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Abstract

In the context of the fourth industrial revolution, data-driven decision-making has increasingly become pivotal. However, the integrity of data
analysis is compromised if data quality is not adequately ensured, potentially leading to biased interpretations. This is particularly critical for water
level data, essential for water resource management, which often encounters quality issues such as missing values, spikes, and noise. This study
addresses the challenge of noise-induced data quality deterioration, which complicates trend analysis and may produce anomalous outliers. To
mitigate this issue, we propose a noise removal strategy employing Wavelet Transform, a technique renowned for its efficacy in signal processing
and noise elimination. The advantage of Wavelet Transform lies in its operational efficiency - it reduces both time and costs as it obviates the need
for acquiring the true values of collected data. This study conducted a comparative performance evaluation between our Wavelet Transform-based
approach and the Denoising Autoencoder, a prominent machine learning method for noise reduction.. The findings demonstrate that the Coiflets
wavelet function outperforms the Denoising Autoencoder across various metrics, including Mean Absolute Error (MAE), Mean Absolute
Percentage Error (MAPE), and Mean Squared Error (MSE). The superiority of the Coiflets function suggests that selecting an appropriate wavelet
function tailored to the specific application environment can eftectively address data quality issues caused by noise. This study underscores the
potential of Wavelet Transform as a robust tool for enhancing the quality of water level data, thereby contributing to the reliability of water resource
management decisions.
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Table 1. Statistical characteristics of collected data

Number Mean | Median Star.ldz?rd Max | Min
of data Deviation

Water
Level | 20,585 | 0.128 | 0.124 0.025 0.325 | 0.038
(m)
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Fig. 1. Collected water level data ((a): raw data, (b): linear interpolation is applied)
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Table 3. Highest performance results

wae | wer | VA
Result| (Mean (Mean Absolute
Model Absolute Squared
Error) Error) Percentage
Error)
Biorthogonal 0.011 0.000 9.116%
Coiflets 0.011 0.000 8.506%
Daubechies 0.011 0.000 9.461%
Wavelet
Symlets 0.012 0.000 9.623%
Mexican hat 0.122 0.015 99.9%
Morlets 0.122 0.015 100.0%
Condition 1 0.013 0.000 9.932%
D‘Z‘O‘S‘ng Condition2 | 0.015 0.000 12.425%
uto-
encoder | Condition 3 0.015 0.000 12.446%
Condition 4 0.016 0.000 13.025%
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