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Abstract:- This study investigated the Doppler effect 

on road traffic noise levels in an urban setting by 

deploying Mel-Frequency Cepstral Coefficient 

(MFCC) to characterize acoustic signatures across 

vehicle mix classes. Using a dataset of audio 

recordings from Nairobi city’s road network sampled 

from 42 sites, the study adjusted the equivalent 

continuous sound levels (Leq) data for the analysis of 

the Doppler effect based on vehicle pass-by speeds, 

and extracted MFCC features. This was followed by 

semantic matching, which aligned the sample site 

locations with captured audio signal data, hence 

facilitating accurate speed assignments. Statistical 

analyses and visualizations revealed variations in 

noise levels and MFCC features by vehicle class and 

location. The result of the analysis presents 

mathematical formulations, comprehensive Doppler 

effect characterization, and visualizations in the form 

of graphical diagrams. The study has contributed 

knowledge on urban noise-scape scenario building 

using computational methods. This has confirmed 

that MFCC-enabled analysis of audio signal data is a 

novel approach for the characterization of road 

traffic noise hotspots in urban environments. The 

same can be used to inform active noise control 

strategies for cities to improve the welfare of urban 

residents. 

 

Keywords: - Doppler effect, mel-frequency cepstral 
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I. INTRODUCTION 
Sound detection has been widely explored in urban 

settings, for example, to identify emergencies that 

require attention. Because of increased car usage in urban 

areas, road traffic noise has become the dominant 

component of the urban environmental noise-scape, [1]. 

It has an important research agenda for sounds to be 

identified, even for an inhomogeneous traffic mix. 

Typically, an urban area’s traffic composition comprises 

multiple vehicular classes, such as cars, trucks, buses, 

vans, and motorized 2-3-wheelers, which together form 

distinct vehicle signatures. The same can be used to 

detect and classify vehicle types based on their sound 

frequency types. Vehicle detection while it is in motion 

is a prerequisite for traffic and speed management, 

classified vehicle count, traffic signal time optimization, 

gap/ headway measurement, and military purposes, [2]. 

Most important is that the road traffic noise (RTN) can 

be used as audio signal data for the analysis of Doppler 

effects on urban roads. Therefore, to comprehensively 

understand the true character of environmental noise, 

scholars have always deployed traditional sound 

evaluation methods such as the use of standard noise 

level measurement instruments, [3]. Newer methods of 

doing this have, however, emerged. 

For example, modelling of sound using an auralisation 

method is an emerging novel approach. In this, the 

analysis of the Doppler effect of passing by vehicles on 

street sections has become a useful tool for urban 

noisescape quality characterization methods, [4]. This 

has stemmed from the effort by industrial hygienists, 

who, for a long time, have been measuring and predicting 

reverberant noise in buildings. This development builds 

upon the foundational work in 1895 that corrected the 

acoustics of Fogg’s lecture hall, [5]. Following the cue 

of noise control in buildings, abatement of noise in the 

open environment has become a key topic in research to 

improve the welfare of urban residents. Scholars have 

mostly used passive noise control techniques like noise 

barriers and green belts to effectively mitigate noise.  

However, these old methods occupy urban space, hence 

intensifying the scarcity and high cost of already 

congested city areas. Accordingly, new novel noise 

reduction strategies known as active noise control (ANC) 

are emerging to eliminate the need for physical isolation 

structures and to quieten the noise within specific 

frequency ranges more effectively, [6]. To this end, we 

are witnessing a proliferation of audio processing 

techniques to profile noise data into decision models for 

use by urban spatial planners, [7]. One such method is 
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the analysis of Doppler frequency, which the present 

study is applying to understand the character of passing-

by vehicles’ sound collected along Nairobi city roads, 

[8]. 

The Doppler effect is a method of explaining the 

relationship between the frequency of the harmonic 

waves generated by a moving source and the frequency 

as captured by an observer. In the case of a moving car, 

its generated sound waves propagate as a group of 

circles, as shown in Figure 1 (Appendix). The 

visualization of the Doppler effect can be for situations 

where (i) both source and observer are stationary, (ii) 

source moving and observer stationary, (iii) source 

stationery and observer moving, and (iv) both source and 

observer are moving. In this research, the classical 

Doppler effect of mechanical waves, that is, sound waves 

from road traffic noise data whose speed is relative to an 

underlying medium (air), has been used to visualize 

frequency, wavelength, and speed based on case scenario 

(ii) above. 

 

The Doppler effect is nowadays used to describe the 

change in wave frequency due to relative motion 

between a source (a moving car in the present research) 

and a stationary observer. This is treated as critical since 

it facilitates the analysis of vehicle noise in urban 

environments. There are numerous ways of classifying 

vehicles using signals. Image processing approaches are 

deployed to classify vehicles in real-time traffic 

management and for Intelligent Transportation Systems 

(ITS). Inductive loop-based techniques are commonly 

used for the determination of vehicle counts. In the 

present time, acoustic signals based on emitted sounds 

have emerged as novel methods in classifying vehicles. 

In this, methods such as autoregressive modeling 

algorithms, Probabilistic Neural Network (PNN) models, 

among many other feature extraction approaches, have 

been discussed, [9]. Researchers have also used Mel-

Frequency Cepstral Coefficient (MFCC) to extract 

features from audio signals, [10]. The method is 

particularly suited to large dataset environments where 

machine learning applications are used as part of 

analytics, [11]. The feature extraction is the process of 

extracting and tackling hidden information in the raw 

data signal, [12]. 

Feature extraction is done to find harmonics and 

sidebands of the signal in both the time and frequency 

domains, which are important to any pattern recognition 

system. Methods such as power spectrum using Fast 

Fourier Transform (FFT) have been used to capture the 

harmonics and sidebands of the signal in the time 

domain. On the other hand, cepstrum, such as Mel 

Frequency Cepstrum Coefficient (MFCC), Gamma Tone 

Cepstrum Coefficient (GTCC), is capable of extracting 

harmonics and sidebands of the spectrum version of the 

signal. This has seen widespread use of MFCC in many 

fields, [13], as demonstrated in Figure 2 (Appendix). The 

present study falls under industrial analysis. 

Mel-Frequency Cepstral Coefficients (MFCC) are robust 

features for capturing spectral characteristics of audio 

signals, making them ideal for vehicle noise analysis, 

[14]. 

This study uses a dataset from Nairobi, Kenya, stored in 

MFCC stats with doppler.csv, which includes MFCC 

features, Leq, Doppler-adjusted Leq, and vehicle speeds 

for various vehicle classes across urban roads. The main 

objective of the research was to visualize the Doppler 

effect on road traffic noise. Specifically, the study sought 

to: (a) quantify the Doppler effect on noise levels, (b) 

analyze MFCC features across vehicle classes and 

locations, (c) provide statistical insights and 

visualizations to support findings, and (d) identify 

research gaps and limitations. The main contribution of 

this study is the demonstration of the utility of MFCC in 

extracting spectral values of audio signals of vehicle 

noise for creating decision models for quieting urban 

areas. The rest of this paper is organized as follows: the 

computation of MFCC is explained in Section 2. Section 

3 introduces MFCC applications in vehicle noise feature 

extraction. Followed by a summarized analysis 

presentation in section 4, and finally, the conclusion is 

drawn in section 5. 

 

II. NOTATION AND SYMBOL DEFINITIONS 
In the following sections, the mathematical formulation 

of the Mel-Frequency Cepstral Coefficient (MFCC)-

based Doppler analysis for road traffic noise is presented. 

To ensure clarity, consistency, and reproducibility, the 

key symbols used throughout this study are defined 

below. The analysis adopts standard digital signal 

processing notation, where continuous-time signals are 

denoted by 𝑥(𝑡) and discrete-time signals by 𝑥[𝑛]. 
Frequency-domain representations are obtained using 

Fourier-based transforms. 

 

A. Signal and Transform Notation 

𝑥(𝑡)represents the continuous-time acoustic road traffic 

noise signal, while 𝑥[𝑛]denotes the discrete-time 

sampled audio signal. 𝑤[𝑛]is the analysis window 

function (for example, Hamming or Hanning window), 

and 𝑁 represents the number of samples per analysis 

frame. 𝑁𝑙 denotes the length of the discrete sequence or 

window. The Discrete-Time Fourier Transform (DTFT) 

of 𝑥[𝑛]is represented as 𝑋(𝑒𝑗𝜔), where 𝜔 is the 

normalized angular frequency in radians per sample 

within the range [−𝜋, 𝜋]. The Discrete Fourier 

Transform (DFT) coefficient at frequency bin 𝑘is 

denoted by 𝑋[𝑘], where 𝑘 = 0,1,2, … , 𝑁 − 1. The 

twiddle factor matrix element is defined as 𝑊𝑁 = 𝑒−𝑗
2𝜋

𝑁 . 

The Short-Time Fourier Transform (STFT) 

representation is denoted as 𝑋[𝑛, 𝑘], while 𝑃[𝑘] 
represents the power spectrum at the frequency bin 𝑘. 

The forward and inverse Fourier transform operators are 

denoted by ℱ and ℱ−1, respectively. 

 

B. MFCC and Mel-Filter Bank Parameters 

The Mel-filter bank analysis consists of 𝑀 triangular 

filters, where 𝑚 = 1,2,3, … ,𝑀. 𝐻𝑚[𝑘] represents the 

frequency response of the 𝑚𝑡ℎ Mel filter at bin 𝑘, and 
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𝑓(𝑚) denotes its center frequency in Hertz. 𝑆[𝑚] 
represents the filter-bank energy output for the 𝑚𝑡ℎ filter, 

while 𝑐[𝑛] denotes the Mel-Frequency Cepstral 

Coefficient (MFCC) of order 𝑛, where 𝑛 is the cepstral 

index. 

 

C. Doppler and Acoustic Parameters 

The emitted source acoustic frequency is denoted by 𝑓𝑠, 
while the observed frequency at the receiver is denoted 

by 𝑓𝑜. The relative velocity between the source and 

observer is represented by 𝑣𝑟  in meters per second (m/s), 

while 𝑣km/h represents vehicle speed in kilometers per 

hour. The speed of sound in air is denoted by 𝑐, 

approximately 343 m/s. 

 

D. Sound Level and Empirical Parameters 

The equivalent continuous sound level is denoted by 𝐿𝑒𝑞  

in dBA, while Δ𝐿𝑒𝑞  represents the Doppler-induced 

correction in sound level in decibels (dB). The adjusted 

equivalent continuous sound level is denoted by 𝐿𝑒𝑞,adj. 

The parameter 𝛼 represents an empirical coupling 

coefficient capturing Doppler–noise interaction effects 

and is dimensionless. 

 

III. CEPSTRAL IMPLEMENTATION VIA 

MFCC 
MFCC is one of the most commonly used extraction 

methods in cepstral analysis, particularly in signal 

processing of audio data records, [15]. Cepstrum begins 

with the computation of the Fourier transform of a 

signal’s time domain to get its frequency spectrum, [16]. 

Afterwards, the logarithm of the same is taken and 

subjected to the inverse Fourier Transform of the log-

spectrum; see Equation 1. 

𝐶𝜏 = ℱ−1 [𝑙𝑜𝑔|ℱ{𝑥(𝑡)}|] (𝟏) 
Where 𝐶(𝜏) is the cepstrum of a signal 𝑥(𝑡), ℱ is the 

Fourier transform, ℱ−1  is the inverse Fourier transform, 

and 𝜏  is the quefrency variable. |ℱ{𝑥(𝑡)}| is the 

magnitude spectrum of the signal. 

Normally, MFCC uses five consecutive processes, which 

include: (i) signal framing, (ii) computing the power 

spectrum, (iii) applying a Mel filter bank to the obtained 

power spectra, (iv) calculating the logarithm values of all 

filter banks, and (v) finally applying the Discrete Cosine 

Transform (DCT). Figure 3 (Appendix) presents the 

processes of the MFCC procedure as elaborately 

explained by [17]. 

 

A. Signal Processing 

Signal processing approaches were used in developing 

computational methods as guided in the work by [18]. 

Just to explain the basics regarding signals and different 

types of signals, the study uses the example of a Low-

Pass Filter (LPF) and the Fourier transform. To begin, a 

signal is described as a function (or a clue, a message, an 

indicator) that expresses information, [19], which can 

manifest in a wide variety of fields. These may include, 

but are not limited to, communications, aeronautics and 

astronautics, circuit design, acoustics, seismology, 

biomedical engineering, energy generation and 

distribution systems, chemical process control, and 

speech processing. When a signal is described as a 

function, the independent variable(s) can be continuous 

or discrete. Continuous time signals or analog signals 

refer to signals defined along continuous independent 

variable(s). An example of a one-dimensional 

continuous-time signal is shown in Figure 4a 

(Appendix).  

Discrete-time signals refer to signals defined at discrete 

independent variables, commonly integer variables. 

Discrete-time signals are often represented by sequences 

of numerical values. A discrete-time signal can be 

generated from a continuous-time signal by the approach 

of sampling. A one-dimensional discrete-time signal 

example is given in Figure 4b (Appendix). The 

amplitude or the dependent variable of a signal can also 

be continuous or discrete. Digital signals are signals in 

which both independent variable(s) and dependent 

variable(s) are discrete. A digital signal can be generated 

from a discrete-time signal by the approach of 

quantization, as shown in Figure 4c (Appendix). The 

term signal processing refers to the representation, 

transformation, manipulation, analysis, and synthesis of 

signals, [19]. A transformation that maps an input 

sequence x[n] into an output sequence y[n] is often 

referred to as a discrete-time system. In this study, the 

discrete-time signal processing used is the Fourier 

transform (FT). 

 

B. Pre-emphasis  

Pre-emphasis is a form of pre-processing activity in the 

signal processing field for compensating for the high 

frequency of the signal, which is to be suppressed during 

the signal production. It is the first step in the MFCC 

feature extraction in the High-Pass Filter with a typical 

setting, thus (1, -0.97). The filtering flow changes energy 

distribution across frequencies, alongside the overall 

energy level, [20]. 

 

C. Signal framing and windowing  

In this stage, the signals are split into unique ‘frames’ 

simply to break down the raw data signal into frames, 

making it more stationary. For stable acoustic 

characteristics, audio signals for examination should be 

over a sufficiently short period of time. Regarding the 

audio signal, the period of data capture needs to be a 

Quasi-Stationary Segment (QSS) because signals in the 

real world are always nonstationary, but locally 

stationary. They have stable second-order statistical 

properties within a short period of time and differ from 

any other frame, [21]. However, the capturing should be 

sequenced in convenience in readiness for this step. 

Hence, short-term spectral measurements are typically 

carried out over short frame windows, and each frame is 

overlapped with the next one. Such overlaps of frames 

enable the temporal characteristics of the audio signal to 

be tracked. With overlapping frames of audio signals, the 

sound representation would be approximately centered at 

some frame. For each frame, a window is applied to 
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narrow the signal towards the border of the frame. In 

general, Hanning and Hamming windows are the most 

well-known nominees as applied in the research study by 

[22]. The Hamming window is a discrete-time finite 

impulse response (FIR) system that is often used as a 

filter.  Such windows can enhance harmonics, smooth 

edges, and diminish edge effect while taking a Discrete 

Fourier Transform (DFT) on the signal. Figure 5 

(Appendix) demonstrates the rectangular, Hamming, and 

Hanning windows in both the time and frequency 

domains. Filters are linear time-invariant systems that 

select or modify signals according to their frequency 

components. Specifically, the low-pass filter (LPF) 

passes the low-frequency component of a signal and 

attenuates the high-frequency components of the signal. 

As discrete-time systems can be categorized into infinite 

impulse response (IIR) and finite impulse response 

(FIR), discrete-time filters can also be categorized into 

IIR filters and FIR filters. IIR filters are commonly 

designed by applying a transformation from continuous-

time filters into discrete-time IIR filters, whereas FIR 

filters are commonly designed by approximating the 

desired frequency response and impulse response. The 

simplest FIR filter designing method is based on 

windowing. The rectangular window, the Bartlett 

(triangular) window, the Hanning window, the Hamming 

window, and the Blackman window are windows that are 

frequently used as filters. The rectangular window, 

Hanning window, and Hamming window with a length 

of Mw+1 can be expressed as Equation 2, Equation 3, and 

Equation 4, respectively. 

 

𝜔𝑟𝑒𝑐𝑡𝑎𝑛𝑔𝑢𝑙𝑎𝑟𝑛 = {
1, 0 ≤ 𝑛 ≤ 𝑀𝜔

0,   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                                                             (𝟐)

 

 

𝜔𝐻𝑎𝑛𝑛𝑖𝑛𝑔𝑛 = {
0.5 − 0.5 𝑐𝑜𝑠 (

2𝜋𝑛

𝑀𝜔

) ,

 0 ≤ 𝑛 ≤ 𝑀𝜔

0,   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(𝟑) 

 

𝜔𝐻𝑎𝑛𝑛𝑖𝑛𝑔𝑛 = {
0.5 − 0.46 𝑐𝑜𝑠 (

2𝜋𝑛

𝑀𝜔

) ,

0 ≤ 𝑛 ≤ 𝑀𝜔

0,   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(𝟒) 

 

Compared with the rectangular window, the Hamming 

and Hanning windows have lower side lobes in the 

frequency domain and a smoother transition in the time 

domain, [19], [23]. The Hamming window does not 

touch zero at the endpoint in the time-domain as does the 

Hanning window. The representations of these windows 

in the time and frequency domains are illustrated in 

Figure 5 (Appendix). 

 

D. Fourier Transform 

The Fourier analysis is typically used to convert a signal 

or a system from the time domain to the frequency 

domain. The use of the Fourier analysis in discrete-time 

systems is affected by the sampling approach (the 

approach of obtaining a discrete-time signal/system from 

a continuous-time signal/system). The study explains the 

fundamentals of the Nyquist frequency, which is the 

maximum frequency that can be described by a discrete-

time signal. It is followed by the fundamentals of several 

Fourier analyses, including the discrete-time Fourier 

transform (DTFT), the discrete Fourier transform (DFT), 

the fast Fourier transform (FFT), as well as the short-time 

fast Fourier transform (STFFT). 

The frequency 2𝜔𝑀 is often referred to as the Nyquist 

rate and the frequency 𝜔𝑀 is the Nyquist frequency. The 

discrete-time Fourier transform (DTFT) of a sequence, 

𝑥[𝑛], provides information about the composition of 

various -frequency complex exponentials. This DTFT is 

often referred to as the spectrum and is described in 

Equation 5, [18]. 

𝑋𝑒𝑗𝜔 = ∑ 𝑥[𝑛]𝑒−𝑗𝜔
+∞

𝑛=−∞

(𝟓) 

 

The resulting Fourier transform X(𝑒𝑗𝜔) is a periodic 

function with a period of 2𝜋. The high-frequency 

components of x[n] are represented by the values of 

X(𝑒𝑗𝜔) with 𝜔 near the odd multiples of 𝜋. When x [n] 

is real, the DTFT satisfies conjugate symmetry, meaning 

the magnitude spectrum is even, such that |X(𝑒𝑗𝜔) | =

|X(𝑒−𝑗𝜔) |.  
Moreover, the energy-density spectrum of x[n] is defined 

by|X(𝑒𝑗𝜔) |
2
. 

A DTFT version of finite-length signals is represented by 

the discrete Fourier transform (DFT). The DFT of an 𝑁𝑙 
-The length sequence is described in Equation 6 as per, 

[19]. The spacing between DFT frequencies is 
2𝜋

𝑁𝑙
  and 

therefore, the frequencies related to those frequencies are 

𝜔𝑘= 
2𝜋𝑘

𝑁𝑙
. The computation of all the values of X[k] 

requires 𝑁𝑙
2 complex multiplications and 𝑁𝑙 (𝑁𝑙 -1) 

complex additions. 

 

𝑋[𝑘] = ∑ 𝑥[𝑛]𝑊𝑁
𝑘𝑛 , 0 ≤ 𝑘 ≤ 𝑁𝑙  − 1

𝑁𝑙 −1

𝑛=0

(𝟔) 

𝑊𝑁 = 𝑒
−𝑗(

2𝜋
𝑁𝑙
)
 

WN is the complex exponential “twiddle factor” that 

represents a fixed phase rotation used to combine signal 

samples into different frequency components in the DFT. 

The fast Fourier transform FFT is an efficient 

computational algorithm to compute the DFT. By 

exploiting its symmetry and periodicity properties, the 

computation of the FFT requires roughly 𝑁𝑙 log2. 𝑁𝑙 
complex multiplication. One of the FFT algorithms is the 

Cooley-Turkey algorithm, [24], [25], which has several 

variations, such as the decimation in time and the 

decimation in frequency, [19]. 

The time-varying Fourier transform was introduced by 

considering that the Fourier transform is not directly 

applicable for the analysis of a signal that has properties 

that change as a function of time. For example, in the 
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analysis of speech processing, the short-time analysis 

principle is seen as a valid approach, [26]. Here, the 

temporal properties are assumed to be fixed over a short 

time, and the spectral properties are assumed to change 

relatively slowly. The time-varying Fourier transform is 

described as in Equation 7, where 𝜔[𝑚] is a real window 

sequence and n is a particular time index. The length of 

the window 𝜔[𝑚] is often finite, [26]. If 𝜔[𝑚] is a 

rectangular window with a length of 𝑀𝜔+1 , the time-

varying Fourier transforms by Equation 8 

𝑋𝑛(𝑒
𝑗𝜔) = ∑ 𝑥[𝑚]𝜔[𝑚 − 𝑛]𝑒−𝑗𝜔𝑚

+∞

𝑚=−∞

(𝟕) 

 

𝑋𝑛 ,𝑟𝑗𝜔  =  ∑ 𝑥[𝑚]𝑒−𝑗𝜔𝑚

𝑛+𝑀𝜔

𝑚=𝑛

(𝟖) 

The efficient computation algorithm to compute a time-

varying Fourier transform is called the short-time fast 

Fourier transform (STFFT) 

E. Power spectrum  

A power spectrum can be described as the distribution of 

the power of the frequency components that compose the 

signal. Traditionally, the Discrete Fourier Transform 

(DFT) is utilized to compute the power spectrum, [27]. 

The power spectrum of each of the obtained frames must 

be determined based on the following Equation 9: 

𝑃(𝑘) =  |∑ 𝑥(𝑛)𝑒−𝑗
2𝜋
𝑁
𝑘𝑛

𝑁−1

𝑛=0
|
2

(𝟗) 

 

Where k = 1, 2, 3,…, N-1. x(n) is a discrete signal, and 

N is the length of the signal. 

 

F. Mel filter bank  

The Mel band-pass filter is a bank of filters that is 

constructed based on pitch perception. The Mel filter was 

originally developed for speech analysis, and like the 

human ear's perception of speech, it targets extracting the 

non-linear representation of the speech signal. The 

conventional Mel filter bank is constructed of triangular 

filters. The transfer function (TF) of each of the m-th 

filter can be computed via Equation 10. 

 

𝐻𝑚(𝑘) =

{
 
 
 

 
 
 

0, 𝑘 < 𝑓(𝑚 − 1)
𝑘−𝑓(𝑚−1)

𝑓(𝑚)−𝑓(𝑚−1)
,

𝑓(𝑚 − 1) ≤ 𝑘 ≤ 𝑓(𝑚)
𝑓(𝑚+1)−𝑘

𝑓(𝑚+1)−𝑓(𝑚)
,

𝑓(𝑚) ≤ 𝑘 ≤ 𝑓(𝑚 + 1) 

0, 𝑘 > 𝑓(𝑚 + 1) 

(𝟏𝟎)  

 

 

Where f(m) is the centre frequency of the triangular 

filter, and the filter bank is normalized such that: 

∑ 𝐻𝑚
𝑀−1
𝑚 (𝑘) = 1 

The Mel scale to the response frequency and vice versa 

is computed by Equations 11 and 12 

𝑚 = 2595 log10 (1 +
𝑓

700
) (𝟏𝟏) 

 

𝑓 = 700 (10
𝑚
2595 − 1) (𝟏𝟐) 

where 𝑓is the frequency in Hertz and 𝑚is the 

corresponding value on the Mel scale. 

 

G. Discrete Cosine Transforms (DCT) 

A Discrete Cosine transform (DCT) expresses a finite 

sequence of data points as a summation of cosine 

functions oscillating at different frequencies. The DCT 

was introduced by [28]. In the MFCC process, the DCT 

is applied on the Mel filter bank to select the most 

accelerative coefficients or to separate the relationship in 

the log spectral magnitudes from the filter bank, [29]. 

The DCT is computed by Equation 13 

 

𝑋(𝑘) =∑ 𝑥𝑛
𝑁−1

𝑛=0
𝑐𝑜𝑠 [

𝜋

𝑁
 (𝑛 +

1

2
) k ] (𝟏𝟑) 

Where where k = 1,2,3, … , N − 1, 𝑥𝑛    is a discrete 

signal, and N is the length of the signal 

 

IV. MFCC APPLICATIONS 
City roads get jammed, [30]. An acoustic approach to 

monitoring the roads for the arrival of rescue vehicles 

such as ambulances, fire engines, and police cruisers has 

become a necessity, hence the deployment of MFCC in 

this study. Road traffic noise data from Nairobi city were 

subjected to MFCC for feature extraction from the audio 

signals as per the earlier work by [31], [32], [33], [34]. 

Acoustic feature extraction is taken as a challenging 

endeavor because environmental noises usually cause 

disturbances in the extracted acoustic features. However, 

scholars have, over the years, come up with algorithms 

to extract the acoustic feature for vehicle target, such as 

eigenfaces, fast Fourier transform (FFT), power spectral 

density (PSD), and wavelet packet transform (WPT). 

The Mel-frequency cepstral coefficient (MFCC) feature 

extraction method has become the best in audio 

applications. It thrives in a nonlinear scale rather than a 

linear scale known as the "Mel’’ scale, which is similar 

to the human auditory system. 

Acoustic signals of moving vehicles are usually 

contaminated by unknown interference, such as wind 

noise, resulting in the pollution of the corresponding 

MFCC features. However, with the acoustic signatures 

of moving vehicles, we find that both the spectrums and 

the MFCC features of the vehicle signals mainly reside 

in the low-frequency part. In this study, sound recordings 

were collected from 42 strategically selected urban 

locations across Nairobi city in Kenya. Each recording 

location yielded multiple 6-second audio segments 

captured at a sampling rate of 44,100 Hz using calibrated 

measurement-grade equipment. The data set comprised 

2,185 segments in total, providing robust statistical 

power for analysis. Recording sessions were conducted 

during peak traffic periods (6:00 AM – 6:00 PM on 

weekdays) to capture representative flow conditions and 

vehicle mix. 

 

A. Data Collected 

International Journal of Neural Networks and Advanced Applications 
DOI: 10.46300/91016.2026.10.1 Volume 10, 2026

E-ISSN: 2313-0563 5



The dataset was saved as MFCC stats with doppler.csv, 

and it contained 2,185 audio recordings from urban roads 

in Nairobi, with columns: relative path, road, class ID, 

class, Mean MFCC, Std MFCC, Leq dBA, Adjusted Leq 

dBA, and Speed kmh. Locations were code-named, for 

example, “Around Arya School” and “Winners Chapel 

(Likoni Rd)” with coordinates. Vehicle classes included 

motorcycles, SUVs, heavy trucks, buses, PSVs, and 

others, as shown in Table 1 (Appendix). 

 

B. Data Processing 

In general, the dataset was taken through a computation 

of MFCC as earlier summarized in Figure 3 (Appendix), 

beginning with framing the signal into short frames, 

calculating the power spectrum, finding the mel filter 

bank for the power spectra, taking the logarithm of all 

filter banks, taking the IDCT of the log filter banks, and 

keeping DCT coefficients. The Python script processes 

the data as follows:  

(i) Audio Preprocessing: Audio files were resampled to 

22,050 Hz, padded/truncated to 4 seconds, and MFCCs 

were extracted (40 coefficients, 1024-point FFT, 512-

sample hop length).  

(ii) Location Matching: Road names were matched 

semantically using simplified name codes to remove 

coordinates and prefixes/suffixes, and Sequence Matcher 

with a 0.55 threshold for fuzzy matching. 

(iii) Doppler Effect Adjustment: Leq was adjusted based 

on vehicle speed using the Doppler formula. 

(iv) MFCC Feature Extraction: Mean and standard 

deviation of MFCCs were computed for each audio clip. 

 

C. Statistical Analysis 

The following descriptive attributes were computed from 

the dataset (i) Descriptive Statistical values Mean, 

median, standard deviation, and range of Mean MFCC, 

Std MFCC, Leq dBA, Adjusted Leq dBA, and Speed 

km/h by vehicle class, (ii) Correlation Analysis values: 

Pearson correlation between Mean MFCC, Adjusted Leq 

dBA, and Speed km/h, (iii) ANOVA: One-way ANOVA 

to test if Mean MFCC and Adjusted Leq dBA differ 

significantly across vehicle classes, and (iv) Location-

Based Analysis: Summary statistics of Adjusted Leq 

dBA and Speed km/h by location. 

 

D. Visualization  

The following visualization diagrams were generated; (i) 

Box Plot of Mean MFCC by Vehicle Class, showing 

variability with heavy trucks at lower MFCCs, (ii) 

Scatter Plot of Adjusted Leq dBA vs. Mean MFCC, 

illustrating negative correlation, (iii) Bar Plot of Average 

Adjusted Leq dBA by Location, highlighting noise 

hotspots, Correlation Heatmap, visualizing relationships 

between variables, and (iv) Histogram of Speed kmh by 

Vehicle Class, showing speed distributions.  

 

E. Mathematical Formulations 

In outputting the above, the study deployed mathematical 

formulations, including (i) the Doppler Effect. The 

Doppler effect adjusted the observed frequency (fo) 

based on the source frequency (fs) and relative velocity  

(𝑣𝑟  =  
𝑣km/h  

3.6
 m/s) is as shown in Equations 14 and 15. 

𝑓𝑜 = 𝑓𝑠
𝑐

𝑐 − 𝑣𝑟
(𝑎𝑝𝑝𝑟𝑜𝑎𝑐ℎ𝑖𝑛𝑔) (𝟏𝟒) 

 

𝑓𝑜 = 𝑓𝑠
𝑐

𝑐 + 𝑣𝑟
(𝑟𝑒𝑐𝑒𝑑𝑖𝑛𝑔) (𝟏𝟓) 

 

where c = 343 m/s. 

The change in sound level is expressed as Equation 16: 

Δ𝐿𝑒𝑞 = 10. 𝑙𝑜𝑔10(1 + 𝛼𝑣𝑟) (𝟏𝟔) 
Where 𝛼 is an empirically derived coupling coefficient 

representing the sensitivity of sound level variation to 

vehicle velocity. 

The adjusted Leq is as in Equation 17: 

𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝐿𝑒𝑞 = max(𝐿𝑒𝑞 + Δ𝐿𝑒𝑞, 𝐿𝑒𝑞 − 5𝑑𝐵) (𝟏𝟕) 
𝐿𝑒𝑞is the original equivalent continuous sound level and 

Δ𝐿𝑒𝑞  represents the correction term applied to account 

for measurement or environmental adjustments. The 

lower-bound constraint (−5 dB) was introduced to 

prevent unrealistic attenuation values caused by extreme 

model corrections. 

MFCC Extraction, which involved transformation 

computations as discussed in section 2 above; 

STFT: as shown in Equation 18. 

𝑋𝑘 =∑ 𝑥(𝑛)𝑤(𝑛)𝑒−𝑗2𝜋𝑘𝑛/𝑁
𝑁−1

𝑘=0
(𝟏𝟖) 

 

Mel-Filter Bank: as shown in Equation 19. 

𝑆(𝑚) =∑ |𝑋(𝑘)|2𝐻𝑚(𝑘),
𝑁−1

(𝟏𝟗) 

 

where the Mel frequency mapping is given by Equation 

20: 

𝑚𝑒𝑙(𝑓) = 2595. 𝑙𝑜𝑔10 (𝟐𝟎) 
 

Log and DCT: as shown in Equation 21. 

𝑐𝑛 =∑ log 𝑆(𝑚) cos (
𝜋𝑛(𝑚 + 0.5)

𝑀
)

𝑀−1

𝑚=0
(𝟐𝟏) 

 

Amplitude to dB: as shown in Equation 22. 

𝑴𝑭𝑪𝑪 𝒅𝑩 = 10𝐿𝑜𝑔10
𝑀𝐹𝐶𝐶2

max (𝑀𝐹𝐶𝐶)
+ 80 (𝟐𝟐) 

F. Semantic Matching 

Similarity score: as shown in Equation 23. 

𝑆imilarity =
2𝑀

𝑇
(𝟐𝟑) 

 

where M is the number of matching characters, and T is 

the total number of characters. 

 

 

V. RESULTS 
A. Descriptive Statistics 

Table 2 (Appendix) summarizes statistics by vehicle 

class. 

The distribution of Mean MFCC values across vehicle 

classes is shown in Figure 6 (Appendix), revealing 

significant variability. 
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B. Correlation Analysis 

Pearson correlation coefficients: 

Mean MFCC vs. Adjusted Leq dBA: -0.45 (moderate 

negative correlation, louder sounds have lower MFCCs). 

Mean MFCC vs. Speed kmh: -0.12 (weak correlation). 

Adjusted Leq dBA vs. Speed kmh: 0.38 (moderate 

positive correlation). 

The correlation matrix is visualized in Figure 7 

(Appendix), which confirms the relationships between 

variables. 

The relationship between adjusted Leq and Mean MFCC 

is further illustrated in Figure 8 (Appendix). 

 

C. ANOVA 

One-way ANOVA results: 

Mean MFCC across vehicle classes: 

 F = 15.32, p < 0.001, indicating significant differences.  

Adjusted Leq dBA across vehicle classes:  

F = 8.45, p < 0.01, showing significant variation. 

D. Location-Based Analysis 

High-noise locations (mean Adjusted Leq dBA > 67 

dBA): 

Total Energies Outering: 67.49 dBA, Speed = 55.75 

km/h. 

Around Baba Dogo Rd: 68.13 dBA, Speed = 51.35 km/h. 

Figure 9 (Appendix) highlights the top 10 locations with 

the highest average adjusted Leq values. 

E. Speed Distribution 

The speed distribution across vehicle classes is shown 

in Figure 10 (Appendix). 

 

VI. DISCUSSION 
The Doppler effect increases Leq by 0.1–0.2 dBA, with 

greater impacts at higher speeds (e.g., 76.33 km/h at 

Nyayo LA Rd). MFCC features effectively distinguish 

vehicle classes, with heavy trucks showing distinct low-

frequency signatures. Visualizations highlight noise 

hotspots and feature variations, supported by statistical 

significance from ANOVA. Future work should 

incorporate dynamic speed data and advanced audio 

features. 

 

VII. CONCLUSION 
This study demonstrates the integration of Doppler effect 

adjustments with MFCC features for vehicle noise 

analysis in Nairobi. Visualizations and statistics reveal 

significant patterns, enhancing urban noise 

understanding. MFCC methodology is robust in 

extracting Doppler patterns of road traffic noise. 
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Appendix  

 
Figure 1: Representation of waves as a group of circles. (Source: Created by the authors.) 

 

 

 
Figure 2: Common application of MFCC (Source: [13]) 
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Figure 3: MFCC procedural framework. (Source: [13]) 

 

 
Figure 4: Examples of signals (a) Continuous-time signal (b) Discrete-time signal, which can also be 

represented as a sequence of numerical values, [0, 0.07, 0, -0.09, 0, 0.13, ...] (c) Digital signal (Source: 

Created by the authors.) 
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Figure 5: The Rectangular, Hanning, and Hamming windows in the time and frequency domains 

(Source: [11]) 

 

 

Table 1: Sample Data (Source: Created by the authors.) 

 

Road Class Mean MFCC Std MFCC Leq dBA 

 Adjusted Leq Speed kmh    

Around Arya School 37.71 Heavy truck -34.77 19.53 64.54 64.68 

Winners Chapel (Likoni Rd) 

48.23 

PSV -35.31 18.23 66.43 66.60 

 

 

Table 2: Descriptive Statistics by Vehicle Class (Source: Created by the authors.) 

Class 
Mean MFCC 

(dB) 

Std MFCC 

(dB) 
Leq dBA 

Adjusted Leq 

dBA 
Speed kmh 

Motorcycle -35.62 ± 2.31 19.32 ± 1.87 66.12 66.29 ± 0.17 47.85 

SUV -34.89 ± 2.45 18.76 ± 1.54 66.54 66.71 ± 0.18 48.32 

Heavy Truck -36.01 ± 2.67 19.85 ± 1.23 65.98 66.15 ± 0.16 47.61 

PSV -35.45 ± 3.12 19.01 ± 1.98 66.72 66.89 ± 0.19 49.03 

Bus -36.78 ± 2.89 19.56 ± 1.45 66.45 66.62 ± 0.17 48.15 
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Figure 6: Distribution of Mean MFCC by Vehicle Class. Shows variability in MFCC features, with 

heavy trucks exhibiting lower mean MFCCs (−36 to −40 dB) due to low- frequency noise. (Source: 

Created by the authors.) 

 

 
Figure 7: Correlation Matrix of MFCC, Leq, and Speed. Visualizes relationships between variables, 

confirming moderate correlations. (Source: Created by the authors.) 
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Figure 8: Adjusted Leq vs. Mean MFCC by Vehicle Class. Illustrates a negative correlation, with 

PSVs showing higher noise levels and lower MFCCs. (Source: Created by the authors.) 

 

 
Figure 9: Top 10 Locations by Average Adjusted Leq. Highlights locations like Total Energies 

Outering with elevated noise levels. (Source: Created by the authors.) 
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Figure 10; Speed Distribution by Vehicle Class. Shows speed distribution, with PSVs reaching 

higher speeds (up to 76.33 km/h). (Source: Created by the authors.) 
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