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Abstract: Several imputation techniques have been developed 

specifically to deal with missing values. This research used data from 

soil moisture sensors for 34 days where there are missing values. Size 

of soil moisture sensor data to be quite large. So that with the missing 

value, it is difficult to determine how well the imputation technique is 

applied. Therefore, imputation technique is performed on the 

generated data based on the distribution of soil moisture sensor data 

so that an evaluation of the utilization of the imputation technique can 

be carried out on large data containing missing values. The method 

used in this study is Kalman Filter. Evaluation using the Mean 

Average Percentage Error (MAPE) after intentionally removed using 

the Missing Completely at Random (MCAR) technique with a missing 

rate of 5%, 10% and 15%. The results showed that soil moisture data 

has a Box-Cox power exponential distribution. It was found that for 

generating data, Kalman Filter method has not much different MAPE 

value for 100 and 1000 data with missing rate was 5%, 10%, and 15%.  

The results of estimating missing values with the Kalman Filter on the 

soil moisture sensor data are in line with the soil moisture sensor data. 

 

1. INTRODUCTION 

Primary data often has poor quality, one of the problems is missing values. Missing values 

is information that is not available for a case. Missing values can occur because the information 

needed for something in one or several variables is not provided, it is difficult to find or indeed 

the information is not available. There are several reasons why the data may be lost, including 

because the equipment is not working, bad weather, the person being observed is sick, or the 

data is not entered correctly. Previous research by Setiawan et al. 2022, regarding the 

manufacture of an Arduino-based automatic watering device using a soil sensor to measure the 

moisture level in the soil, has missing values. The success of this automatic watering device 

depends on how the sensor detects soil moisture as seen from the growth of the red onion and 

the weight of the red onion after harvest. 

Several methods have been developed specifically to deal with missing values. One such 

method is the imputation technique. Data imputation is carried out by filling in missing or 

problematic data based on the results of the process of re-checking the reasonableness of the 

data or the consistency between variables. In addition, imputation is also carried out as a 

treatment for outliers in an effort to improve data quality (Biemer & Lyberg, 2003). 

https://jurnalmipa.unri.ac.id/jsmds
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There are several imputation methods that can be used for univariate data such as Kalman 

Filter. The Kalman Filter is a method that is part of the state space that can be applied in 

estimating statistical models. According to Wie, 2006, Kalman Filter uses a recursive technique 

in integrating the latest observational data into the model to correct previous predictions and 

optimally make further predictions based on past data information and current data information. 

Previous research on the use of Kalman Filters and sensor data is Distributed Filtering for Multi-

sensor Systems with Missing Data by Jin & Sun, 2022, and utilization of the discrete Kalman 

Filter method to estimate air temperature by Tengger & Ropiudin, 2019 . 

Soil moisture sensor data has a fairly large size. Missing values on sensor data is also 

randomly distributed. Therefore, this study uses generated data in order to be able to evaluate 

the use of the Kalman Filter method in dealing with missing values at a fairly large data size. 

 

2. MATERIALS AND METHODS 

2.1. Soil Moisture Sensor Data 

Setiawan et al. 2022 conducted an experiment on an automatic plant watering system on 

red onion plants for 34 days. The watering system uses a soil moisture sensor that is stored for 

every second. However, the data from the soil moisture sensor contains a missing value as 

shown in Figure 1. 

 

Figure 1. Distribution of Missing Values Soil Moisture Data Sensor 

Figure 1 shows the size of the soil moisture sensor data is quite large with the amount of 

data reaching 2,363,201. The location of the missing values can be seen on the red line on the 

plot. Missing values need to be handled so that soil moisture sensor data can be further analyzed. 

2.2. Kalman Filter 

Kalman Filter is a mathematical method that can be used to calculate the optimal 

estimator of a situation based on available data. The advantage of the Kalman Filter is that it 

can estimate based on limited data. The latest measurement data is an important part of the 
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Kalman Filter algorithm, because the data will correct the data from the estimation results, so 

that the estimation results are always close to the actual conditions in the estimation (Setoodeh 

et al., 2022). In general, the algorithm for the Kalman Filter method is written as follows 

(Tengger & Ropiudin, 2019): 

Prediction: 

Prediction: �̂��̅� = �̂�𝑘−1          (1) 

Covariance Error: 𝑃�̅� = 𝑃𝐾−1         (2) 

Updating 

Kalman Gain: 𝐺𝑘 =
𝑃𝑘.𝑘−1

𝑃𝑘,𝑘−1+𝑟𝑘
         (3) 

Update Prediction: �̂�𝑘 =  �̂��̅� + 𝐺𝑘(𝑦𝑘 − �̂��̅�)       (4) 

Update Covariance Error: 𝑃𝐾 = (1 − 𝐺𝑘)𝑃�̅�       (5) 

where:  

�̂�𝑘  : Current prediction 

�̂�𝑘−1  : Previous prediction 

𝑃�̅�  : Uncertainty estimation 

𝑃𝐾−1  : Previous uncertainty estimation 

𝐺𝑘  : Kalman Gain 

𝑃𝑘.𝑘−1  : Uncertainty estimation 

𝑟𝑘  : Measurement uncertainty 

𝑦𝑘  : Measurement value 

�̂��̅�  : Estimated stage of predication 

𝑃𝐾 : Current uncertainty estimation 

The value of k will always change with the Kalman Filter process.  

2.3. MAPE 

Mean Absolute Percentage Error (MAPE) is the percentage size of the error from the 

prediction results. The smaller the MAPE value, the smaller the prediction error, conversely the 

greater the MAPE value, the greater the prediction error. MAPE can be calculated by the 

following formula: 

𝑀𝐴𝑃𝐸 =
∑ (

𝑋𝑖−𝐹𝑖
𝑋𝑖

)𝑛
𝑖=1

𝑛
× 100%    (6) 

Where  𝑋𝑖 is the actual data for the i-period, Fi is the predicted result for the i-period and n is 

the number of time periods. Imputation results are very good if the MAPE value is <10%, while 

the imputation results are good if the MAPE value is between 10% and 20% (Malburg et al., 

2023). 

2.4. Data Analysis 

The data used in this study is primary data on the percentage of soil moisture (%) taken 

in 2021 from the red onion watering experiment in the Greenhouse of the Faculty of 

Agriculture, Tadulako University. Data analysis used generated data based on the distribution 

of soil moisture data with Kalman Filter methods for handling missing values. The stages of 

analysis carried out were as follows: 
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i. Data Exploration. Data exploration is done by making graphs and identifying where the 

missing values is. Based on this analysis, testing the distribution of soil moisture sensor 

data was carried out. Distribution testing using the R package “imputeTS" (Moritz & 

Bartz-Beielstein, 2019). 

ii. Generating data sets and missing value.  In this case the generated data are 100 and 1000 

data based on distribution of soil moisture sensor data. Generating missing values using 

missing completely at random (MCAR) with total number of missing values of 5%, 10%, 

and 15%. 

iii. Perform a simulation of missing values handlers using the Kalman Filter method. 

Simulations are carried out for 100 and 1000 generated data for each level of missing 

values 5%, 10%, and 15% 

 

3. RESULTS AND DISCUSSION 

3.1. Exploration Data 

Soil moisture is expressed in percentage form. Soil moisture sensor data has a fairly large 

data size and contains missing values. The number of missing values is in Table 1. 

Table 1. Exploration of Missing Values 

Length of 

time series 

Number of Missing 

Values 

Percentage of Missing 

Values 

2363201 49 0.002% 

Table 1 shows that the number of missing values is very small. The analysis is then continued 

by generating sample data. The population data that was tested for distribution was data on the 

level of soil moisture. The results of the data distribution test for population data obtained data 

with a Box-Cox Power Exponential distribution, with a coefficient value that can be seen in the 

Table 2.  

Table 2. Box-Cox Power Exponential Coefficient 

Mu Nu Tau 
0.586661998 0.511422569 2.116226467 

Table 2 shows that Box-Cox Power Exponential Coefficient for generating data sample of 

soil moisture data sensor.  
 

3.2. Data Generation with Missing Value 

The data is generated based on the distribution of data from the previously tested population, 

namely the Box-Cox Power Exponential distribution. The generated data analysis will be 

carried out through two simulations, the first simulation on data with a total of 100 data, and 

the second simulation on data with a total of 1000 data. Data of 100 and 1000 are intended so 

that analysis can be carried out on small and large amounts of data. Plot data for generating 100 

data is as follows: 
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Figure 2. Generated 100 data with Box-Cox Power Exponential distribution 

Formation of data sets containing missing values was carried out in Figure 2 using the 

Missing completely at random (MCAR) mechanism for 5%, 10% and 15% levels of missing 

values. 

3.3. Data Imputation 

Imputation is a method that is carried out by filling in missing values with a value that is 

estimated to be quite feasible. The Kalman Filter method was carried out for 5%, 10% and 15% 

levels of missing values. The results of the estimation of the Kalman Filter at 𝑛 = 100 and the 

level of missing values of 15% are as follows: 

 

Figure 3. Imputed values for 𝑛 = 100 and 15% level of missing values 

Figure 3 shows that imputed values in line with the generated data pattern. So that the actual 

data value with the imputed results is not different. To find out how far the difference is, 

evaluation is then carried out using MAPE. 

 

 

3.4. MAPE 
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The Mean Absolute Percentage Error (MAPE) method provides information on how much 

the prediction error is compared to the actual value of the series. The smaller the value of the 

percentage error in MAPE, the more accurate the prediction results will be. The results of 

MAPE are as follows: 

Table 3. Kalman Filter MAPE  

 

 

 

Table 3 shows that the imputation results used the Kalman Filter method for 𝑛 = 100 and 

𝑛 = 1000 solid data to increase the level of missing values. In increasing the sample data from 

100 to 1000 data, the MAPE value did not change significantly. This shows that the Kalman 

Filter method can be applied to large data containing missing values. 

 

3.5. Discussion 

The results of imputation on the generated data obtained MAPE < 23% indicating that the 

estimation of missing values can be done using the Kalman Filter method. The application of 

the Kalman Filter method to soil moisture sensor data can be as follows: 

 

Figure 4. Imputed Values for soil moisture data sensor with Kalman Filter 

Figure 4 shows that the imputed values are in line with the soil moisture sensor data pattern. 

However, it should be considered that the soil moisture sensor data is real time data. The results 

of this study only succeeded in showing that the process of inputting missing values can be 

carried out when the soil moisture sensor does not store data in real time. Of course, this will 

be interesting study material for further research on how to implement missing data estimation 

in real time.  

 

Level of Missing values n = 100  n = 1000 

5% 19.39% 15,30% 

10% 20.47% 17,85% 

15% 20.20% 22,15% 
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4. CONCLUSION 

Estimation of missing values using the Kalman Filter method can be carried out on soil 

moisture sensor data that has a large enough size. The simulation results show that the Kalman 

Filter method is robust to the increase in the amount of data and the level of missing values with 

MAPE <23%.  
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