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Abstract: Acoustic resonance experiments using closed organ pipes are widely used 

to study the relationship between sound frequency, wavelength, and air-column 

length. However, low-cost sensor-based systems often produce unstable acoustic 

signals contaminated by environmental noise, amplitude fluctuations, and sensor-

response variability, making resonance identification difficult. This study aims to 

develop and evaluate an amplitude-based statistical filtering method to improve 

signal stability and determine the fundamental resonance position more accurately. 

The proposed method was evaluated using a closed organ pipe experiment integrated 

with an acoustic sensor and microcontroller-based data acquisition system. Acoustic 

signals were processed using amplitude-based statistical filtering to extract dominant 

resonance responses and improve resonance localization. Statistical evaluation was 

conducted to analyze signal stability and measurement accuracy. The results showed 

that the filtering process reduced the standard deviation from 9.24 cm in the raw 

dataset to 6.72 cm in the final resonance candidates, indicating improved resonance 

localization stability. The experimental resonance length obtained after filtering was 

16.12 cm, while the theoretical resonance length was 16.75 cm, resulting in a relative 

error of 3.76%. These findings demonstrate that the proposed filtering method can 

improve resonance detection accuracy using a simple, practical, and computationally 

efficient approach suitable for low-cost educational laboratory systems. 

 

Keywords: Acoustic Resonance; Amplitude-Based Filtering; Closed Organ Pipe; 

Low-Cost Sensor System; Statistical Signal Analysis 

 

INTRODUCTION 

Sound waves are longitudinal mechanical waves generated by vibrating sources and propagating through a 

medium (Sahin et al., 2023). Their propagation characteristics are influenced by medium properties, with sound 

velocity in air reaching approximately 340–343 m/s at room temperature (Manela & Ben-Ami, 2024). A closed 

organ pipe resonance experiment is commonly used to analyze sound-wave characteristics through standing-wave 

formation inside the air column (Neimarlija & Arifović, 2023;Contreras & Volke-Sepúlveda, 2024). Under 

resonance conditions, the relationship between air-column length, wavelength, and sound frequency can be 

quantitatively analyzed to determine important physical parameters such as wavelength and sound velocity 

(Pratiwi et al., 2025). The advancement of digital technology has encouraged the use of microcontroller-based 

sensors and digital analysis systems in acoustic experiments (Gidion et al., 2023). Previous studies have 

demonstrated that Arduino-based sensor systems can provide practical and low-cost solutions for real-time 

monitoring and data acquisition in experimental applications (Lupitha & Haryono, 2022). Low-cost sensor systems 

offer practical advantages for educational laboratories because they are affordable, simple to implement, and 

suitable for environments with limited facilities (Heriard-Dubreuil et al., 2023). Previous studies have also 

demonstrated that microcontroller-based monitoring systems integrated with ultrasonic sensors can support 

efficient real-time data acquisition and experimental monitoring processes (Karjadi & Haryono, 2022). However, 

experimental data obtained from such systems are often contaminated by environmental noise, amplitude 

fluctuations, and signal instability caused by sensor limitations and air-column dynamics inside the tube (Enkhbat 

et al., 2024). These disturbances make resonance peaks difficult to identify accurately from raw experimental data. 

Unstable measurements of sound intensity and frequency may reduce the reliability of experimental results 

(Lee et al., 2022). Noise-contaminated signals generally produce irregular data distributions, causing difficulties 

https://doi.org/10.33395/sinkron.v10i3.16311
mailto:feri@
mailto:email@email.com
mailto:email@email.com
mailto:email@email.com
mailto:2522026@student.iteba.ac.id%20


 

Sinkron : Jurnal dan Penelitian Teknik Informatika 
Volume 10, Number 3, July 2026 

DOI : https://doi.org/10.33395/sinkron.v10i3.16311 

e-ISSN : 2541-2019 
 p-ISSN : 2541-044X 

 

 

*name of corresponding author 

 
This is anCreative Commons License This work is licensed under a Creative 
Commons Attribution-NonCommercial 4.0 International License. 1592 

 

in determining resonance positions precisely. This issue becomes more significant when low-cost devices with 

limited measurement resolution are used (Komarizadehasl et al., 2022). In standing-wave experiments, clear and 

stable signals are required to properly analyze the relationship between physical variables and to ensure 

consistency between experimental and theoretical results (Guizzo et al., 2022). The motivation for this study 

emerged from the observation that resonance information is still contained within raw experimental data, although 

it is often masked by dominant noise and random fluctuations (Pawłowski et al., 2023). It is assumed that the 

dominant signal can be extracted using a simple signal-processing approach without requiring computationally 

complex methods (Liu et al., 2023). This approach is intended to emphasize data that represent resonance 

conditions while maintaining low computational complexity and implementation efficiency (Ramesh et al., 2022). 

Previous studies have mainly focused on improving resonance accuracy through calibration methods or the 

use of high-specification instruments (Rashid, 2023). Although these approaches provide good measurement 

accuracy, they are not always suitable for educational laboratories with limited equipment and financial resources 

(Staacks et al., 2018). Several signal-processing methods such as moving average filtering, low-pass filtering, and 

Fast Fourier Transform (FFT) have also been widely applied to reduce noise and improve signal quality. Studies 

on sensor-based acquisition systems indicate that calibration can significantly improve measurement accuracy; 

nevertheless, additional filtering processes are still necessary to minimize noise and enhance signal precision 

(Septiana et al., 2024). Despite their effectiveness, these methods still present limitations related to computational 

complexity, implementation requirements, and suitability for low-cost microcontroller-based systems. Therefore, 

a simple statistical filtering approach is needed to improve signal stability and resonance identification accuracy 

without increasing system complexity (Junior et al., 2023). Accurate resonance-position determination is essential 

for understanding sound-wave concepts. Unclear and inconsistent experimental data may cause errors in 

interpreting the relationship between air-column length, frequency, and wavelength. Therefore, improving 

experimental data quality is important for effective physics learning and reliable analysis. 

This research aims to develop and evaluate an Amplitude-Based Statistical Filtering Method by addressing 

the research question: How effectively can the proposed method improve signal stability and resonance 

identification accuracy in low-cost acoustic sensor systems? The method improves measurement consistency and 

resonance localization by extracting dominant acoustic responses. Unlike previous studies on resonance 

measurement accuracy and visualization, this study improves resonance-localization stability in low-cost acoustic 

sensing systems. The proposed amplitude-based statistical filtering method combines amplitude prioritization and 

statistical evaluation to reduce fluctuations and improve resonance identification reliability without requiring 

intensive signal processing techniques. 

 

METHOD 

This study employed an experimental method to evaluate the effectiveness of an amplitude-based filtering 

approach in improving the quality of acoustic data obtained from a closed organ pipe resonance experiment. The 

proposed method was developed based on concepts commonly applied in acoustic signal processing and digital 

data analysis for noise reduction and signal stabilization in sensor-based measurements (Gidion et al., 2023; Junior 

et al., 2023; Ramesh et al., 2022). The research focused on developing a simple and efficient filtering technique 

suitable for low-cost experimental systems used in educational laboratories. The experimental system consisted of 

a closed organ pipe, a fixed-frequency sound source, a microphone sensor, and a microcontroller equipped with 

an Analog-to-Digital Converter (ADC). The microphone converted acoustic waves into analog electrical signals, 

which were then transformed into digital amplitude data through the ADC. This system enabled real-time 

acquisition of acoustic signals in the form of numerical amplitude values. 

Data collection was carried out by varying the air-column length gradually within a predetermined range. At 

each variation of the air-column length, the sound amplitude was recorded in ADC units. To improve measurement 

consistency and minimize random error, each measurement was repeated several times under the same 

experimental conditions. The resulting dataset consisted of paired values of air-column length and sound 

amplitude. The collected data were processed through several sequential stages. First, the characteristics of the 

raw data were identified by analyzing amplitude distribution, signal fluctuations, and noise levels. Second, the 

proposed filtering method using a simple statistical approach was applied to reduce the influence of noise. Signal 

filtering and noise reduction techniques are commonly applied in sensor-based measurement systems to improve 

signal reliability and minimize the influence of unwanted fluctuations during data acquisition (Lu et al., 2023). 

The filtering process was performed by selecting the top 10% highest amplitude values from each dataset as 

dominant resonance candidates. The 10% threshold was determined based on preliminary threshold evaluation by 

comparing several selection ranges. Lower thresholds produced fewer data points and increased the risk of 

eliminating valid resonance responses, while higher thresholds retained more noise components. Therefore, the 

10% threshold was selected as a compromise between retaining dominant resonance information and minimizing 

noise contamination. Preliminary observations showed that threshold values below 10% produced fewer resonance 
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candidates and increased the possibility of removing valid resonance information. In contrast, threshold values 

above 10% retained more data points but increased the possibility of including noise components. 

 

After filtering, the processed data were analyzed statistically using parameters such as mean value and standard 

deviation to evaluate signal stability and measurement consistency. The resonance position was determined from 

the concentration of dominant amplitude values indicating maximum resonance response. Finally, the 

experimental results were compared with theoretical resonance values to determine the accuracy of the proposed 

method and evaluate the measurement error between theoretical and experimental results. The overall procedure 

of this research is illustrated in Figure 1, which shows the stages of acoustic signal acquisition, raw-data analysis, 

amplitude-based filtering, statistical evaluation, and resonance-position determination. 

 

 
Figure 1. Conceptual workflow of the proposed filtering approach for resonance localization in low-cost 

acoustic sensing systems. 

 

The proposed filtering method consists of several sequential stages, including acoustic signal acquisition, raw-

data characterization, amplitude prioritization, statistical filtering, resonance-candidate extraction, and resonance 

localization. This structured process was designed to progressively suppress irregular fluctuations while preserving 

dominant resonance responses under unstable measurement conditions. While Figure 1 provides the overall 

conceptual framework of the proposed method, a more detailed computational procedure is required to describe 

the filtering process systematically. Therefore, the step-by-step implementation of the amplitude-based statistical 

filtering process is presented in Algorithm. 

 

Algorithm: Amplitude-Based Statistical Filtering Procedure 

Input: Raw acoustic dataset D = {𝐿𝑖, 𝐴𝑖} 

where Li represents air-column length and Ai represents ADC amplitude value. 

 

Output: Filtered resonance position 𝐿𝑟 and signal stability parameters. 

 

Step 1: Acquire acoustic signals from the microphone sensor and store the measured amplitude 𝐴𝑖 with the 

corresponding air-column length 𝐿𝑖 

 

Step 2: Arrange dataset D based on amplitude magnitude in descending order. 
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Step 3: Determine the filtering threshold: 

𝑁𝑓 = 0.1 𝑥 𝑁 

 Where Nf is the number of selected data points and N is the total number of measurements 

Step 4: Select the top 10% highest amplitude values as dominant resonance candidate 

Step 5: extract the corresponding air-column length values: 

𝐷𝑓 = {𝐿𝑖 , 𝐴𝑖|𝐴𝑖  ∈ 𝑡𝑜𝑝 10%} 

Step 6: Calculate statistical parameters: 
 Mean resonance position: 

𝐿̅ =
1

𝑛
∑ 𝐿𝑖

𝑛

𝑖=1

 

 Standard deviation:  

𝜎 = √
∑ (𝐿𝑖 − 𝐿̅)2𝑛

𝑖=1

𝑛 − 1
 

 

Step 7: Compare the filtered resonance position with theoretical resonance length. 

 

Return: Final resonance localization result and stability evaluation. 

 

The algorithm describes the computational procedure used to process acoustic signals and identify the 

resonance position from the acquired data. The implementation of this procedure requires an experimental system 

capable of collecting acoustic responses from the closed organ pipe. Therefore, the experimental setup used for 

acoustic signal acquisition is presented in Figure 2. 

 

 
Figure 2. Experimental setup consisting of a closed organ pipe, microphone sensor, sound source, and 

Arduino-based data acquisition system. 

 

The experimental setup was designed using low-cost and easily accessible components to support practical 

implementation in educational laboratory environments. The integration between the microphone sensor, Arduino-

based acquisition system, and resonance tube enabled real-time collection of acoustic amplitude data. 

 

Table 1. Comparison of Previous Studies and Proposed Study 

Study Focus Method Limitation 

Iskandar & Pramudya 

(2024) 
Resonance Measurement 

Arduino + 

Visualization 

No signal 

stabilization 

Iskandar & Pramudya 

(2025) 
Effective Length Analysis Physical Analysis No noise handling 
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Study Focus Method Limitation 

Proposed Study 
Resonance Localization 

Stability 
Statistical Filtering 

Low computational 

cost 

 

Table 1 summarizes the differences between previous resonance studies and the proposed study. While 

previous approaches mainly focused on resonance measurement and accuracy improvement, this study emphasizes 

signal stability enhancement through a statistical filtering approach. The research positioning and contribution of 

the proposed approach are illustrated in Figure 3. 

 
Figure 3. Research positioning of the proposed approach for improving resonance localization stability 

compared with previous studies. 

 

RESULT 

The experiment was conducted to evaluate the effectiveness of the proposed ADC-based amplitude filtering 

method in identifying the fundamental resonance position of a closed pipe system. Four experimental trials were 

performed in a single session using a 512 Hz excitation frequency. The raw data consisted of distance 

measurements (cm) and corresponding sound intensity values recorded in ADC units. The raw experimental data 

exhibited a wide distribution of sound intensity values across the entire air column range of 5–35 cm. The unfiltered 

dataset showed irregular fluctuations without a clearly distinguishable resonance peak. High ADC values appeared 

sporadically at multiple positions, indicating the influence of environmental noise, sensor sensitivity variation, and 

acoustic reflections within the tube. Consequently, direct identification of the fundamental resonance position from 

the raw data alone was not reliable. To minimize transient fluctuations and isolate dominant acoustic responses, 

amplitude filtering was applied to the acquired acoustic signals. The filtered results were subsequently analyzed 

to determine the clustering region corresponding to the fundamental resonance position. The distribution 

characteristics of the raw ADC amplitude values before filtering are presented in Figure 4. 

 

 
Figure 4. Distribution of raw ADC amplitude values across different air-column lengths before applying the 

filtering process. 
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The irregular spread of high-amplitude values indicates that resonance-related responses cannot be directly 

distinguished from transient noise components without additional signal processing. The application of the 10% 

amplitude filtering method significantly reduced data dispersion and revealed a more concentrated distribution of 

resonance positions. For each trial, statistical parameters including the number of raw data points, the number of 

filtered data points, the mean resonance position, and the standard deviation were calculated. The summarized 

results of the four experimental trials are presented in Table 2. 

 

Table 2. Statistical Characteristics of Raw Data 

Parameter Mean Std Dev Min Max 

ADC Amplitude 139.34 183.33 21 468 

Distance (cm) 18.95 9.24 3.01 52.90 

 

Table 2 shows the statistical characteristics of the raw acoustic signal. The amplitude signal exhibits a high 

standard deviation (183.33 ADC), which exceeds its mean value (139.34 ADC), indicating significant fluctuation 

and noise contamination in the measurement system. The large standard deviation observed in Table 1 suggests 

significant signal fluctuation. To further investigate the distribution of these fluctuations, the raw amplitude data 

were classified into several categories based on their intensity levels. The threshold ranges were determined 

empirically based on preliminary observations of ADC amplitude distribution. 

 

Table 3. Distribution of Noise in Raw Acoustic Signal 

Category Criteria (ADC) Number of Data Percentage (%) 

Background Noise ≤ 30 219 63.29 

Intermediate Signal 31 – 300 44 12.72 

High Spike / Clip-ping > 300 83 23.99 

Total — 346 100 

 

The selected threshold ranges were intended to separate dominant acoustic responses from low-intensity 

background noise and extreme transient spikes. Table 3 shows that 63.29% of the raw data falls within the 

background noise region (≤30 ADC), while 23.99% exhibits high-amplitude spikes (>300 ADC). This indicates 

that the raw signal is heavily contaminated by noise and extreme fluctuations, justifying the need for digital 

filtering techniques. To further examine the characteristics of the raw acoustic signal, the distribution of ADC 

amplitude values was visualized using a histogram, as shown in Figure 5. The threshold values used for signal 

classification were determined empirically based on the observed amplitude distribution characteristics. This 

classification was intended to provide a clearer representation of signal fluctuation patterns and support subsequent 

filtering analysis. 

 
Figure 5. Comparison between raw acoustic data and filtered resonance candidates obtained using the 

amplitude-based filtering approach. 

 

The histogram distribution also demonstrates that dominant resonance responses occupy only a limited portion 

of the overall dataset, supporting the use of selective statistical filtering for resonance localization. Figure 5 shows 

the distribution pattern of ADC amplitude values obtained from the raw experimental data. Most data points are 
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concentrated in the low-amplitude region, indicating dominant background noise components within the 

measurement system. Meanwhile, several isolated high-amplitude values appear as spikes, representing potential 

dominant acoustic responses associated with resonance conditions. The observed distribution pattern supports the 

signal categorization presented in Table 3 and confirms the presence of substantial signal fluctuation in the raw 

dataset. Based on these characteristics, a filtering procedure was subsequently applied to reduce noise influence 

and retain dominant resonance-related responses. The effectiveness of the progressive filtering process was then 

evaluated through statistical comparison at different filtering stages, as presented in Table 4. 

 

Table 4. Progressive Statistical Comparison During Filtering Stages 

Parameter Raw Data After Threshold Filter-ing Final Resonance Candi-dates 

Count 346 87 33 

Mean (cm) 18.95 19.00 16.12 

Std Dev (cm) 9.24 8.21 6.72 

Min (cm) 3.01 4.47 4.47 

Max (cm) 52.90 35.68 30.43 

 

The remaining resonance candidates exhibit stronger spatial concentration around the expected resonance 

region, indicating improved localization consistency after filtering. Table 4 presents the progressive statistical 

changes observed during the filtering process. The number of data points decreased substantially from 346 in the 

raw dataset to 87 after threshold filtering and finally to 33 resonance candidates. A gradual reduction in data 

dispersion was also observed, as indicated by the decrease in standard deviation from 9.24 cm in the raw dataset 

to 8.21 cm after threshold filtering and further to 6.72 cm in the final resonance candidates. This reduction 

corresponds to a 27.27% decrease in overall data variability. In addition, the coefficient of variation (CV) 

decreased from 48.76% to 41.69%, indicating improved relative consistency in the processed data. The progressive 

reduction in both data count and variability suggests that the filtering process effectively removed irregular 

fluctuations while preserving dominant resonance-related responses. After progressively refining the dataset 

through filtering and resonance candidate selection, the final mean resonance length was obtained.  

 

 

 
Figure 6. Identification of dominant resonance candidates after applying the statistical filtering process. 

 

Figure 6 illustrates the difference between the raw acoustic measurements and the filtered resonance candidates. 

The filtered dataset exhibits a more concentrated distribution pattern with reduced fluctuation, indicating improved 

resonance localization stability. 
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Figure 7. Evaluation of resonance position stability based on standard deviation reduction after filtering. 

 

The clustering pattern shown in Figure 7 demonstrates that dominant resonance candidates are concentrated 

near the theoretical resonance region, supporting the validity of the proposed statistical filtering approach. To 

evaluate its agreement with theoretical prediction for a closed-end air column, a comparison between theoretical 

and experimental resonance lengths was performed, as presented in Table 5. 

 

Table 5. Comparison Between Theoretical and Experimental Resonance Length 

Parameter Value 

Frequency (Hz) 512 

Speed of Sound (m/s) 343 

Theoretical Length (cm) 16.75 

Experimental Mean Length (cm) 16.12 

Error (%) 3.76 

 

The relatively small deviation between theoretical and experimental resonance lengths indicates acceptable 

measurement reliability for low-cost acoustic systems. Table 5 presents the comparison between theoretical 

prediction and experimental results for the determination of the fundamental resonance length in the closed pipe 

system. The theoretical resonance length for a 512 Hz sound source was calculated to be 16.75 cm, while the 

experimental mean length obtained from the final resonance candidates was 16.12 cm. The difference between 

these values resulted in a relative error of 3.76%, indicating that the experimental measurement closely follows 

the theoretical expectation. This result suggests that the proposed filtering approach is capable of preserving 

dominant resonance information while reducing the influence of noise and signal fluctuations. 

 

DISCUSSIONS 

The experimental results demonstrate that raw acoustic measurements obtained using low-cost sensors are 

highly susceptible to environmental noise and signal fluctuation (Niu & Luo, 2022). As shown in Tables 1 and 2, 

the amplitude distribution exhibits substantial variability, with a high standard deviation and a dominant proportion 

of background noise components. This confirms that direct identification of the resonance position from unfiltered 

ADC signals is unreliable due to transient spikes and ambient acoustic interference. The implementation of the 

proposed filtering method significantly improved resonance localization stability. As presented in Table 3, the 

progressive filtering process reduced the dataset from 346 raw data points to 33 final resonance candidates, 

accompanied by a 27.27% reduction in standard deviation (from 9.24 cm to 6.72 cm) and a decrease in the 

coefficient of variation from 48.76% to 41.69%. These results indicate that selective amplitude prioritization 

effectively suppresses irregular fluctuations while preserving dominant acoustic responses associated with 

standing-wave formation (Bao et al., 2020). Physically, the preserved dominant amplitude components represent 

the resonance condition where the air column supports the formation of a stable standing wave pattern (Gidion et 

al., 2023; Niu & Luo, 2022). At the fundamental resonance frequency, constructive interference between incident 

and reflected sound waves produces maximum acoustic energy accumulation, resulting in a significant increase in 
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the detected sound amplitude (Niu & Luo, 2022; Wardana et al., 2019). Therefore, the concentration of high-

amplitude signals after filtering indicates that the selected data points correspond to the actual resonance region 

rather than random acoustic disturbances. The reduction in signal dispersion also reflects improved consistency in 

detecting the pressure variation characteristics of the closed pipe resonance system. 

The comparison between theoretical and experimental resonance lengths (Table 4) further validates the 

effectiveness of the proposed method. The theoretical fundamental resonance length for a closed pipe at 512 Hz is 

16.75 cm, while the experimentally obtained mean length is 16.12 cm, yielding a relative error of 3.76%, which 

indicates good agreement between theoretical prediction and experimental measurement. This result suggests that 

the proposed filtering approach can provide reliable resonance localization while maintaining the simplicity and 

affordability required for low-cost educational laboratory systems (Wardana et al., 2019). Previous studies on 

resonance detection systems reported relative errors of 3.04% and 5.98% using Arduino-based resonance 

measurements under different water-level conditions (Iskandar & Pramudya, 2024), while a subsequent study 

achieved lower errors ranging from 1.33% to 0.24% through effective-length correction and Gaussian fitting 

analysis (Iskandar & Pramudya, 2025). Direct comparison of measurement accuracy alone should be interpreted 

carefully because the objectives of the studies differ. Earlier studies primarily emphasized calibration refinement 

and optimized experimental conditions to minimize absolute measurement error, whereas the present research 

focuses on evaluating the robustness of the proposed filtering approach under raw and noise-contaminated signal 

condition. Consequently, the slightly higher deviation can be attributed to environmental acoustic interference, 

sensor response variability, end correction effects at the open boundary, and the absence of temperature 

compensation during measurement. Despite this, the obtained error remains within an acceptable range and 

demonstrates stable resonance localization performance. 

The findings highlight that the principal contribution of this study lies not merely in minimizing measurement 

error, but in enhancing signal stability and noise resilience through systematic filtering. The progressive reduction 

in dispersion and improvement in relative stability confirm that statistical amplitude-based selection can serve as 

a practical and computationally simple method for resonance detection in resource-limited laboratory settings. 

Overall, the study demonstrates that a low-cost Arduino-based acoustic measurement system can reliably identify 

the fundamental resonance position of a closed pipe system while maintaining measurement consistency under 

noisy experimental conditions. To further highlight the positioning and contribution of the proposed study, a 

comparison with previous resonance-detection studies is presented in Table 6. 

 

Table 6. Comparison between the proposed study and previous resonance-detection studies. 

Study Method Main Focus Error Contribution 

Iskandar & Pramudya 

(2024) 
Visualization 

Resonance 

visualization 

3.04–

5.98% 

Arduino resonance 

monitoring 

Iskandar & Pramudya 

(2025) 
Gaussian fitting Accuracy optimization 

0.24–

1.33% 
Effective-length correction 

Proposed Study 
Progressive statistical 

filtering 

Signal stability & 

robustness 
3.76% 

Noise-resilient resonance 

localization 

 

Table 6 highlights that the proposed method contributes primarily to improving signal robustness and 

measurement consistency rather than focusing exclusively on error minimization (Gannot et al., 2016). This 

distinction is important because reliable resonance identification depends not only on achieving low error values 

but also on maintaining stable signal characteristics under experimental fluctuations. Therefore, to further evaluate 

the filtering performance, the reduction in signal dispersion across progressive filtering stages was examined using 

standard deviation analysis, as presented in Figure 8. 
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Figure 8. Reduction of data dispersion during progressive filtering stages measured using standard deviation. 

 

Figure 8 visually confirms the progressive convergence of resonance candidates throughout the filtering stages. 

The decreasing variability indicates that the filtering process effectively concentrates dominant acoustic responses 

around the resonance region while suppressing random fluctuations and background noise. The gradual decrease 

in standard deviation values suggests that the filtering process effectively reduces random fluctuations and 

suppresses noise components in the measured acoustic signal (Lu et al., 2023). By progressively removing 

anomalous amplitude variations, the method retains more representative signal characteristics and improves the 

reliability of resonance-position determination. These findings support the effectiveness of the proposed method 

in enhancing measurement robustness for low-cost acoustic sensing systems. 

Despite the improved resonance localization performance, several limitations of the proposed method should 

be considered. The current filtering approach relies primarily on amplitude-based selection; therefore, signals with 

high amplitude caused by unexpected noise sources may potentially be identified as resonance candidates. In 

addition, the experimental validation was limited to a fixed frequency and a specific low-cost acoustic sensor 

configuration, which may affect the generalization of the method under different acoustic conditions. Future 

studies should integrate frequency-domain analysis, adaptive threshold selection, and broader experimental 

variations to further improve the robustness and applicability of the proposed method (Bao et al., 2020; Gannot et 

al., 2016). 

The contribution of this study extends beyond resonance-length estimation accuracy by demonstrating that 

reliable resonance localization can be achieved using a simple statistical filtering strategy without requiring 

computationally intensive signal-processing algorithms. The proposed method demonstrates that resonance 

localization can be stabilized without requiring complex digital signal-processing algorithms. This capability is 

particularly beneficial for educational laboratories and low-cost experimental platforms where computational 

resources and sensor quality are limited. 

 

CONCLUSION 

Addressing the challenge of unstable resonance identification in low-cost acoustic sensor systems, this study 

demonstrates that amplitude-based statistical filtering can reduce the influence of environmental noise, signal 

fluctuation, and unstable amplitude distribution in closed organ pipe experiments. The proposed amplitude-based 

statistical filtering method successfully improved signal consistency by reducing irrelevant fluctuations and 

emphasizing dominant resonance responses. The filtering process reduced the standard deviation of resonance-

position data from 9.24 cm to 6.72 cm, indicating improved stability and more selective resonance detection. The 

experimental results also showed good agreement with theoretical calculations. The theoretical resonance length 

for a 512 Hz excitation frequency was 16.75 cm, while the experimental result obtained after filtering was 16.12 

cm, resulting in a relative error of 3.76%. These findings indicate that the proposed method is capable of identifying 

the fundamental resonance position with acceptable accuracy using a simple and computationally efficient 

approach. Beyond numerical improvements, the proposed approach demonstrates that reliable resonance 

identification can be achieved through a simple statistical approach without requiring complex signal-processing 

algorithms. The findings highlight the potential of amplitude-based analysis for improving the reliability of low-

cost acoustic sensing systems, particularly in educational laboratory environments where accessibility and 

computational efficiency are important. 

https://doi.org/10.33395/sinkron.v10i3.16311
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The main contribution of this research lies in the development of a practical filtering approach that can improve 

acoustic signal quality without requiring complex digital signal processing techniques or expensive 

instrumentation. This method is particularly beneficial for educational laboratories and low-cost experimental 

systems where hardware limitations often affect measurement quality. The proposed approach also demonstrates 

that simple statistical filtering can enhance the reliability of resonance experiments while maintaining 

implementation simplicity. However, this study still has several limitations. The filtering process was based only 

on amplitude selection and did not incorporate advanced frequency-domain analysis such as Fast Fourier 

Transform (FFT) or adaptive digital filtering methods. In addition, external environmental noise, sensor sensitivity 

variations, and the absence of temperature compensation may still influence measurement accuracy. Future studies 

are recommended to integrate real-time digital filtering techniques, higher-resolution sensors, and automatic 

environmental compensation systems to further improve resonance detection accuracy and signal stability. The 

integration of frequency-domain analysis may also provide more comprehensive acoustic characterization and 

improve the robustness of the proposed system for broader experimental applications. 
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