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Technical and Vocational Education and Training (TVET) learning requires 

sensor measurement data that are stable, accurate, and easy to interpret. Raw 

LiDAR sensor data often contain fluctuations that may interfere with the 

readability results. This study employed an experimental-comparative design 

by comparing Moving Average, Median Filter, Savitzky-Golay, Butterworth, 

and Simple Kalman Filter. The data acquisition system used a VL53L0X 

LiDAR sensor and ESP32 microcontroller. Data processing was conducted 

in MATLAB on 10,500 samples at a sampling frequency of 50 Hz. The 

evaluation was carried out based on error metrics, signal stability, noise 

reduction, and filter responsiveness. The raw data had a standard deviation of 

111.26 and still showed fluctuations that required reduction. A Greenhouse–

Geisser-corrected repeated-measures ANOVA showed a significant effect of 

filtering method on segment-level residual RMSE, F(1.10,44.92)=26.23, 

p<0.001, partial η2=0.390. Bonferroni-adjusted comparisons showed that 

Savitzky–Golay produced significantly lower residual RMSE than the other 

methods, indicating stronger preservation of the raw-signal pattern. The 

results showed that Savitzky–Golay achieved the best overall trade-off, with 

the lowest residual deviation, the highest estimated SNR of 32.154 dB, and 

good pattern preservation without excessive smoothing. Butterworth and 

Simple Kalman provided stronger fluctuation reduction, although Kalman 

introduced greater deviation and a 39-sample delay. Moving Average offered 

simple smoothing, whereas the Median Filter was more suitable for impulsive 

noise and outliers. This study contributes a comparative evaluation of 

filtering methods from both signal-processing and TVET pedagogical 

perspectives, supporting filter selection based on smoothness, readability, 

noise reduction, and responsiveness in signal processing. 
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1. INTRODUCTION 

Vocational education, or Technical and Vocational Education and Training (TVET), plays an important 

role in developing students’ competencies oriented toward technical skills, occupational competence, and 

improved employability. TVET is characterized by learner-centered instruction, industry-oriented learning 

needs, and the frequent integration of practice-based learning experiences and direct training in workplace or 

simulated environments [1]. The main characteristic of TVET learning lies in students’ involvement in practical 

activities, including the observation of physical phenomena, the use of technical instruments, measurement 

activities, and data interpretation. A practice-oriented learning approach also serves as an important foundation 

for strengthening TVET capacity, as the quality of training is not only determined by theoretical mastery but 

also by the ability to connect concepts with technical activities that are relevant to industrial needs [2]. Along 

with the increasing demand for technology-based learning, the digitalization of TVET has become an important 

issue, as the development of Industry 4.0 and Industry 5.0 requires TVET institutions to strengthen digital 

skills, close competency gaps, and adapt learning processes to changes in work-related technologies [3]. 

Sensor-based systems represent one potential approach to supporting practical learning in a more interactive 

and contextual manner. Through sensors, students can obtain real-time measurement data, allowing the 

relationship between theoretical concepts and empirical conditions to be understood more concretely. Studies 

on technological and sensor trends in education show that sensor-based technology can expand learning 

experiences through data collection, direct interaction with the environment, and the use of data as a basis for 

analysis in the learning process [4]-[6]. Low-cost sensors and microcontrollers allow students to collect, 

process, and interpret empirical data through learn by doing activities [7]-[10]. Recent reviews also show that 

sensor technologies support direct interaction, real-time feedback, and data-driven learning environments [11] 

[12]. Existing research mainly focuses on sensor integration, learning engagement, system architecture, and 

general educational outcomes. It gives limited attention to how local fluctuations, value spikes, noise, and 

processing delays affect the readability and interpretation of measurement data during TVET practical 

activities. Signal processing studies show that filtering methods differ in their ability to reduce noise, preserve 

signal characteristics, and maintain temporal behavior. 

The Light Detection and Ranging (LiDAR) sensor is one of the distance measurement technologies with 

potential applications in sensor-based learning. LiDAR operates by emitting laser light pulses toward an object 

and calculating distance based on the time or characteristics of the reflected signal received by the sensor. 

These characteristics enable LiDAR to generate distance data rapidly and precisely, making this technology 

widely applied in object detection, mapping, robotics, automation, and navigation systems [13]-[16]. In TVET 

learning, the use of LiDAR can provide a more contextual learning experience because students do not only 

study measurement concepts theoretically but also interact directly with sensor data obtained in real time [17].  

The LiDAR measurement systems is not free from data instability issues. Raw data obtained from LiDAR 

sensors often contain noise, random fluctuations, and transient errors that may affect the consistency of 

measurement results. These conditions can be influenced by the surface characteristics of the object, reflection 

intensity, measurement angle, environmental disturbances, and the limitations of the sensor device in 

responding to signal changes. This study employed the VL53L0X Time-of-Flight sensor as the data acquisition 

device. The sensor was selected because its low-cost sensors, compact and integrated design supports short-

range distance measurement without requiring a complex optical arrangement. It also provides an I²C 

communication interface that facilitates integration with microcontrollers such as the ESP32. Its measurement 

range of up to approximately two meters is sufficient for controlled laboratory and classroom experiments 

involving object distance and sensor response. As a result, measurement values may show considerable 

variation even when the observed object remains relatively unchanged. In TVET learning applications, this 

instability becomes an important issue because inconsistent sensor data can interfere with the interpretation 

process, reduce the reliability of practical results, and potentially lead to misconceptions about measurement 

concepts. 

Data filtering is an important stage in signal processing because it functions to improve the quality of 

measurement signals. In LiDAR-based measurements, filtering can be used to reduce noise, suppress random 

fluctuations, smooth changes in measurement values, and minimize signal disturbances that do not represent 

the actual condition of the object. However, the selection of a filtering method needs to consider the balance 

between stability and responsiveness. An overly aggressive filter may produce a very smooth signal but can 

potentially cause a delayed response to changes in distance [18][19]. Conversely, a highly responsive filter 

may preserve rapid data changes but still leave disruptive fluctuations. Therefore, evaluating filtering methods 

is important to determine the most appropriate approach for improving the stability of LiDAR measurements 

in TVET learning applications [17]. 
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Previous studies have widely examined the application of data filtering methods to improve sensor data 

quality through noise reduction, signal smoothing, and increased measurement stability [20]. Methods such as 

Moving Average, Median Filter, Savitzky-Golay, Butterworth, and Kalman Filter have different signal 

processing characteristics. Their performance strongly depends on the type of data, noise pattern, and system 

response requirements [21]-[23]. Several studies have shown that filtering methods can improve sensor data 

quality. There are no single method consistently outperforms others across all evaluation aspects like filter 

involves trade-offs between accuracy, smoothing level, fluctuation reduction, and responsiveness. Filter 

selection should depend on the intended analytical and operational requirements rather than on smoothing 

performance alone [24][25]. This research gap is important to address because measurement systems with 

signal processing in learning contexts require not only accurate data but also stable, responsive, and easily 

interpretable data for students during practical activities. 

Based on this gap, this study aims to evaluate the performance of several data filtering methods in 

improving the stability of LiDAR sensor measurements with signal processing in TVET learning applications. 

The filtering methods evaluated include Moving Average, Median Filter, Savitzky-Golay, Butterworth, and 

Simple Kalman Filter. The evaluation was conducted using several performance indicators, including 

measurement error-based indicators, signal stability, noise reduction, and filter responsiveness. These 

indicators include Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Mean Absolute Percentage 

Error (MAPE), fluctuation reduction, smoothness index, residual noise, estimated Signal-to-Noise Ratio 

(SNR), high-frequency power reduction, lag samples, and transient error. Through this evaluation, the study is 

expected to provide an empirical basis for determining the most appropriate filtering method to produce LiDAR 

measurement data that are more stable, responsive, and easier to interpret in the context of TVET practical 

learning. 

The novelty of this study lies in its focus on the comparative evaluation of data filtering methods to 

improve the stability of LiDAR sensor measurements in TVET learning applications. Most previous studies 

have positioned sensor data filtering within industrial, robotics, navigation, or general IoT system contexts, 

whereas measurement needs in practical learning have different characteristics. In TVET environments, sensor 

data need to be presented accurately, stably, responsively, and in an easily interpretable manner to support 

students’ understanding of measurement concepts. Therefore, this study contributes by providing an empirical 

basis for selecting appropriate filtering methods for the development of sensor-based learning applications that 

are more reliable and relevant to the needs of vocational education. 

 

2. METHODS 

2.1. Research Design 

This study employed a quantitative approach with an experimental-comparative design. The quantitative 

approach was used because the analyzed data consisted of numerical data obtained from LiDAR sensor 

readings. Meanwhile, the experimental-comparative design was applied to compare the performance of several 

data filtering methods in improving measurement stability. Through this design, each filtering method was 

applied to the same raw data, allowing performance differences among the methods to be evaluated objectively 

based on predetermined indicators. This research design was selected because the main objective of the study 

was to assess the ability of several filtering methods to improve the stability of measurement data, rather than 

to examine user perceptions or the direct effectiveness of learning in the classroom. Therefore, the focus of this 

study was placed on the technical evaluation of sensor data quality as a basis for developing sensor-based 

learning applications that are relevant to the TVET context. 

 

2.2. Devices and Data Acquisition System 

The data acquisition system in this study used a VL53L0X LiDAR sensor as the distance measurement 

device and an ESP32 as the microcontroller and Arduino ide platform for reading the sensor output data. The 

platform was chosen because successfully impact in learning [26]. The VL53L0X sensor was used to obtain 

distance data between the sensor and the surface of the observed object, while the ESP32 functioned as the 

initial processing unit that received sensor reading data before the data were used in further analysis. The 

selection of the VL53L0X LiDAR sensor was based on its capability to perform non-contact distance 

measurement, making it suitable for measuring changes in water surface height. 

In the system used, the LiDAR sensor was positioned facing the water surface. The water surface 

increased gradually, causing the distance between the sensor and the water surface to change. These distance 

changes were detected by the LiDAR sensor and recorded as raw measurement data. The data obtained from 

this acquisition process were then stored and processed using MATLAB for the implementation of filtering 

methods and performance evaluation. The raw data used in this study consisted of 10,500 samples. These data 



ISSN: 2685-9572 Buletin Ilmiah Sarjana Teknik Elektro  1151 

 Vol. 8, No. 4, August 2026, pp. 1148-1167 

 

Farid Baskoro (Performance Evaluation of Sensor Data Filtering Methods for Signal Processing in TVET 

Learning Applications) 

represented a time-series of LiDAR sensor distance readings during changes in water height. The measurement 

range used was approximately 50–400. All data obtained from the acquisition system were used as the basis 

for comparing the performance of several data filtering methods in improving measurement stability. The 

sampling frequency was determined based on the ratio between the number of samples and the duration of data 

collection. With 10,500 samples and a data collection duration of 210 seconds, the sampling frequency used in 

this study was 50 Hz. 

 

2.3. Filtering Method 

The parameters of each filtering method were selected by considering the sampling frequency, the 

temporal characteristics of the measured water-level changes, the noise pattern observed in the raw LiDAR 

data, and the required balance between signal smoothing and responsiveness. The water surface changed 

gradually during the experiment, whereas the unwanted disturbances appeared mainly as short-term 

fluctuations, spikes, and rapid sample-to-sample variations. Therefore, the parameter settings were designed to 

suppress local disturbances without eliminating the main distance-change pattern. Preliminary trials were 

conducted using several candidate parameter values, and the final configuration was selected based on its 

ability to reduce noise while maintaining low estimation error and limited response delay. The same final 

parameter configuration was applied to the complete dataset to ensure a consistent and objective comparison 

among the filtering methods. 

Raw data obtained from the LiDAR sensor readings were processed using several data filtering methods 

to improve measurement stability. The filtering methods used in this study included Moving Average, Median 

Filter, Savitzky-Golay, Butterworth, and Simple Kalman Filter. These five methods were selected because they 

have different signal processing characteristics, making them suitable for evaluating differences in filter 

performance in reducing fluctuations, minimizing noise, and preserving the characteristics of changes in 

measurement data. 

Moving Average was used to smooth the data by calculating the average value of a number of samples 

within a specific observation window. This method works by reducing random fluctuations in sensor data 

through an averaging process, resulting in more stable measurement outputs. In this study, Moving Average 

was applied using several window sizes to examine the effect of the number of samples on the degree of 

smoothing and signal responsiveness. 

 𝑦(𝑛) =  
1

𝑁
∑ 𝑥(𝑛 − 𝑘)

𝑁−1

𝑘=0

 (1) 

In this equation (1), 𝑦(𝑛) represents the filtered value at the nth sample, 𝑥(𝑛 − 𝑘) represents the raw 

sensor data at the nth sample shifted by 𝑘 previous samples, 𝑁 represents the number of data points in the 

averaging window, and 𝑘 represents the sample index. Based on this equation, each Moving Average output 

value is obtained from the average of the current data and several previous data points [27]-[29]. The Median 

Filter was used to reduce disturbances in the form of value spikes or outliers in the sensor data. Unlike Moving 

Average, which uses the mean value, this method replaces the data value with the median value of a number 

of samples within a specific window. This approach is effective for reducing temporary disturbances that 

appear as extreme values in the measurement data series. 

 𝑦(𝑛) =  𝑚𝑒𝑑𝑖𝑎𝑛{𝑥(𝑛), 𝑥(𝑛 − 1), 𝑥(𝑛 − 2), … , 𝑥(𝑛 − 𝑁 + 1)} (2) 

The filter output at the nth sample is determined by taking the middle value or median of a number of raw 

data points within a specific observation window. Mathematically, this process can be expressed as 𝑦(𝑛)  =
 𝑚𝑒𝑑𝑖𝑎𝑛{𝑥(𝑛), 𝑥(𝑛 − 1), 𝑥(𝑛 − 2), . . . , 𝑥(𝑛 − 𝑁 + 1)}. In this equation, y(n) represents the filtered value at 

the nth sample, 𝑥(𝑛) represents the current raw sensor data, 𝑥(𝑛 − 1) 𝑡𝑜 𝑥(𝑛 − 𝑁 + 1) represent the raw data 

from several previous samples, and N represents the number of samples in the filter window [30][31]. The 

Savitzky-Golay Filter was applied to smooth the data while preserving the tendency of the signal shape. This 

method uses a local polynomial modeling approach over a number of samples within a specific window 

[32][33]. With this characteristic, the Savitzky-Golay Filter can be used to reduce noise without excessively 

removing the pattern of data changes [34]. 

 𝑦(𝑛) =  ∑ 𝐶𝑘𝑥(𝑛 + 𝑘)

𝑚

𝑘=−𝑚

 (3) 
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In this equation (3), 𝑦(𝑛) represents the output value of the Savitzky-Golay Filter at the nth sample. The 

term 𝑥(𝑛 + 𝑘) indicates the raw LiDAR sensor data located around the nth sample, while 𝑐𝑘 represents the 

filter coefficient obtained from the local polynomial fitting process. The parameter m represents half of the 

filter window size, so the number of samples in the filter window can be expressed as 𝑁 = 2𝑚 + 1. The 

Butterworth Filter was used as a low-pass filter to suppress high-frequency components appearing in the 

measurement data. High-frequency components are generally associated with noise or rapid fluctuations that 

do not represent the actual changes in the object. In this study, the Butterworth Filter was applied to produce a 

smoother measurement signal while preserving the main pattern of distance changes. 

 𝑦(𝑛) =  ∑𝑏𝑖𝑥(𝑛 − 𝑖) −∑𝑎𝑗𝑦(𝑛 − 𝑗)

𝑞

𝑗=1

𝑝

𝑖=0

 (4) 

In this equation (4), 𝑦(𝑛) represents the Butterworth Filter output at the nth sample, while 𝑥(𝑛 − 𝑖) 
represents the sensor input data at the current and previous samples. The coefficients 𝑏𝑖 and 𝑎𝑗 are digital filter 

coefficients obtained from the Butterworth design process, while p and q indicate the number of coefficients 

in the input and output parts of the filter. This equation shows that the Butterworth Filter output is influenced 

not only by the input data but also by previous filter outputs [35][36]. The Simple Kalman Filter was used as 

an estimation method to obtain more stable measurement values from noisy sensor data. This filter works by 

estimating the state value based on a combination of the previous prediction and the latest measurement data. 

In this study, the Simple Kalman Filter was applied to evaluate its ability to generate more stable LiDAR data 

estimates in the scenario of measuring changes in water surface height. 

 𝑥̂(𝑛) =  𝑥̂−(𝑛) + 𝐾(𝑛)[𝑧(𝑛) − 𝑥̂−(𝑛)] (5) 

In the Simple Kalman Filter, the estimated value is updated based on the latest measurement data and the 

previous predicted value. The parameter 𝐾(𝑛) represents the Kalman gain, which determines the weight of the 

measurement data on the estimation result. The value 𝑧(𝑛) represents the raw LiDAR sensor data at the nth 

sample, while 𝑥 (𝑛) represents the estimation result after the update process. The parameter 𝑃(𝑛) indicates the 

error covariance after the update, while 𝑅 indicates the measurement noise [37][38]. In this study, the Simple 

Kalman Filter was used to generate smoother distance estimates through an iterative update process for each 

data sample. All filtering methods were applied to the same raw LiDAR data so that the evaluation results 

could be compared objectively. The filtering process was conducted using MATLAB, and each filter output 

was then analyzed based on the evaluation metrics determined in the next stage. 

Five filtering methods were applied to the same raw LiDAR dataset using fixed parameter configurations. 

The Moving Average and Median filters were configured using 𝑁 = 5. The Savitzky–Golay filter used a 

second-order polynomial with 𝑁 = 5 to smooth local fluctuations while preserving the principal signal pattern. 

The Butterworth filter was designed as a second-order low-pass filter with a normalized cutoff frequency of 

0.10 relative to the Nyquist frequency and was applied using forward–backward filtering through the filtfilt 

function to avoid phase distortion. The Simple Kalman Filter was implemented as a one-dimensional scalar 

estimator, with the process-noise covariance defined as Q=0.001var (𝛥𝑥) and the measurement-noise 

covariance defined as R=0.010 var (𝑥), where x represents the raw LiDAR signal. The initial state estimate 

was set to the first sensor measurement, while the initial error covariance was set to 𝑃0 = 1. Parameter selection 

was not intended to optimize one filter independently until it outperformed the other methods. Instead, the 

parameters were selected to represent reasonable and practically applicable configurations for a 50 Hz LiDAR 

measurement system. The selection process prioritized comparable smoothing scales, preservation of gradual 

water-level changes, limited response delay, and implementation suitability for sensor-based TVET learning. 

This approach allowed the comparison to focus on the inherent characteristics and trade-offs of each filtering 

method. 

 

2.4. Evaluation Metrics 

The performance evaluation of the filtering methods was conducted to assess the ability of each filter to 

improve the quality of LiDAR sensor measurement data. The evaluation metrics were grouped into four main 

aspects: measurement accuracy, signal stability, noise reduction, and filter responsiveness. This classification 

was used so that the performance of each method was not only evaluated based on low error values, but also 

on the ability of the filter to produce a stable, smooth, and responsive signal to changes in the measured object. 

The signal processing result aspect was evaluated using several error metrics, namely Mean Error Bias, 

Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Square Error (RMSE), Mean Absolute 
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Percentage Error (MAPE), Maximum Absolute Deviation, and steady-state error [39][40]. These metrics were 

used to measure the difference between the filtering results and the raw measurement reference value. MAE 

indicates the average magnitude of absolute error, while MSE and RMSE indicate the level of squared error, 

which is more sensitive to large errors. MAPE indicates the percentage of relative error compared to the 

reference value. In addition, Maximum Absolute Deviation was used to identify the largest error that occurred 

during the signal processing, while steady-state error was used to evaluate errors under relatively stable signal 

conditions. 

The signal stability aspect was evaluated using the standard deviation of the filtered data, the percentage 

reduction in standard deviation, signal fluctuation value, percentage reduction in fluctuation, and smoothness 

index. Standard deviation was used to observe the distribution of measurement data, while fluctuation reduction 

indicates the filter’s ability to suppress unstable value changes in sensor data. The smoothness index was used 

to assess the smoothness level of the filtered signal, where a lower value indicates a smoother and more stable 

signal. This metric is important because excessively fluctuating sensor data can make the interpretation of 

signal results more difficult. 

The noise reduction aspect was analyzed using the standard deviation of residual noise, RMS residual 

noise, estimated Signal to Noise Ratio (SNR), and the percentage reduction in high-frequency power. Residual 

noise indicates the remaining disturbance components after the filtering process. RMS residual noise was used 

to measure the overall magnitude of residual noise, while the estimated SNR was used to assess the ratio 

between the signal component and noise. In addition, high-frequency power reduction was used to evaluate the 

filter’s ability to suppress high-frequency signal components, which are generally associated with noise or 

rapid fluctuations in measurement data. 

The filter responsiveness aspect was evaluated using lag samples and maximum transient error. Lag 

samples were used to measure the response delay of the filter to data changes, while maximum transient error 

was used to assess the largest error occurring under transient conditions or when the object experienced 

changes. This metric is necessary because a filter that is too aggressive in smoothing the signal may produce 

stable data but potentially reduce the system’s ability to follow real-time measurement changes. 

Overall, a good filtering method is not only determined by low error values, but also by the balance 

between accuracy, stability, noise reduction, and responsiveness. Therefore, the evaluation in this study was 

conducted comparatively to identify the performance characteristics of each filtering method on LiDAR sensor 

measurement data. 

 

2.5. Runtime and Computational Complexity 

Runtime and computational complexity were evaluated to determine the feasibility of implementing each 

filtering method on an embedded measurement system. Runtime was measured as the execution time required 

to process one LiDAR sample using each filtering method. Because the sampling frequency was 50 Hz, the 

available processing interval for each sample was 20 ms. Therefore, a filtering method was considered suitable 

for real-time operation when its execution time remained below this interval. The real-time processing 

utilization was calculated as: 

 𝑈 =
𝑡𝑎𝑣𝑔

𝑇𝑠
𝑥100% (6) 

where 𝑡𝑎𝑣𝑔 is the average processing time per sample and 𝑇𝑠 is the sampling period. At a sampling frequency 

of 50 Hz, 𝑇𝑠 was equal to 20,000 µs. A lower utilization value indicates that more processing time remains 

available for sensor acquisition, communication, visualization, and other embedded-system operations. 

Computational complexity was analyzed based on the dominant operations required by each filtering method. 

The analysis considered the filter window length, polynomial frame length, filter order, and the number of 

state-update operations. Memory complexity was also considered because embedded platforms have limited 

random-access memory. The complexity analysis was based on a sample-by-sample implementation using 

fixed filter parameters. 

 

3. RESULT 

3.1. Raw Data Characteristic 

Before the filtering methods were applied, the raw data obtained from the LiDAR sensor measurements 

were first analyzed to identify the initial characteristics of the signal. The initial observation of the raw LiDAR 

data showed that the signal still contained clearly visible value variations during the measurement process. In 

general, the raw data followed the pattern of distance changes. Additional data were collected in an outdoor 
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environment under two different illumination levels. 500 lux for the dark place and 7,000 lux for absence of 

ambient light. These variations in ambient illumination were introduced to evaluate the consistency and 

robustness of the sensor’s performance under changing environmental conditions. By incorporating additional 

datasets obtained under different lighting conditions, the validation process was broadened, reducing 

dependence on a single experimental setting and improving the generalizability of the study’s findings. 

However, in several parts, local fluctuations and rapid value changes between samples were still observed. 

This condition indicates that the sensor reading data were not fully stable when used directly as measurement 

output. Therefore, the analysis of raw signal characteristics became an important stage before comparing the 

performance of each filtering method. 

This indication can be observed in Figure 1, which shows the pattern of the raw distance signal before the 

filtering process was applied. In the figure, the raw signal still shows value changes that are not entirely smooth, 

particularly through the presence of small variations along the measurement curve. Although the main pattern 

of distance change can still be recognized, the fluctuations appearing in the raw data may interfere with signal 

readability if the data are directly used in sensor-based learning applications. Thus, Figure 1 provides visual 

evidence that the filtering process is needed to improve the stability and clarity of measurement results. 

 

 
Figure 1. Raw Distance Measurement of LIDAR VL53L0X 

 

Based on Table 1, this study selected the dark place parameter because it shows stable and meaningful 

variation with Standard deviation = 111.26 and Peak to peak range = 393. The Ambience of light parameter 

was excluded due to excessive noise across key metrics. It has higher raw fluctuation 6.78 from 2.65, more 

than double the high-frequency power 22.25 from 8.87, and larger adjacent differences 143.28 from 136. The 

noise is primarily introduced by ambient light variations that are unrelated to our measurement target. The dark 

place of raw LiDAR data had a measurement range from 16 to 409, with a mean value of 221.11 and a median 

value of 227. The difference between the minimum and maximum values produced a peak-to-peak range of 

393, indicating that the data experienced considerable distance changes during the measurement process. This 

reason is well supported by previous research [41]. 

The standard deviation value of 111.26 also shows that the dispersion of the raw data was still wide. 

However, this value cannot be directly interpreted as pure noise because the data represent gradual changes in 

distance. Signal instability was more clearly indicated by the raw fluctuation value of 2.6457, the maximum 

adjacent difference of 136, and the detection of 81 spikes/drops in the raw data. In addition, the raw high-

frequency power value of 8.8673 indicates the presence of rapid-change components in the signal. These 

findings support the visual observation in Figure 1 that the raw data still contained local fluctuations and sudden 

changes. Based on the visual observation and the initial characteristic parameters, the raw LiDAR data were 

not ideal for direct use as measurement output. Although the raw signal was still able to show the main pattern 

of distance change, the presence of local fluctuations, sudden value changes, and spikes/drops indicates that 

the signal still required improvement. Filtering was needed to suppress unstable variations, reduce rapid-change 
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components, and clarify the main measurement pattern. Thus, the filtering stage became an important step 

before the LiDAR data were used for measurement performance analysis and sensor-based TVET learning 

applications. 

 
Table 1. Raw LiDAR Data Characteristics 

Parameter Dark Place Value Ambience of Light 

Minimum Value 16 16.012 
Maximum Value 409 433.21 

Mean raw value 221.11 229.92 

Standard deviation raw 111.26 115.84 
Peak-to-peak range 393 417.2 

Raw fluctuation 2.6457 6.7771 

Maximum adjacent difference 136 143.28 
Number of spike/drop 81 81 

High-frequency power raw 8.8673 22.246 

 

3.2. Comparison of Raw and Filtered Distance Signals 

At this stage, the raw LiDAR data were processed using five filtering methods, namely Moving Average, 

Median Filter, Savitzky-Golay, Butterworth, and Simple Kalman Filter. These five methods were applied to 

the same raw data so that changes in signal characteristics after the filtering process could be compared directly. 

This visual comparison is important because each filter has a different processing mechanism for reducing 

fluctuations, smoothing the signal, and preserving the main pattern of distance changes. Based on Figure 2, the 

raw signal still showed local fluctuations and relatively sharp value changes between samples. Although the 

main pattern of distance changes could still be identified, the raw signal was not sufficiently stable to be used 

directly as measurement output in sensor-based learning applications. This condition indicates that the filtering 

process is required to improve data readability and stability. 

 

 
Figure 2. Raw and Filtered LiDAR Sensor Measurement Signals 

 

The filtering results showed different characteristics for each method. Moving Average produced a 

smoother signal than the raw data while still following the main pattern of distance changes. The Median Filter 

was able to suppress local disturbances and temporary value spikes, although some signal variations were still 

visible. Savitzky-Golay provided a more balanced result because it could smooth the signal without removing 

the main shape of the measurement pattern. Meanwhile, Butterworth produced a very smooth signal by 

suppressing rapid-change or high-frequency components. However, its strong smoothing characteristic may 

reduce sensitivity to local changes. The Simple Kalman Filter produced the smoothest signal compared with 
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the other methods, but a delayed response to distance changes was observed. This indicates that the Kalman 

Filter has strong smoothing capability, but it may reduce system responsiveness. In general, all filtering 

methods were able to improve the visual stability of the LiDAR signal. However, the degree of improvement 

differed across methods. Moving Average and Median Filter provided moderate smoothing, Savitzky-Golay 

maintained a balance between accuracy and signal shape, Butterworth was superior in suppressing high-

frequency fluctuations, while the Simple Kalman Filter produced the smoothest signal but showed response 

delay. 

 

3.3. Residual Error and Signal Preservation Analysis 

The first evaluation was conducted using error metrics, namely Mean Error Bias, Mean Absolute Error 

(MAE), Mean Squared Error (MSE), Root Mean Square Error (RMSE), Mean Absolute Percentage Error 

(MAPE), maximum absolute deviation, and steady-state error from the raw measurements. These metrics were 

used to determine the closeness of the filtered signals to the measurement reference value. The error evaluation 

results are presented in Table 2. 

 
Table 2. Residual Error Relative for Each Filtering Method to Raw Data 

Filter 
Mean Error 

Bias 
MAE MSE RMSE 

MAPE 

(%) 

Max absolute 

deviation 

Steady-State 

Error 

Moving 

Average 
0,000017 1,7348 11,985 3,4620 0,9188 109,40 1,5372 

Median Filter -0,010143 1,5284 13,776 3,7116 0,8089 136,00 1,3877 
Savitzky-Golay -0,000011 1,3792 7,5316 2,7444 0,7219 69,686 1,2803 

Butterworth -0,000125 1,8485 13,299 3,6467 0,9921 122,01 1,6427 

Kalman Simple 2,1218 3,2774 35,103 5,9248 1,8236 133,96 2,8015 

 

Based on Table 2, the Savitzky–Golay filter produced the smallest overall deviation from the raw LiDAR 

measurements. Its consistently low values across the absolute, squared, and percentage-based deviation metrics 

indicate that this method altered the original signal less than the other filters while still reducing fluctuations. 

The comparatively low maximum deviation also suggests that the Savitzky–Golay filter was better able to limit 

large pointwise changes between the raw and filtered signals. Therefore, this method provided the strongest 

balance between smoothing and preservation of the original measurement characteristics. 

The Median Filter also showed relatively small deviations from the raw measurements. This behavior 

indicates that it was effective in removing local disturbances and isolated spikes without substantially 

modifying most of the signal. However, its larger maximum deviation shows that considerable changes still 

occurred at certain samples, particularly around abrupt transitions or transient events. This suggests that the 

Median Filter may preserve the general signal pattern while strongly modifying individual observations that it 

identifies as outliers. 

The Moving Average and Butterworth filters showed moderate deviation performance. The Moving 

Average reduced local variations by averaging neighboring samples, but this process may also attenuate sharp 

transitions and introduce differences around rapidly changing regions. The Butterworth filter produced a 

smoother output, yet its higher deviation metrics indicate that stronger smoothing caused a greater departure 

from the original signal. This demonstrates that increased smoothness does not necessarily imply better 

preservation of the measured data. 

The Simple Kalman Filter produced the greatest deviation from the raw measurements and also exhibited 

a noticeable directional offset. This suggests that the selected process-noise and measurement-noise parameters 

caused the filter to respond more slowly to changes in the input signal and to modify the signal level more 

substantially. Although the Kalman output was very smooth, the large deviation values indicate a greater loss 

of short-term variation and a weaker ability to follow rapid measurement changes under the parameter 

configuration used in this study. 

After Table 2 shows numerical differences in residual error among the filtering methods, descriptive 

values alone are not sufficient to determine whether the observed differences are statistically significant. 

Therefore, an additional inferential analysis was conducted using a one way repeated measures analysis of 

variance. The raw LiDAR signal was divided into 42 non-overlapping segments of 250 samples, and the 

residual RMSE between each filtered output and the corresponding raw-signal segment was calculated. 

Because all filtering methods were applied to the same signal segments, the filtering method was treated as a 

within subject factor in the repeated measures ANOVA. Before interpreting the repeated-measures ANOVA, 

the sphericity assumption was examined using Mauchly’s test. The test result was significant, with Mauchly’s 

𝑊 =  3.50 ×  10−5, chi-square (9) = 404.38, and p < 0.001. This result indicates that the sphericity 
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assumption was not satisfied. Therefore, the Greenhouse–Geisser correction was used, with an epsilon value 

of 0.274. As summarized in Table 3, the corrected repeated-measures ANOVA showed that the filtering method 

had a statistically significant effect on residual RMSE relative to the raw LiDAR signal, 𝐹(1.10, 44.92) = 26.23, 

p < 0.001, with a partial eta-squared value of 0.390. These findings indicate that the differences in residual 

RMSE among the five filtering methods were statistically significant and were unlikely to be caused only by 

random variation among the signal segments.  

 
Table 3. Repeated measures ANOVA results for segment level residual RMSE 

Statistical analysis Statistic df p-value Additional information 

Mauchly’s test 𝑊 = 3.50 × 10−5 9 (<0.001) Sphericity violated 

Greenhouse–Geisser correction — — — 𝜀 = 0.274 

Repeated-measures ANOVA (𝐹 = 26.23) 1.10, 44.92 (<0.001) Partial 𝜂2 = 0.390 

 

The descriptive results showed that the Savitzky–Golay filter produced the lowest mean residual RMSE, 

with a value of 2.249 ± 1.592. It was followed by Moving Average at 2.858 ± 1.977, Median Filter at 2.994 ± 

2.220, Butterworth at 3.036 ± 2.044, and Simple Kalman Filter at 4.763 ± 3.566. As shown in Table 4, 

Savitzky–Golay also had the lowest median residual RMSE, whereas the Simple Kalman Filter showed the 

highest mean and median values. These results indicate that Savitzky–Golay preserved the raw-signal pattern 

more closely than the other filtering methods, while the Simple Kalman Filter produced the greatest deviation 

from the raw signal. The distribution of segment-level residual RMSE values is presented in Figure 3. As 

shown in Figure 3, Savitzky–Golay generally produced lower residual RMSE values and a narrower 

distribution than the other filtering methods. In contrast, the Simple Kalman Filter showed the highest median 

residual RMSE, the widest distribution, and several large values, indicating a greater degree of modification 

relative to the raw signal. 

 
Table 4. Descriptive statistics of segment-level residual RMSE 

Filtering method Mean residual RMSE Standard deviation Median residual RMSE 

Moving Average 2.858 1.977 2.328 
Median Filter 2.994 2.220 2.441 

Savitzky–Golay 2.249 1.592 1.840 
Butterworth 3.036 2.044 2.445 

Simple Kalman Filter 4.763 3.566 4.029 

 

 
Figure 3. Distribution of segment-level residual RMSE relative to the raw signal across filtering methods 

 

Bonferroni-adjusted post-hoc comparisons showed that the residual RMSE of Savitzky–Golay was 

significantly lower than that of Moving Average, Median Filter, Butterworth, and Simple Kalman Filter, with 

all adjusted p-values below 0.001. Table 5 also shows that the Simple Kalman Filter had a significantly higher 
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residual RMSE than all other methods. No statistically significant difference was found between Moving 

Average and Median Filter, p = 0.102, or between Median Filter and Butterworth, p = 1.000.  

 
Table 5. Bonferroni-adjusted post-hoc comparisons of residual RMSE 

Pairwise comparison Mean difference Adjusted p-value Result 

Moving Average vs Median Filter −0.136 0.102 Not significant 

Moving Average vs Savitzky–Golay 0.609 (<0.001) Significant 
Moving Average vs Butterworth −0.178 (<0.001) Significant 

Moving Average vs Simple Kalman −1.905 (<0.001) Significant 
Median Filter vs Savitzky–Golay 0.745 (<0.001) Significant 

Median Filter vs Butterworth −0.042 1.000 Not significant 

Median Filter vs Simple Kalman −1.769 (<0.001) Significant 
Savitzky–Golay vs Butterworth −0.788 (<0.001) Significant 

Savitzky–Golay vs Simple Kalman −2.514 (<0.001) Significant 

Butterworth vs Simple Kalman −1.727 (<0.001) Significant 

 

Therefore, the post-hoc results confirm that Savitzky–Golay provided the highest level of raw-signal 

preservation among the evaluated filtering methods. It should be noted that the residual RMSE used in this 

analysis does not represent measurement accuracy relative to the actual distance because an independent 

ground-truth reference was not available. Instead, the metric indicates the degree of deviation between each 

filtered output and the raw LiDAR signal. A lower residual RMSE therefore reflects stronger preservation of 

the original signal pattern, while a higher value indicates that the filtering method modified the raw signal more 

extensively. Consequently, the results of this analysis should be interpreted together with the signal-stability, 

noise-reduction, and responsiveness indicators presented in the following sections. This combined 

interpretation is necessary because a filter that remains very close to the raw signal may also retain unwanted 

fluctuations, whereas a filter that produces a smoother signal may introduce greater deviation or response delay. 

 

3.4. Signal Stability and Smoothness Analysis 

Signal stability was evaluated using standard deviation, standard deviation reduction, signal fluctuation, 

fluctuation reduction, and smoothness index. These metrics are important because sensor-based learning 

applications require data that are stable, easy to read, and not excessively fluctuating. The results of the signal 

stability evaluation are presented in Table 6. 

 
Table 6. Evaluation of Deviation to Raw Measurements 

Filter 
STD 

Raw 

STD 

Filter 

STD 

Reduction 

(%) 

Fluctuation 

Raw 

Fluctuation 

Filter 

Fluctuation 

Reduction (%) 

Smoothness 

Index 

Moving 

Average 
111,26 111,20 0,0539 5,4607 1,1441 79,048 1,1446 

Median Filter 111,26 111,23 0,0270 5,4607 1,4686 73,106 1,4689 

Savitzky-

Golay 
111,26 111,22 0,0360 5,4607 2,5654 53,021 2,5655 

Butterworth 111,26 111,19 0,0629 5,4607 0,3029 94,453 0,3047 

Kalman 

Simple 
111,26 111,00 0,2337 5,4607 0,0865 98,416 0,0927 

 

Based on Table 6, the global standard deviation values of all filtered signals did not show substantial 

changes compared with the raw data. This occurred because the measurement data had a considerable distance-

change trend during the data collection process. Therefore, the global standard deviation does not fully 

represent noise, but also reflects the distance changes that actually occurred during measurement. More 

relevant indicators for evaluating local stability are fluctuation values and the smoothness index. Based on 

these indicators, the Simple Kalman Filter produced the smoothest result, with a fluctuation reduction of 

98.416% and a smoothness index of 0.0927. These values indicate that the Kalman Filter was highly effective 

in suppressing small changes between samples. Butterworth also showed very good performance in improving 

signal smoothness. This method produced a fluctuation reduction of 94.453% and a smoothness index of 

0.3047. These results indicate that Butterworth was effective in suppressing local fluctuations and producing a 

stable output. Moving Average reduced fluctuation by 79.048%, while the Median Filter reduced fluctuation 

by 73.106%. Both methods provided a fairly good improvement in stability without excessively removing the 

main signal pattern. Meanwhile, Savitzky-Golay had the lowest fluctuation reduction, at 53.021%, with a 

smoothness index of 2.5655. However, this value does not directly indicate poor performance. Savitzky-Golay 

does not perform aggressive smoothing because this method attempts to preserve the local shape of the signal. 
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Thus, if the main focus is signal smoothness as shown in Figure 4, the Simple Kalman Filter and Butterworth 

are the most superior methods. However, if stability needs to be balanced with accuracy and preservation of 

the signal shape, Savitzky-Golay remains an important method to consider. 

 

 
 

Figure 4. Comparison of Fluctuation Reduction Across Filtering Methods 

 

3.5. Residual Noise and High-Frequency Power Reduction Analysis 

Noise reduction was evaluated using the standard deviation of residual noise, RMS residual noise, 

estimated Signal-to-Noise Ratio (SNR), and high-frequency power reduction. These metrics were used to 

determine the ability of each filter to reduce disturbance components contained in the LiDAR signal. The 

evaluation results are presented in Table 7. 

 
Table 7. Evaluation of Residual Noise and High-Frequency Power Reduction 

Filter 
STD Residual 

Noise 

RMS Residual 

Noise 

Estimated SNR 

(dB) 

HF Power 

Raw 

HF Power 

Filter 

HF Power 

Reduction (%) 

Moving 

Average 
3,4621 3,4620 30,135 0,0011669 0,00019937 82,914 

Median Filter 3,7118 3,7116 29,532 0,0011669 0,00023462 79,893 

Savitzky-
Golay 

2,7445 2,7444 32,154 0,0011669 0,00045215 61,250 

Butterworth 3,6469 3,6467 29,683 0,0011669 0,00017267 85,202 

Kalman 
Simple 

5,5321 5,9248 26,048 0,0011669 0,00017231 85,233 

 

Based on Table 7, Savitzky-Golay produced the lowest residual noise, with a residual noise STD of 2.7445 

and an RMS residual noise of 2.7444. This method also produced the highest estimated SNR of 32.154 dB. 

These results indicate that Savitzky-Golay was able to reduce noise while maintaining signal conformity with 

the main measurement pattern. Butterworth and the Simple Kalman Filter showed the best performance in 

suppressing high-frequency power. Butterworth produced a high-frequency power reduction of 85.202%, while 

the Simple Kalman Filter produced a reduction of 85.233%. Both methods were effective in suppressing rapid-

change components that are generally associated with noise or local fluctuations. However, a large reduction 

in high-frequency components does not always indicate better overall performance. Although the Simple 

Kalman Filter was able to suppress high-frequency power, it produced the highest RMS residual noise of 

5.9248 and the lowest SNR of 26.048 dB. This indicates that the Kalman Filter smoothed the signal too 
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strongly, which could reduce signal conformity with the reference pattern. Moving Average also showed fairly 

good performance, with a high-frequency power reduction of 82.914% and an estimated SNR of 30.135 dB. 

The Median Filter produced a high-frequency power reduction of 79.893% and an SNR of 29.532 dB. These 

values indicate that both methods were able to reduce noise, although they were not as effective as Savitzky-

Golay in terms of residual noise and SNR. Overall, these results show that filter selection cannot be based 

solely on the ability to suppress high-frequency components. An overly aggressive filter may produce a very 

smooth signal but can also increase residual error. Based on the balance between residual noise and SNR, 

Savitzky-Golay provided the best performance in this study. As shown in Figure 5, the Butterworth and Simple 

Kalman filters achieved the highest high-frequency power reduction, whereas Savitzky–Golay produced the 

lowest reduction among the evaluated methods. 

 

 
Figure 5. Comparison of High-Frequency Power Reduction 

 

3.6. Responsiveness and Transient Error Evaluation 

Filter responsiveness was evaluated using lag samples and maximum transient error. This evaluation is 

important because sensor-based measurement systems in TVET learning require a fast response when distance 

changes occur. A filter that responds too slowly may reduce the quality of real-time feedback for students. The 

responsiveness evaluation results are presented in Table 8. 

 
Table 8. Responsiveness and Transient Error Evaluation 

Filter Lag Samples Max Deviation Transient 

Moving Average 0 109,40 

Median Filter 0 136,00 

Savitzky-Golay 0 69,686 
Butterworth 0 122,01 

Kalman Simple 39 133,96 

 

Based on Table 8, Moving Average, Median Filter, Savitzky-Golay, and Butterworth did not show 

response delay, with lag sample values of 0. This indicates that the four methods were able to follow the main 

pattern of signal changes without any delay detected based on the evaluation procedure used. Among these 

four methods, Savitzky-Golay produced the lowest maximum transient error, namely 69.686. This result 

indicates that Savitzky-Golay was more stable in following distance changes under transient conditions. In 

other words, this method was not only accurate under general conditions but was also able to maintain low 

error when changes in measurement values occurred. In contrast, the Simple Kalman Filter had a lag of 39 
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samples. With a sampling frequency of 50 Hz, this lag is equivalent to approximately 0.78 seconds. This delay 

is important in the context of sensor-based learning because students need data visualization that is responsive 

to changes in the observed object. Although the Simple Kalman Filter produced the smoothest signal, the 

presence of lag and high maximum transient error indicates a trade-off between smoothness and 

responsiveness. Therefore, the Kalman Filter configuration used in this study was not the best option for TVET 

learning applications that require fast response and good measurement accuracy. 

 

3.7. Overall Comparison and Selection Filter 

The evaluation results show that each filtering method had its own strengths and weaknesses. Savitzky-

Golay showed the best performance in terms of error metrics, residual noise, SNR, and transient response. This 

method produced the lowest MAE, MSE, RMSE, MAPE, Maximum Absolute Deviation, residual noise, and 

maximum transient error compared with the other methods. In addition, Savitzky-Golay did not show any lag 

in the evaluation results. Butterworth and the Simple Kalman Filter were superior in terms of signal smoothing. 

Butterworth was able to reduce fluctuation by 94.454% and high-frequency power by 85.202%. The Simple 

Kalman Filter even produced the highest fluctuation reduction of 98.415% and high-frequency power reduction 

of 85.233%. However, these advantages were accompanied by limitations. The Kalman Filter produced higher 

error, lower SNR, and a lag of 39 samples. Thus, the Kalman Filter was not the best method when accuracy 

and responsiveness were considered simultaneously. Moving Average provided fairly stable and simple 

performance. This method is suitable when the system requires a filter that is easy to implement and easy to 

understand in the context of basic learning. The Median Filter was fairly effective in reducing local 

disturbances or outliers, but its high Maximum Absolute Deviation and transient error values indicate that this 

method was less stable under certain signal changes. Based on the comprehensive evaluation, Savitzky-Golay 

is recommended as the best filtering method in this study. This method provides the best balance among 

accuracy, stability, noise reduction, and responsiveness. Butterworth can be used when the main priority is to 

produce a very smooth signal, while Moving Average can be used when the priority is implementation 

simplicity. The Simple Kalman Filter still requires further parameter tuning to be used optimally in real-time 

signal processing systems. 

 

3.8. Implications of the Results for TVET Learning Applications 

Based on the evaluation results, the implementation of each filtering method should be adjusted according 

to the specific requirements of the system. The findings indicate that each filter has distinct strengths and 

limitations; therefore, filter selection cannot be based on a single performance indicator alone. In sensor-based 

TVET learning applications, measurement data must not only be smooth but also accurate, responsive, and 

easy for students to interpret. Consequently, the choice of filtering method should consider the primary 

objective of the system, whether it emphasizes measurement accuracy, visual stability, noise reduction, 

responsiveness to changes, or ease of implementation. 

Moving Average is more suitable for systems that require a simple, low computational cost, and easily 

implemented filtering method [42][43]. The evaluation results showed that Moving Average reduced 

fluctuations by 79.047% and reduced high-frequency power by 82.914% without introducing lag. These 

findings indicate that Moving Average can be used when sensor data contain mild to moderate random 

fluctuations and the system requires a more stable signal display with low computational complexity. In the 

context of TVET learning, this filter is suitable for introducing the basic concept of data smoothing because its 

mechanism is easy for students to understand. However, Moving Average is not the preferred option when the 

highest measurement accuracy is required, since its MAE and RMSE values are still higher than those of 

Savitzky-Golay. 

The Median Filter is more appropriate when sensor data contain extreme spikes, sudden drops, or outliers. 

This is consistent with the characteristic of the Median Filter, which selects the median value within a data 

window, making the output less affected by extreme values [44][45]. Based on the evaluation results, the 

Median Filter produced an MAE of 1.5284 and a MAPE of 0.8089%, which are better than those of Moving 

Average and Butterworth in terms of absolute error. Therefore, the Median Filter may be selected when the 

main disturbances in LiDAR data are temporary outliers caused by surface reflections, changes in measurement 

angle, or unstable sensor readings at specific points. However, the Median Filter is less suitable when a very 

smooth signal is required because its fluctuation reduction was only 73.105%. In addition, its maximum 

transient error of 136 indicates that the filter may still produce large deviations under certain signal-change 

conditions. 

Savitzky-Golay is more suitable when the system requires a balance between accuracy, signal shape 

preservation, and responsiveness [46][47]. The evaluation results showed that Savitzky-Golay produced the 
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lowest MAE of 1.3792, the lowest RMSE of 2.7444, the lowest MAPE of 0.7219%, the lowest Maximum 

Absolute Deviation of 69.686, and the highest estimated SNR of 32.154 dB. This filter also showed no lag and 

had the lowest maximum transient error among all evaluated methods. These results indicate that Savitzky-

Golay is well suited for LiDAR measurements involving gradual changes, such as water-level variations, 

because it can reduce noise without removing the main trend of the signal. In TVET learning applications, this 

method is particularly appropriate when students need to observe the relationship between changes in physical 

objects and sensor outputs with a high degree of accuracy. However, Savitzky-Golay is not the primary choice 

when the main priority is achieving the smoothest possible visual signal, since its fluctuation reduction was 

only 53.021%, lower than that of Butterworth and the Simple Kalman Filter. 

Butterworth filtering is particularly suitable when the primary objective is to attenuate high-frequency 

noise and produce a smoother signal while preserving its essential low-frequency characteristics [48][49]. The 

evaluation results showed that Butterworth reduced fluctuations by 94.454% and high-frequency power by 

85.202%. These achievements indicate that Butterworth is effective for sensor data containing substantial rapid 

fluctuations or high-frequency noise. This filter is suitable for learning applications that emphasize signal 

display stability so that graphical outputs are easier to interpret. However, Butterworth produced an MAE of 

1.8485 and an RMSE of 3.6467, indicating lower accuracy than Savitzky-Golay. Therefore, Butterworth is 

more suitable when signal smoothness and high-frequency noise reduction are the primary objectives rather 

than minimizing measurement error. 

The Simple Kalman Filter is particularly suitable for systems that prioritize smooth and stable state 

estimation from noisy sequential measurements [50]. The evaluation results showed that the Simple Kalman 

Filter achieved the highest fluctuation reduction of 98.415% and the lowest smoothness index of 0.09268. 

These results indicate that the filter is highly effective in producing a smooth output signal. However, these 

advantages are accompanied by limitations in accuracy and responsiveness. The Simple Kalman Filter 

produced an MAE of 3.2774, an RMSE of 5.9248, a MAPE of 1.8236%, and a lag of 39 samples. With a 

sampling frequency of 50 Hz, this lag corresponds to approximately 0.78 seconds. These findings indicate that 

the Kalman Filter configuration used in this study is less suitable for systems requiring rapid responses to 

distance changes. Therefore, the Simple Kalman Filter is more appropriate for relatively slow and stable 

measurement conditions or when visual smoothness is more important than real-time responsiveness. 

Recent sensor-processing studies have increasingly investigated adaptive filters that adjust their 

parameters according to changes in signal and noise characteristics. Unlike the fixed-parameter Simple Kalman 

Filter used in this study, an adaptive Kalman Filter can estimate or update process and measurement noise 

covariance during operation. Kruse et al. proposed an adaptive Kalman filtering approach that estimates 

process and measurement noise covariance using Kalman smoothing. This adaptive capability is relevant to 

VL53L0X measurements because LiDAR noise may vary with object reflectivity, measurement angle, ambient 

light, distance, and surface movement. The fixed Q and R values applied in the present Simple Kalman Filter 

produced strong fluctuation reduction but also generated higher error and a lag of 39 samples [51]. AI-based 

and hybrid filtering techniques offer another alternative. Zhang et al. integrated a Long Short-Term Memory 

network with an adaptive Kalman Filter to estimate dynamic states under nonlinear and changing operating 

conditions. In this approach, the learning model supports the filter in adjusting its estimation process according 

to temporal signal patterns [52]. Such hybrid methods may be useful when sensor disturbances cannot be 

adequately represented by fixed statistical assumptions. Future research should therefore compare the present 

conventional filters with adaptive Kalman filtering, adaptive window-based filters, neural denoising models, 

and hybrid neural-Kalman approaches using the same VL53L0X dataset and identical evaluation indicators. 

Overall, the results of this study demonstrate that the selection of a filtering method should be based on 

implementation requirements. Moving Average is suitable for simple and lightweight systems, the Median 

Filter is suitable for data containing outliers or spikes, Savitzky-Golay is suitable for measurements requiring 

accuracy and signal pattern preservation, Butterworth is suitable for high-frequency noise reduction, and the 

Simple Kalman Filter is suitable for highly smooth signal estimation but requires further parameter tuning to 

avoid response delays. Therefore, the implementation of filters in sensor-based TVET learning applications 

should not treat a single method as a universal solution, but rather as a technical option selected according to 

data characteristics, learning objectives, and system responsiveness requirements. 

 

4. CONCLUSION 

This study evaluated the performance of five filtering methods, namely Moving Average, Median Filter, 

Savitzky-Golay, Butterworth, and Simple Kalman Filter, in improving the quality of measurement data 

obtained from a VL53L0X LiDAR sensor for sensor-based TVET learning applications. The initial 

characterization showed that the raw LiDAR signal contained local fluctuations, abrupt sample-to-sample 
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changes, and high-frequency components that reduced the stability and readability of the measurements. Each 

filtering method was therefore applied to the same raw dataset, and its performance was evaluated by 

comparing the filtered output with the corresponding raw signal. The comparison focused on the extent to 

which each method reduced fluctuations and high-frequency components while preserving the main 

characteristics of the original measurements.  

The results showed that Savitzky–Golay provided the most balanced performance. It produced an MAE 

of 1.3792, an RMSE of 2.7444, a MAPE of 0.7219%, a maximum absolute deviation of 69.686, the highest 

estimated SNR of 32.154 dB, and no detected lag. A Greenhouse–Geisser-corrected repeated-measures 

ANOVA confirmed that the filtering method had a statistically significant effect on segment-level residual 

RMSE, F(1.10,44.92)=26.23, p<0.001, partial η2=0.390. Bonferroni-adjusted comparisons further showed that 

Savitzky–Golay produced significantly lower residual RMSE than the other methods, indicating the strongest 

preservation of the raw-signal pattern. 

Butterworth and the Simple Kalman Filter demonstrated advantages in signal smoothing. Butterworth 

reduced fluctuations by 94.454% and high-frequency power by 85.202%, while the Simple Kalman Filter 

achieved the highest fluctuation reduction of 98.415% and the lowest smoothness index of 0.09268. However, 

the Simple Kalman Filter also produced an MAE of 3.2774, an RMSE of 5.9248, a MAPE of 1.8236%, and a 

lag of 39 samples. These findings indicate that the smoothest filter is not necessarily the most appropriate 

choice for systems requiring fast response and low deviation from the reference signal. 

Moving Average and Median Filter offered advantages in terms of implementation simplicity. Moving 

Average reduced fluctuations by 79.047% and high-frequency power by 82.914%, making it suitable for 

systems requiring low computational complexity and basic signal smoothing. The Median Filter was more 

suitable when the data contained temporary spikes, drops, or outliers because it uses the median value within 

the observation window. However, the Median Filter still produced relatively high Maximum Absolute 

Deviation and transient error values, indicating that its application should be carefully considered in systems 

operating under rapid distance-change conditions. 

Overall, no single filtering method was superior across all indicators. Savitzky–Golay is recommended 

when signal-pattern preservation and responsiveness are the main priorities, Butterworth when stronger high-

frequency suppression is required, Simple Kalman when maximum smoothness is preferred and delay is 

acceptable, Moving Average for simple instructional implementation, and Median Filter for impulsive 

disturbances. Because the raw signal was used as the comparison signal rather than an independent ground-

truth measurement, the reported residual metrics represent signal preservation and deviation from the raw data, 

not measurement accuracy relative to the actual distance. 

Future research should evaluate the filtering methods under different environmental conditions, including 

variations in ambient light, object reflectivity, measurement angle, surface characteristics, and sensor-to-object 

distance. Experiments involving static and dynamic objects are also required to assess filter performance under 

faster and more complex distance changes. Further studies should compare additional LiDAR sensor models 

to determine whether the findings can be generalized across devices with different measurement ranges, 

resolutions, and acquisition mechanisms. Adaptive filtering techniques may also be investigated to enable 

automatic parameter adjustment according to changing noise and signal characteristics. Finally, real-time 

implementation on embedded platforms should be examined through computational benchmarking that 

includes processing time, memory usage, processor load, energy consumption, sampling consistency, and end-

to-end latency. These developments would support the implementation of more reliable, responsive, and 

scalable LiDAR-based learning systems in TVET environments. 
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