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ABSTRACT 

This study explores the use of wavelet-based analysis for evaluating vehicle ride comfort through vibration signal 
processing. Using a custom-developed Android application, three-axis accelerometer and GPS data were collected 
under real driving conditions to identify three categories of passenger experience: comfortable, vibrationally uncom-
fortable, and oscillatory uncomfortable. The signals were decomposed using the Daubechies wavelet (Db2) up to 
level 8, and feature extraction was conducted using detail coefficients. Significant differences between signal types 
were observed through time and frequency domain analyses, with enhanced discrimination achieved via wavelet 
decomposition and RMS-based quantification. The results highlight that the vibrationally uncomfortable signals ex-
hibit the highest coefficient values, clearly differentiating them from the other two categories. The findings confirm 
that wavelet-based methods provide improved insights into vibration signal characteristics, enabling more precise 
classification of discomfort. This work establishes a foundation for real-time comfort monitoring and future applica-
tions in transportation safety and healthcare, particularly in the context of patient transport. 
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1. INTRODUCTION 

Ride comfort is a critical factor in vehicle performance, affecting both passenger experience and vehicle design. Dis-
comfort during rides has been extensively studied, with research covering road conditions, vehicle dynamics, human 
biomechanics, sensor technologies, and machine learning approaches. Whole-body vibration (WBV) is a primary con-
tributor to ride discomfort [1], with higher frequency vibrations being associated with rough road conditions like 
bumps and potholes, while lower frequencies are known to cause motion sickness. The relationship between noise, 
vibration, and harshness (NVH) is also central to the design of modern vehicles [2], where optimizing vehicle noise 
and vibration characteristics, along with seat and suspension ergonomics, enhances overall ride quality [3], [4]. 

Advancements in sensor and smartphone technology have greatly improved the accuracy and cost-effectiveness of 
detecting sources of discomfort. Inertial measurement units (IMUs), gyroscopes, and GPS sensors are now widely used 
in vehicles and smartphones to monitor ride comfort [5] and real-time data processing in transportation and 
healthcare research [6]. They have been used to detect potholes based on vertical vibrations [7] and monitor traffic 
conditions using accelerometer and microphone data [8]. Additionally, wearable biomechanical sensors are being 
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employed to monitor passengers' physiological responses to vibrations, as highlighted in [9] and [10], underscoring 
the importance of reliable transport conditions for public health. 

Suspension systems are a critical component in vehicle design, with optimized suspension designs improving both 
vehicle stability and passenger comfort by mitigating the effects of road-induced vibrations [3]. Furthermore, seat 
suspension systems have been shown to significantly affect ride comfort, with ergonomic designs providing greater 
comfort across different vehicle types [4]. 

The impact of road-induced vibrations extends beyond the vehicle itself, affecting the surrounding infrastructure. 
Studies show that rough road surfaces generate higher vibration levels, which are particularly problematic for heavy 
trucks operating on poorly maintained roads [11]. These vibrations can propagate through the ground and negatively 
affect nearby buildings, as discussed in [12].  

In addition to affecting infrastructure, vibrations from road conditions also have significant health implications. Pro-
longed exposure to vehicle-induced vibrations has been linked to health problems, including musculoskeletal disor-
ders, particularly in the lower back and spine [13]. The research in [14] emphasizes the adverse effects of automotive 
noise and vibrations on human health, while [15] explores the impact of road quality on bus drivers' exposure to WBV 
and the associated health risks. In the context of biomedical device diagnostics, study [16] demonstrate how vibration 
characteristics can improve the reliability of medical equipment. 

In today's research, wavelets are rarely encountered in studies related to vehicle comfort or vehicle testing in general. 
Despite their primary purpose of improving certain properties of mathematical operations such as the Fourier trans-
form[17], wavelets play a widespread role in feature extraction from various types of signals [18], [19]. The authors in 
[20], [21] focus on feature extraction from direct current motor signals, where differences between faulty and non-
faulty motors can be successfully determined. The primary objective of this type of wavelet analysis is to decompose 
an audio signal into approximation and detail coefficients, but it can also be applied to other types of signals, as 
previously mentioned. This approach has been applied in many studies [22], [23] , and detailed research has shown 
that wavelets can prepare features that can further be used for classification. 

Vibrations are present in many fields, where wavelets find their application. The study [24] presents wavelet analysis 
as an alternative to classical Fourier Transform methods for signal processing, and that alternative is precisely wave-
lets. In the paper [25] authors examine vehicle vibrations on various road types, emphasizing the effectiveness of 
wavelet transform in detecting key signal features. By extracting crucial features from scalograms, the study aims to 
classify terrain and monitor road conditions in real-time, which can help optimize off-road vehicle performance. Study 
[26] explores the use of wavelets for fault diagnosis in the hydraulic brake system of a light motor vehicle, utilizing 
vibration signals obtained from a brake test setup with a piezoelectric accelerometer. This paper closely represents 
the research that lies ahead. In some studies, segmenting the signal into smaller frames before wavelet decomposi-
tion is desirable in order to achieve better results  [21], [27], [28]. Such pre-processing of the signal is desirable when 
working with longer signals containing a larger number of samples, and segmentation is usually accompanied by 
frame overlap—most commonly 25%, 50%, or 75%. However, when dealing with shorter signals, as is the case in this 
study, segmentation can be omitted [27], especially if the decomposition process without segmentation yields satis-
factory results. 

This paper illustrates the application of wavelets to vehicle vibration signals in three different situations: when the 
travel is comfortable, when the travel is uncomfortably vibrating, and when the travel is uncomfortably oscillating. By 
applying wavelet decomposition and the Daubechies family of wavelets, features were obtained at 8 decomposition 
levels, which were thoroughly analyzed through their differences. The entire analysis process was conducted using 
the MATLAB software package. The paper is organized as follows: The introduction provides related work and an 
introduction to the study. The next section explains the Android application usage for transport comfort monitoring. 
The third section describes wavelets and their decomposition into approximation and detail coefficients mathemati-
cally. The results are then presented. The conclusion outlines certain observations from the study and provides direc-
tions for future work. 

2. ANDROID APPLICATION USAGE FOR TRANSPORT COMFORT MONITORING 

An Android application was developed to monitor passenger transport comfort using data from a three-axis accel-
erometer and GPS sensor. The application begins by calibrating the accelerometer axes: The Z-axis represents the 
movement direction, the X-axis corresponds to lateral movement, and the Y-axis represents vertical movement. This 
calibration allows for a detailed analysis of discomfort caused by assessing acceleration values across all axes. 

The application operates using separate threads for accelerometer and GPS monitoring, implemented with RxJava 
[29]. Once the parameters are set, the accelerometer and GPS data collection begin. The application continuously 
plots real-time accelerometer signals on the phone display while performing comfort calculations. Each driving ses- 
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sion is divided into 10-second intervals, balancing real-time accuracy with practical monitoring. Shorter intervals (e.g., 
5 seconds) were tested but led to higher data variability, while longer intervals (e.g., 15 seconds) risked overlooking 
brief discomfort events. User feedback and additional tests confirmed that a 10-second interval provides optimal ac-
curacy and usability. The use of a three-axis accelerometer enhances accuracy by capturing the full range of vehicle 
vibrations compared to traditional single-axis measurements. The phone was placed inside a vehicle, which is pre-
sented in Figure 1 a) with red rectangle, and axis orientation are presented in Figure 1. b). This location captures 
signals from the middle of the vehicle, between the driver and a passenger, so important vibrations felt from both 
sides of the vehicle are detected. 

 
Figure 1: a) Android application usage, b) axis orientation 

3. WAVELETS 

Wavelets are essential mathematical tools for analyzing and processing signals and images. In signal analysis, they 
allow for the representation and interpretation of complex signals using localized functions that vary in time or fre-
quency. This technique enables the efficient detection and analysis of various signal properties, such as frequency, 
amplitude, or shape changes [30]. 

The key advantage of wavelets, compared to traditional methods like Fourier transforms, lies in their superior ability 
to localize both time and frequency. This feature is particularly beneficial for analyzing rapidly changing signals or 
images with different levels of detail. By employing wavelets, it's possible to conduct multi-scale analysis, which en-
hances pattern recognition and feature extraction for signals. At its core, a wavelet is a wave-like function of finite 
duration with a zero average value. These wavelets have been developed to improve existing signal processing algo-
rithms and overcome certain limitations of traditional methods. The basic wavelet, known as the "mother wavelet" 𝜓(𝑥), is defined as [30], [31] : 
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where a is the scaling parameter and b is the translation parameter. Choosing the appropriate parameters is one of 
the most challenging aspects of wavelet functions, as it depends on the shape and complexity of the wavelet. 

All wavelet transformations can be viewed as time-frequency representations for continuous (analog) signals, making 
them analogous to harmonic analysis. The Continuous Wavelet Transform (CWT) utilizes wavelets that allow for signal 
analysis in continuous time, breaking down the signal into localized functions in both time and frequency domains. 
This technique is similar to Fourier analysis, but it provides improved time-frequency localization. The CWT is defined 
by the inner product of a function (f) and the basis “mother” wavelet 𝜓௔,௕(𝑥) [30], [31]: 
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For the purpose of feature extraction from signals, the most commonly used method involving wavelets is the dis-
crete wavelet transform. This method relies on signal decomposition using wavelets, where approximation and detail 
coefficients are formed. First, it is important to consider how the discrete wavelet transform is obtained. The following 
expression is represented by the next formula [32]: 
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where 𝑎଴and 𝑏଴ are the scale and time steps, respectively, and 𝑖 and 𝑗 are integers. The steps 𝑎଴ and 𝑏଴ determine the 
scaling and translation of the wavelet along the signal. Compared to equation (1), 𝑎଴ and 𝑏଴ can be expressed through 
following formulas: 𝑎 = 𝑎଴௜  and 𝑏 = 𝑗𝑎଴௜ 𝑏଴. 

The previously defined functions also represent one of the most important characteristics of the discrete wavelet 
transform, namely the decomposition into levels, where at each level of decomposition, the detail and approximation 
coefficients are calculated. At each level of decomposition, the signal is filtered using a high-pass filter (HPF) and a 
low-pass filter (LPF) [21], [30]. The outputs from the filters are passed into a downsampling block, which performs 
downsampling of the signal at a lower sampling frequency than usual, in this case, the factor is 2. This means that at 
each level of decomposition, detail coefficients (D) and approximation coefficients (A) are obtained, with half the 
number of coefficients compared to the previous level. The process for approximation coefficients is repeated until 
the final level of decomposition, where the obtained approximation coefficients are passed through the HPF and LPF 
filters at each subsequent level, followed by downsampling, and so on until the final level. The whole process is pre-
sented in Figure 2, where decomposition levels go to 4. 

 

Figure 2: Block diagram of wavelet transform decomposition into detail and approximation coefficients 

Currently, various types of wavelets are used across different fields of signal analysis, image processing, and mathe-
matics. Some of the most widely recognized wavelets include Haar, Daubechies, Coiflets, Symlet, Biorthogonal, Re-
verse Biorthogonal, Meyer, and Morlet, among others. 

4. RESULTS OF APPLYING WAVELETS 

As previously explained, the results of vehicle comfort signal processing in this study are classified into three catego-
ries: comfortable, vibrationally uncomfortable, and oscillatory uncomfortable. The analysis of these signals begins 
with their representation in the time and frequency domains. Figure 3 represents all three signals in time domain. It 
is important to emphasize that all three presented signals represent the modulus of all three axes, preceded by high-
pass filtering of each axis individually. 

 

Figure 3: Time domain of the vehicle comfort signal:  
a) comfortable, b) vibrationally uncomfortable, c) oscillatory uncomfortable 

As can be seen from the previous image, the amplitudes of the signals vary significantly. The signal representing 
comfortable driving has the smallest amplitude, which is expected. The signal representing constant vibrations in 
uncomfortable driving has the largest amplitude. The amplitude spectra of the mentioned signals are shown in Figure 
4. The impact of amplitude can be observed here as well, and it matches the analysis in the time domain. However, 
for a deeper discussion, it would be necessary to use a different model, such as a spectrogram or scalogram. 
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Figure 4: Frequency domain of the vehicle comfort signal: 
 a) comfortable, b) vibrationally uncomfortable, c) oscillatory uncomfortable 

Since wavelet analysis itself is expressed through frequency content, we will also focus on comparing the obtained 
spectra when all are shown on the same graph. Figure 5 represents all the amplitude spectra of the analyzed signals 
on the same plot. In all subsequent results, abbreviations will be used for the mentioned signals in Figures and tables: 
COM for the comfortable signal, VUCOM for the vibrating uncomfortable signal, and OUCOM for the oscillatory un-
comfortable signal. 

 

Figure 5: Frequency domain of all 3 vehicle comfort signals 

The previously described analysis in the frequency domain of the individual signal is now shown in Figure 5. It should 
again be noted, considering the impact of the signal's amplitude, that the signal during comfortable driving has the 
least influence (black graph in Figure 5). 

4.1. Wavelet decomposition 

After the initial analysis in the time and frequency domains, the previously described signals are now decomposed 
into 8 levels using wavelets, with the focus on the detail coefficients at each level (see Figure 6). In this case, 8 levels 
of decomposition were chosen because at the last 8th level, the number of detail coefficients is very small, and further 
decomposition would lead to information that would not be of significant importance [21]. Decomposition and de-
termination of detail coefficients is precisely the feature analysis in the frequency domain that characterizes wavelets. 
In all subsequent result presentations, the Daubechies 2 wavelet was used, as previously mentioned. 

 

Figure 6: Detail coefficients after applying Daubechies 2 wavelet to the vehicle comfort signals 
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Figure 6: Detail coefficients after applying Daubechies 2 wavelet to the vehicle comfort signals 

Observing Figure 6, the extracted features differ to some extent, meaning that the detail coefficients have provided 
a certain result that indicates the need for further analysis. The vibrating uncomfortable signal exhibits the most dis-
tinct features, which, at almost every level of decomposition, differ to some degree from the other two signals. Alt-
hough the spectrum did not fully reveal this situation, wavelets allow for a deeper analysis, making the feature ex-
traction method using detail coefficients a more advanced approach in many cases. 

The coefficients obtained from the oscillatory uncomfortable signal differ slightly from those of the comfortable sig-
nal. However, at certain decomposition levels, this difference becomes quite noticeable—for example, at level 6 (see 
Figure 6). This indicates that the analysis should be further deepened using specific methods to achieve better results 
and conclusions. To confirm these previous considerations and determine whether there are differences in the ex-
tracted features, the absolute value will be applied at each decomposition level for all three signals. The result of this 
analysis is shown in Figure 7. 

What has been proven is that the vibrating uncomfortable signal remains significantly different from the other two 
signals even after calculating the absolute values of the detail coefficients. At any level of decomposition, the differ-
ence is evident. However, when observing the oscillatory uncomfortable signal and the comfortable signal, greater 
differences now appear at certain decomposition levels. In addition to level 6, levels 4, 5, and 7 can also be distin-
guished, which represents a significant improvement compared to the analysis without absolute values. 

 

Figure 7: Absolute values of detail coefficients after applying Daubechies 2 wavelet to the vehicle comfort signals 
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4.2. Highlighted cases and numerical differences 

The following analysis will focus on selected cases and the discussion related to them. To gain a closer insight into 
the detail coefficients of the chosen signals after wavelet processing, two signals will be compared instead of three in 
certain selected cases. The numerical value at each level of decomposition will also be determined in the form of the 
root mean square (RMS), and all signal values will be presented in a table to compare the observed differences. The 
comfortable signal will serve as the reference signal in the initial selected comparisons, but in the final analysis, the 
vibrating uncomfortable and the oscillatory uncomfortable signals will also be compared. For the results in this sub-
section, the absolute value of the detail coefficients will be used, as was the case in Figure 7. The following analysis 
presents a comparison between the comfortable signal and the vibrating uncomfortable signal. Three specific cases 
are highlighted at decomposition levels 1, 3, and 8 (see Figure 8). It can be immediately concluded that the difference 
in detail coefficients between these two signals is significant, which was also anticipated in the previous analysis. 

 

Figure 8: Absolute values of detail coefficients after applying Daubechies 2 wavelet to the comfortable signal and 
the vibrating uncomfortable signal at the decomposition level: a) 1, b) 3, c) 8 

The next case compares the comfortable signal with the oscillatory uncomfortable signal (Figure 9). The selected 
cases are at decomposition levels 4, 6, and 7. The differences in detail coefficients are smaller but still noticeable, 
revealing characteristics that could be useful for future classification. 

 

Figure 9: Absolute values of detail coefficients after applying Daubechies 2 wavelet to the comfortable signal and 
the oscillatory uncomfortable signal at the decomposition level: a) 4, b) 6, c) 7 

The final case presented in Figure 10 compares the vibrating, uncomfortable signal with the oscillatory, uncomforta-
ble signal. A significant observation is that the differences between these two signals are clearly noticeable, suggest-
ing that this case could also be considered in further analysis. This implies that the comfortable signal may not always 
need to be used as a reference in certain cases. Regarding decomposition levels, the detail coefficients are shown at 
levels 1, 3, and 8. 

 

Figure 10: Absolute values of detail coefficients after applying Daubechies 2 wavelet to the vibrating uncomfortable 
signal and the oscillatory uncomfortable signal at the decomposition level: a) 1, b) 3, c) 8 

For a more detailed analysis of the previous results, two tables are provided below. Table 1 presents the values of 
detail coefficients at each level using the RMS method. This method was applied to the detail coefficients shown in 
the Figure 7, where the absolute value of each coefficient was used beforehand. Analyzing the results from Table 1, it 
can be observed that the RMS values of the vibrating uncomfortable signal are the highest, while those of the com-
fortable signal are the lowest. The values of the oscillatory uncomfortable signal are, in some cases, almost identical 
to those of the comfortable signal, but at certain levels, the RMS values differ significantly. All these observations 
confirm the previously stated findings and graphical analyses. 

Table 1: Root mean square values of the vehicle comfort signals at each decomposition level 

Vehicle comfort signals Level 1 Level 2 Level 3 Level 4 Level 5 Level 6 Level 7 Level 8 
COM 0.02 0.04 0.08 0.09 0.09 0.14 0.19 0.22 

VUCOM 0.30 0.26 0.38 0.52 0.56 0.72 0.99 1.4 
OUCOM 0.04 0.05 0.11 0.21 0.32 0.60 0.57 0.38 
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Table 2 presents an additional analysis highlighting the differences between the RMS values shown in Table 1. The 
first row displays the differences between the vibrating uncomfortable signal and the comfortable signal, the second 
row shows the differences between the oscillatory, uncomfortable signal and the comfortable signal, and the third 
row presents the differences between the vibrating uncomfortable signal and the oscillatory uncomfortable signal. 

It is important to emphasize that all obtained results are positive, which supports the previous claims that the vibrat-
ing uncomfortable signal produces the highest amplitudes in the coefficients and results in the largest values, the 
oscillatory uncomfortable signal ranks second, while the comfortable signal has the lowest values, as demonstrated 
in the previous analyses. 

Table 2: Root mean square differences between the vehicle comfort signals at each decomposition level 

Vehicle comfort signals Level 1 Level 2 Level 3 Level 4 Level 5 Level 6 Level 7 Level 8 
VUCOM – COM 0.28 0.22 0.30 0.43 0.47 0.58 0.80 1.18 
OUCOM – COM 0.02 0.01 0.03 0.12 0.23 0.46 0.38 0.16 

VUCOM – OUCOM 0.26 0.21 0.27 0.31 0.24 0.12 0.42 1.02 

All obtained results, both graphical and numerical, demonstrate significant differences in detail coefficients when 
applying wavelets to signals measured during vehicle rides under different conditions. It is important to emphasize 
that these results were selected from a large number of samples and that this analysis could be further enriched with 
many additional examples. 

Furthermore, these three types of signals are not the only cases that occur during driving; future research should also 
consider analyzing other scenarios. It should also be noted that this study serves as a preliminary analysis of signal 
features using wavelets, which can later be applied to a classification process. 

5. CONCLUSION 

Poor road conditions generally cause significant discomfort during driving, especially when transporting patients in 
hospital vehicles. Consequently, ride analysis can help improve vehicle comfort on such roads. 

Previous studies have shown that multiple criteria define the types of discomfort caused by potholes, uneven sur-
faces, poor pavement quality, and other factors. However, it is also essential to consider that the vehicle's quality itself 
can contribute to an uncomfortable ride. 

This study presented the application of wavelets in analyzing the characteristics of measured vehicle comfort signals 
under three different driving conditions. The first and fundamental, or reference, signal represents a comfortable 
ride—when there are no road irregularities and the vehicle is assumed to be mechanically sound. The second type of 
recorded and analyzed signal corresponds to constant vibrations during driving, typically occurring on uneven roads, 
such as gravel or secondary roads instead of smooth asphalt. The third type of signal represents oscillations during 
driving—rocking motions caused by frequent curves in the road, which can further induce nausea, especially in the 
case of patient transportation. 

The Daubechies wavelet (Db2) was applied to all three types of signals with a decomposition level of 8. A high-pass 
filter was used on all signals. The signals were recorded along three axes, but in the final analysis, the modulus of all 
three axes was used for each signal. The extracted features were represented through detail coefficients at each de-
composition level, where the coefficients of all three signals were compared to identify specific differences for future 
classification. The initial analysis immediately revealed certain results and noticeable differences between the coeffi-
cients. However, applying the absolute value to all coefficients clarified the overall picture, offering a stronger basis 
for further analysis. The graphical results clearly show that the largest differences occur between the comfortable 
signal and the vibrating uncomfortable signal, as well as between the vibrating uncomfortable signal and the oscilla-
tory uncomfortable signal. The differences between the comfortable signal and the oscillatory uncomfortable signal 
are significantly smaller. However, at certain decomposition levels, they are still present to a degree that cannot be 
ignored. The results achieved in this study using Db2 wavelets were more than satisfactory. The entire process could 
have been extended to other wavelet families as well, but due to space limitations, those results are not presented 
here. A clear indication of the usefulness of this analysis is that these results can be further utilized in other methods, 
which were less effective in providing significant insights compared to the wavelet-based approach. 

It should be noted that, in addition to graphical representations, this study also involved calculating the RMS values 
of the detail coefficients for each signal at every decomposition level. This method was applied to validate the graph-
ical results. Finally, the differences between the RMS values of all three signals were calculated, ultimately demon-
strating that the comfortable ride signal had the lowest detail coefficient values, i.e., the lowest RMS values. The most 
influential signal in terms of magnitude was the vibrating uncomfortable signal, as indicated by the coefficients ob-
tained after wavelet analysis. 
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Future research will focus on recording a larger number of signals, creating a database of these signals, and analyzing 
them using all the mentioned methods. Additionally, it will explore different wavelet families and decomposition 
levels. Ultimately, all collected features should be utilized for some form of classification. It might also be valuable to 
analyze each axis of the recorded signals separately and provide specific recommendations for recognition and future 
classification. 
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