝑡−1𝐹𝑡+1

𝑇 + 𝑄𝑡+1 (6) 

 

This behaviour intuitively makes a lot of sense: the longer no new data is received from the 

real world, the more uncertain one becomes about the true state of the system. The filter 

quantitatively captures this increase in uncertainty within the P matrix[41]. 

 

2.3.3. Support Vector Regression (SVR) 

SVR is a non-linear regression algorithm that is not inherently designed for sequential data. 

Therefore, to use it in time series imputation, the problem must first be transformed into a 

supervised regression format[43]. Data transformation with lagged values can convert time series 

data into a feature-target format[16]. For each data point 𝑦𝑡 to be predicted (imputed), a series of 

previous observations (𝑦𝑡−1, 𝑦𝑡−2, . . . , 𝑦𝑡−𝑝 is used as predictor features[34]. The value p is the 

number of lagged observations chosen. This process effectively transforms the univariate time 

series problem into a multivariate regression problem where SVR can learn the relationships 

between past values and the current value[34]. 

The SVR model is trained exclusively on complete data segments (without missing values). 

This model learns a non-linear function that maps feature vectors (lagged values) to the target 

value (current value)[44]. The main advantage of SVR at this stage is its ability to handle non-

linear relationships through the kernel trick (for example, with the RBF kernel)[36]. Estimation 

for SVR: 

𝑓(𝑥) = 𝑤𝑇𝜑(𝑥) + 𝑏;min
1

2
||𝑤||

2
+ 𝐶∑(𝛼𝑖 + 𝛼𝑖

∗) (7) 

Once the SVR model is trained, it is used to predict missing values. For each missing data 

point at time t, a feature vector made up of the available past values is fed into the trained SVR 

model. The output of this model is the estimated value for the missing point[45]. 

 

2.3.4. Recurrent Neural Network Gated Recurrent Unit (RNN-GRU) 

Missing data imputation with RNN-GRU is a deep learning technique that utilises the ability of 

GRU to identify temporal patterns in time series[37]. This approach works by establishing a link 

between previous observation values and the missing data through a hidden state mechanism[38]. 

GRU employs two main gates[1]: 

Update gate: 

 𝑧𝑡 = 𝜎(𝑊𝑧𝑥𝑡 + 𝑈𝑧ℎ𝑡−1 + 𝑏𝑧) (8) 

Reset gate: 

 𝑟𝑡 = 𝜎(𝑊𝑟𝑥𝑡 + 𝑈𝑟ℎ𝑡−1 + 𝑏𝑟) (9) 

Then the state candidates are counted: 

 ℎ̃𝑡 = tanh(𝑊ℎ𝑥𝑡 + 𝑈ℎ(𝑟𝑡⊙ℎ𝑡−1) + 𝑏ℎ) (10) 

and the final hidden state: 

 ℎ𝑡 = (1 − 𝑧𝑡) ⊙ ℎ𝑡 − 1 + 𝑧𝑡⊙ ℎ̃𝑡   (11) 

The prediction output to fill in missing data is obtained from: 

 𝑦̂𝒕 = 𝑉ℎ𝑡 + 𝑏𝑦  
(12) 

 
2.4. Evaluation Matrix 

Several evaluation matrices commonly used in comparative studies are Root Mean Square Error 

(RMSE), Mean Absolute Error (MAE), and the Coefficient of Determination (R²)[38]. These 
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metrics can be used to assess the quality of predictions both individually for each variable and 

overall within a multivariate framework[38]. A low RMSE value indicates more accurate 

imputation results and better model performance[38]. The formulas for RMSE, MAE, 𝑅2 are as 

follows: 

 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)

2

𝑛

𝑖=1

      (13) 

 
𝑀𝐴𝐸 = 

1

 𝑛
 ∑|𝑦𝑖 − 𝑦̂𝑖|

𝑛

𝑖−1`

      (14) 

 
𝑅2 = 1 −

∑ (𝑦𝑖 − 𝑦̂𝑖)
2𝑛

𝑖=1

∑ (𝑦𝑖 − 𝑦̅)
2𝑛

𝑖=1

 (15) 

 

In the context of multivariate three-matrix evaluation, this can be calculated for each variable, 

and then the values can be averaged to obtain an overall estimate of the quality of imputation across 

the dataset. 

 

3. Research Method 

This study is simulative and aims to assess the performance of various imputation methods for 

multivariate time series data with missing values. The process involves systematically generating 

synthetic data, introducing missing data based on specific mechanisms, applying imputation techniques 

from classical methods, machine learning, and deep learning, and evaluating the imputation outcomes 

using quantitative metrics such as Root Mean Square Error (RMSE), Mean Absolute Percentage Error 

(MAPE), and the coefficient of determination (R²). 

 

3.1. Synthetic Data Generation 

The data used in this study were generated simultaneously using two main scenarios, namely the 

linear trend scenario and the seasonal scenario. Each scenario produces multivariate time series 

data with three variables (p = 3) that are interrelated. Correlations between variables are established 

through the Cholesky decomposition of a predefined correlation matrix. 

 

3.1.1.  Trend Linier Scenario 

 In this scenario, each variable follows the following model: 

 

 𝒚𝒕,𝒊 = 𝜷𝒊 ⋅ 𝒕 + 𝜺𝒕,𝒊 (16) 

 

with 𝜷𝒊 ∼ 𝑼(𝟎, 𝟐𝟎, 𝟎, 𝟑𝟎), and 𝜺𝒕,𝒊  are components of multivariate Gaussian noise with 

correlation between variables[15]. 

 

3.1.2. Seasonal Scenario 

For seasonal patterns, data is generated using the model: 

𝑦𝑡,𝑖 = 𝛽𝑖 ⋅ 𝑡 + 𝐴𝑖 ⋅ sin (
2𝜋𝑡

𝑝𝑒𝑟𝑖𝑜𝑑
+ 𝜙𝑖) + 𝜀𝑡,𝑖 (17) 

with the parameter 𝜷𝒊,  𝒊, 𝝓𝒊, and is generated from uniform distribution. The components are 

𝜺𝒕,𝒊 the same multivariate Gaussian noise as in linear scenarios [46]. Simulations were carried out 
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on three data size scenarios, namely small: 50 observations, medium: 200 observations and large: 

2000 observations[15]. 

 

3.2. Missing Value Mechanism 

After the data is generated, missing values are inserted based on two mechanisms. MCAR (Missing 

Completely at Random) occurs when missing values are randomly inserted without a specific 

pattern, while MNAR (Missing Not at Random) happens when missing values occur sequentially, 

similar to dropout patterns in observational data. Each mechanism is applied at three levels of 

missingness: Low: 10%, Medium: 20%, and High: 35%[47]. 

 

3.3.  Imputation Method Used 

After the missing data was inserted, an imputation process was carried out using three groups of 

methods, namely traditional methods[31], machine learning, and deep learning[46]. 

 

3.3.1.  Traditional Method 

• Linear Interpolation: Filling gaps with data points interpolated between available values. 

• Kalman Filtering: A state-space model method for smoothing and predicting values. 

3.3.2.  Machine Learning Method 

• Support Vector Regression (SVR): A regression technique that maximises the margin with 

non-linear features. 

          3.3.3. Deep Learning Method 

• Recurrent Neural Network (RNN): A deep learning model that accounts for temporal 

dependence, utilising a GRU (Gated Recurrent Unit) architecture for autoregressive 

imputation. 

 

3.4.  Work Evaluation Matrix  

To assess the accuracy of the imputation results, the imputed values are compared with the original 

values using three evaluation metrics[11]: 

• Root Mean Square Error (RMSE): Measures the average squared error and is sensitive to 

outliers. 

• Mean Absolute Percentage Error (MAPE): Shows the error as a relative percentage. 

• Coefficient of Determination (R²): Shows the proportion of variability in the original data that 

can be explained by the imputation results. 

The evaluation was performed with 100 repetitions per scenario to ensure a stable and reliable 

performance estimate. 
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3.5. Flowchart  

 

Figure 1. Research flowchart. 

4. Result and Discussion 

The data used in this study were generated synthetically using two time series generation functions: 

make_linear for linear trends and make_seasonal for seasonal trends. Below is a plot of an example of 

the simulated data generated. 

  
(a) (b) 

 

Figure 2. (a) Multivariate Linear Trend Time Series Data (b). Seasonal Multivariate Trend Time 

Series Data 

Once the data is generated, a missing value mechanism is applied with two patterns: random or MCAR 

- Missing Completely at Random, and sequential or MNAR - Missing Not At Random. The following 

is a plot illustrating the missing value scenario that has been implemented. 
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(a) (b) 

 

Figure 3. (a) MCAR - Missing Completely at Random, (b) MNAR - Missing Not at Random. 

To address the missing values that have been simulated, an imputation process was carried out using 

four methods commonly used in multivariate time series: Linear Interpolation, Kalman filtering, Support 

Vector Regression (SVR), and Recurrent Neural Network (RNN-GRU). To obtain reliable results and 

evaluate the consistency of each method's performance, simulations were run 150 times for each 

scenario. The evaluation matrix resulting from the imputation process on data with a linear trend pattern 

and MNAR missing values is shown below. 

 

Table 1.  Evaluation metrics for linear data with missing values MNAR. 

 

n frac method rmse_mean mape_mean r2_mean 

50 0,1 kalman 0,555584 0,017884 0,976204 

  linear 0,500531 0,016656 0,982204 

  rnn 0,492156 0,016256 0,981659 

  svr 0,493473 0,018599 0,980556 

 0,2 kalman 1,068379 0,04445 0,91673 

  linear 0,74555 0,033013 0,960925 

  rnn 0,823771 0,035824 0,946557 

  svr 0,769532 0,037447 0,949325 

 0,35 kalman 1,995947 0,106264 0,72029 

  linear 1,198017 0,069476 0,901376 

  rnn 1,91853 0,102366 0,73878 

  svr 1,266868 0,081785 0,847274 

200 0,1 kalman 2,113286 0,017606 0,980454 

  linear 1,974875 0,018283 0,983204 

  rnn 2,017423 0,018207 0,982194 

  svr 1,862842 0,019701 0,984022 

 0,2 kalman 3,80504 0,041951 0,937825 

  linear 2,943096 0,036014 0,963654 

  rnn 3,561868 0,041416 0,943464 

  svr 2,895983 0,041302 0,957709 

 0,35 kalman 7,316928 0,100983 0,774011 

  linear 4,758655 0,075505 0,904749 

  rnn 7,677025 0,11389 0,721641 

  svr 4,681705 0,085747 0,874089 

2000 0,1 kalman 19,25152 0,014693 0,984698 

  linear 19,84746 0,016814 0,983331 

  rnn 20,04409 0,016567 0,98268 
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n frac method rmse_mean mape_mean r2_mean 

  svr 18,52669 0,017763 0,984653 

 0,2 kalman 36,06903 0,035704 0,946313 

  linear 30,44653 0,034404 0,961356 

  rnn 38,38198 0,041471 0,932435 

  svr 28,80188 0,037117 0,959355 

 0,35 kalman 69,40682 0,086899 0,801808 

  linear 48,04023 0,069021 0,90379 

  rnn 69,00949 0,09283 0,781293 

  svr 46,03265 0,076311 0,880686 

 

Based on the evaluation results of linear trend data imputation with a Missing Not at Random 

(MNAR) pattern, it was found that the effectiveness of the imputation method is highly influenced by 

the data size and the proportion of missing values. For small data sets, n=50, RNN-GRU is 

recommended when missing data is minimal, as it produces the smallest error, whereas Linear 

Interpolation is more stable and accurate when missing data is moderate to high. For medium data sets, 

n=200, linear and SVR perform very well with minimal missing data as they can capture trend patterns, 

while for moderate to high missing data, Linear Interpolation remains the most reliable method, with 

SVR as an alternative when higher RMSE precision is required. For large data sets, n=2000, Kalman 

and SVR are highly effective with minimal missing data, but their performance declines as missing data 

increases. In this condition, Linear Interpolation again becomes the most consistent method for handling 

moderate to high missing data. Overall, Linear Interpolation emerges as the most stable method across 

all scenarios, with SVR as a strong contender, offering competitive performance. Kalman excels with 

low missing data, and RNN-GRU is only recommended for small datasets with low missing proportions. 

Below is the diagram of the simulation results, which were conducted 150 times.

   
(a) (b) (c) 

 

Figure 4. Evaluation metrics for linear data with n = 50 and missing values MNAR using Linear 

Interpolation, Kalman, SVR, and RNN Methods (a) MAPE, (b) R-Squared, (c) RMSE. 

 

The simulation diagram images above show how the imputation method performs across different 

data types, all within the same model structure. The three evaluation diagrams (a) MAPE, (b) R², and 

(c) RMSE demonstrate the consistency and reliability of each method when handling data variations 

generated through the simulation seed. 

Then, based on the evaluation results of linear trend data imputation with a Missing Completely at 

Random (MCAR) pattern, for small data sets (n = 50), the Linear Interpolation method showed the most 

stable and accurate performance across all levels of missing data (10%, 20%, 35%) with the lowest 

RMSE and MAPE values and the highest R². It was followed by SVR as an alternative with high 

precision. For medium-sized data (n = 200), the Kalman Filter consistently outperformed others, 

especially when missing data was minimal to substantial, due to its ability to effectively capture temporal 

patterns, as indicated by low RMSE and high R². For large data sets (n = 2000), the Kalman Filter 
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remained the most effective method at all levels of missing data, maintaining the lowest RMSE and 

MAPE and the highest R² compared to other methods. Overall, Linear Interpolation is recommended 

for small data sets because of its stability, while the Kalman Filter is the primary choice for medium to 

large data sets due to its ability to more accurately recognise temporal dynamics under various missing 

data conditions. The following diagram illustrates the results of the simulation process for imputing 

linear trend data with a Missing Completely at Random (MCAR) pattern. 

   
(a) (b) (c) 

 

Figure 5. Evaluation metrics for linear data with n = 50 and missing values MCAR using Linear, 

Kalman, SVR, and RNN Methods (a) MAPE, (b) R-Squared, (c) RMSE. 

 

Next, the evaluation results of the seasonal linear trend data with a Missing Not at Random (MNAR) 

pattern show that for small data sets (n = 50), RNN-GRU provides the best results when missing data is 

minimal (10%), with the lowest RMSE and MAPE and the highest R². However, its performance 

declines significantly as missing data increases, making Linear and Kalman more stable choices for 

moderate to large levels of missing data. For medium-sized data (n = 200), RNN-GRU and SVR perform 

best when the proportion of missing data is low (10%), with smaller RMSE and MAPE and the highest 

R² (around 0.95), making them the most accurate methods for this scenario. When missing data rises to 

20%, SVR remains superior with the best performance in terms of precision (RMSE = 4.20 and R² = 

0.89), while other methods, such as Linear and Kalman, show a decline in performance. At high missing 

levels (35%), SVR again demonstrates relatively better performance compared to other methods, 

although overall accuracy decreases, with an R² of 0.79. Therefore, for medium-sized data, SVR is the 

most consistent and superior method across various levels of missing data, with RNN-GRU being the 

best option only at low missing levels. For large data sets (n = 2000), SVR consistently remains the most 

accurate method at all levels of missing data, with the lowest RMSE and MAPE and the highest R², 

indicating its effectiveness in managing complex seasonal patterns. Overall, SVR is recommended for 

large and medium data sets, while RNN-GRU is advisable for small and medium data with low missing 

data. 

   
(a) (b) (c) 

 

Figure 6. Evaluation metrics for seasonal data with n = 50 and missing values MNAR using 

Linear, Kalman, SVR, and RNN Methods (a) MAPE, (b) R-Squared, (c) RMSE. 
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The final imputation method for seasonal trend data with a missing pattern of MCAR on small datasets 

(n = 50) is Linear Interpolation, which emerges as the best method across all levels of missingness, with 

the lowest RMSE and MAPE values and the highest R². Meanwhile, the Kalman Filter ranks second 

with consistent performance. For medium-sized datasets (n = 200), a similar trend is observed, where 

Linear and Kalman continue to perform well, maintaining R² above 0.90 at 20% missingness and 

remaining above 0.82 at 35% missingness. In large datasets (n = 2000), the Kalman Filter prevails and 

demonstrates the greatest stability; for example, at 10% missingness, it records RMSE = 2.29 and R² = 

0.969, surpassing other methods. Although RNN-GRU and SVR remain reasonably strong (R² > 0.84 

at high missingness), both tend to decline sharply as the proportion of missing data increases. Overall, 

Linear Interpolation and the Kalman Filter are the most dependable options for handling completely 

random missing data in seasonal datasets, while RNN-GRU appears less robust in managing such 

patterns. 

 

   
(a) (b) (c) 

Figure 7. Evaluation metrics for seasonal data with n = 50 and missing values MCAR using Linear, 

Kalman, SVR, and RNN Methods (a) MAPE, (b) R-Squared, (c) RMSE. 

The following presents the results of visualising missing data imputation, both for linear trend and 

seasonal patterns, with MCAR and MNAR patterns, to provide an overview of how the four imputation 

methods replace missing values. 

  
(a) (b) 



 

1343 
 

M D F Br L Gaol et al 

  
(c) (d) 

Figure 8. Results of data imputation visualisation (a) Linear MNAR 50 data, (b) Linear MCAR 

50 data, (c) Seasonal MNAR 2000 data, (d) Linear MCAR 2000 data. 

 

Figure 8 shows the visualisation of missing data imputation results across four different scenarios: (a) 

Linear Trend MNAR with 50 data points, (b) Seasonal Trend MCAR with 50 data points, (c) Seasonal 

Trend MNAR with 2000 data points, and (d) Linear Trend MCAR with 2000 data points. In each graph, 

the blue line indicates where data has been deliberately removed (missing), while the other coloured 

lines represent imputation results from four methods: Linear Interpolation, Kalman Filter, SVR, and 

RNN-GRU. The grey line shows the original complete data before missing values, serving as a reference 

to assess the accuracy of the imputation. The closer the imputed data line is to the original data line, the 

more accurate the method is in filling in the missing values. This visualisation offers a clear overview 

of how each method adapts to different data characteristics and missing data patterns. Additionally, 

these visual results have been validated through quantitative analysis using evaluation metrics such as 

RMSE, MAPE, and R², discussed earlier. The validation indicates that the performance of the imputation 

methods depicted aligns with the evaluation calculations, supporting conclusions about the 

appropriateness and suitability of each method in different contexts. 

 

5. Conclusion 

This study assesses the performance of imputation methods: Linear Interpolation, Kalman, SVR, and 

RNN-GRU, in managing missing data in synthetic multivariate time series with two trend patterns 

(linear and seasonal) and two missing mechanisms (MCAR and MNAR). It considers three data sizes 

(n = 50, 200, 2000) and three missing proportion levels (10%, 20%, 35%). To offer a more systematic 

and concise overview of each method's effectiveness under various condition combinations, Table 2 is 

provided below, summarising the best imputation methods based on data scenarios, sample sizes, and 

data loss levels. 

 

 

 

Table 2. Summary of the best imputation methods based on data scenarios, sample size, and missing 

proportion. 

 

Data 

Scenario 

n Missing 

(10%) 

Missing 

(20%) 

Missing 

(35%) 

Results 

Linear 

Trend - 

MCAR 

50 Linear  Linear Linear Highly stable linear suitable at all levels missing 

200 Kalman Kalman Kalman Kalman excels at capturing temporal patterns 

2000 Kalman Kalman Kalman Kalman is dominant in big data with random misses 
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Data 

Scenario 

n Missing 

(10%) 

Missing 

(20%) 

Missing 

(35%) 

Results 

Linear 

Trend -

MNAR 

50 RNN  Linear  Linear RNN excels in low misses 

200 Linear  Linear  Linear  Linear stable at all levels missing 

2000 Kalman  Linear Linear Linear remains consistent in large misses 

Seasonal 

Trend - 

MNAR 

50 RNN Kalman  Linear  RNN only excels in low missing. 

200 RNN  SVR SVR RNN decreases as missing increases 

2000 SVR SVR SVR SVR consistently excels on all missing 

Seasonal 

Trend - 

MCAR 

50 Linear Linear  Linear Linear stable, Kalman is quite competitive 

200 Linear  Linear  Kalman Kalman excels in high misses 

2000 Kalman Kalman Kalman Kalman is very stable in all types of missing 

 

Overall, the simulation results indicate that no method is completely superior in all situations. The choice 

of the best imputation method largely depends on the data's characteristics, the missing data mechanism, 

and the level of missingness. 
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