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Abstract 
The electrification of powertrains in road vehicles renders new interior soundscapes. The large amount of 

harmonics that is present in such kind of noise and the wide frequency band they spread, make the design 

and attainment of sound quality targets a challenging task. This paper aims at proposing a set of numerical 

and experimental procedures to enhance the sound quality of pure-electric-driven powertrain-induced noise, 

as perceived in the passenger cavities of vehicles. Relevant frequency-domain sound quality metrics are 

concurrently optimized, giving rise to compromise solutions, which are attained via active control. 

Computer simulations of two active sound quality control algorithms, which are simultaneously applied 

over a realistic powertrain-induced noise, and the corresponding assessment of sound quality metrics, 

demonstrate that it is possible to design and implement such targets in pure-electric-driven, powertrain-

induced noise, thus helping the designer to solve NVH issues related to these kind of periodic disturbances. 

1 Introduction 

Among the numerous electromechanical parts that compose the powertrain in hybrid vehicles, the two 

rotating machines that provide the necessary power for the car to move are the most involved ones in the 

generation of residual sounds. Particularly, the power inverter, which is the part of the powertrain that 

commands the speed regime of the electric motor, generates rather new audible harmonic components, 

which in turn induces other than the impression an internal combustion engine-propelled (ICE) vehicle 

typically evokes in people. Harmonics multiple of the switching frequency of the driver arise, together with 

the ones coming from the electric motor, and they all spread into low, mid, and high frequency bands, which 

undoubtedly yields in new, but unexpected soundscapes [1]. Hence, while electrification of powertrains 

helps reducing fuel consumption in vehicles [2,3], the operation of the electric motor and related parts may 

play an undesired role in the creation of the acoustic image of the vehicle, thus posing a noise, vibration, 

and harshness (NVH) challenge that should be taken into account [3,4], when attempting to evoke the best 

possible impression about the operation condition and global quality of a vehicle. 

Experimental evidence has demonstrated that the driver and passengers of a vehicle are able to judge the 

quality of the operation of a vehicle, by assessing the portion of the vibro-acoustic phenomenon induced by 

the powertrain that reaches the passenger compartment [4,5]. Therefore, it becomes crucial for the 

automotive companies to properly provide a portion of such a residual sound/vibration field to the driver 

and passengers, in order to evoke the best possible impression about the operation of their vehicles [5]. 

However, in the road to meet the auditory expectations of customers, the NVH specialist might be faced 

with challenges mainly related to the handling of the new, unusual harmonic components coming from the 
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electric motor compartment. Other puzzling challenge the NVH engineer typically confronts is how to deal 

with subjectivity [6], i.e. how to cope with the different viewpoints about what people might understand by 

good quality of a car, in terms of the physical characteristics of the noises that evoke it. 

Sound quality (SQ) metrics provide an important link between physical characteristics of sounds, like 

amplitude, frequency, and relative phase, to the so-called elementary auditory perceptions [7]. Then, a good 

starting point for diagnosis would be the calculation of relevant metrics to the kind of noises of interest. 

Hence, the NVH engineer could tailor the amplitude and/or relative-phase of the auditory stimulus towards 

SQ targets, in terms of the elementary auditory perceptions, which eventually will evoke auditory images 

like luxury, quietness, sportiveness, powerfulness, among others, in the occupants. However, as it has been 

proven in previous research [8,9] inappropriate handling of the harmonics could lead in undesired 

enhancement of auditory characteristics that might have nothing to do with the auditory expectation of either 

the customer, or the manufacturer, e.g. raising of modulations after reducing volume-related harmonics, 

enhancement of tonal components after handling modulation-related harmonics, total suppression of the 

auditory stimulus, which is the result of applying traditional active noise control (ANC) strategies, and 

which in turn could lead the occupants to perceive other kind of noises inside the enclosure, among others.  

In this document we introduce a novel framework for designing and implementing SQ targets for periodic 

auditory stimuli, which is able to tackle technical noises with a large amount of harmonic components, like 

the ones induced by the operation of electric motors in hybrid powertrains. Our methodology is based upon 

the vector optimization of SQ metrics, from which the NVH specialist is able to choose the solution that 

better fits into the auditory expectations of either the manufacturer, or customers. In order to have a 

computationally tractable, multi-objective optimization problem, we also propose to firstly perform 

sensitivity analyses that aim at finding a reduced set of harmonics in the auditory stimulus, based upon the 

premise of the most involved ones in the generation of the associated psychoacoustic sensations. Hence, 

besides allowing convergence of the optimization problem in a reasonable computation time, reduction of 

the design space of the optimization problem also brings us the valuable benefit of implementing the 

optimized solutions via active sound quality control (ASQC) strategies, with much less energy than if the 

entire set of harmonics in the electric motor-induced auditory stimulus were addressed. Eventually, 

implementation of optimized solutions via ASQC will allow the NVH engineer to quickly customize the 

incoming auditory stimulus to the most diverse auditory expectations, with nothing but a microphone and 

an actuator, which avoids further hardware modifications or even cavity redesign. 

This document is sectioned as follows: Section 2 describes real measurements of an electric motor run-up 

in a commercial hybrid vehicle, from which we firstly diagnose its SQ, and we afterwards choose a 

stationary operating regime to demonstrate our methodology, based on its SQ scores; Section 3 introduces 

a set of sensitivity analyses needed to reduce the size of the design variable space of the problem, as well as 

computational procedures to optimize the SQ of the periodic stimulus, and results of the optimization stage 

on the chosen stationary condition; Section 4 presents two ASQC algorithms that are able to implement the 

optimized solutions, in terms of amplitude gains, for each harmonic component being addressed, together 

with a computer simulation, by using real energy transfer paths measured in a vehicle mock-up; and Section 

5 concludes this document with remarks and statements of future directions on this research. 

2 SQ of pure-electric powertrain induced noise in cavities 

The first step of the methodology of design and implementation of SQ targets is the determination of the 

amplitudes and relative phases of the harmonic components in the stationary periodic noise, and its 

corresponding SQ scores. Since the pure-electric operation regime of a hybrid powertrain typically induces 

a large amount of audible harmonics that spread in the three frequency bands, i.e. low, mid, and high, we 

have associated SQ metrics that are able to characterize sounds in such a large frequency band, as follows: 

Loudness, which quantifies its volume [10]; Roughness, which quantifies interactions among nearby 

harmonic components in terms of amplitude/phase modulations [11,12]; Sharpness, which quantifies the 

presence of high-frequency components [7]; and Tonality, which attempts to extract the pitch and salience 

of individual harmonic components [13]. Frequency-domain SQ models [14,15] are calibrated at this step 
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by using the classic time-domain models, once that the subsequent optimization stage will be entirely run 

by using the frequency-domain data of the periodic stimulus. 

Acoustic pressure measurements of the emission of a real electric motor, as commanded by a driver, have 

been carried out during the run-up of a powertrain, at a sampling rate of 204.8[KHz], beneath the vehicle’s 

hood, under the engine compartment. The instantaneous speed information of the run-up has been obtained 

by performing measurements on the vehicle’s wheels. Fig. 1(a) shows the time-frequency signature of the 

powertrain during the electric operation mode, where the amplitude of the spectrogram is given in dB re 

20µPa, i.e. in dBSPL. Notice that, in Fig. 1, the amplitudes of the harmonics are small at frequencies around 

and above 8[KHz], reason why we have downsampled the original time series to 20.48[KHz], thus 

truncating the very-high-frequency harmonics that do not contribute to the overall acoustic pressure level, 

as much as the other ones.  

The orders of both electric motor and driver were traced, in order to decompose the run-up in 500 stationary 

discrete speeds, with known amplitudes, frequencies, and relative phases. The order traces have also been 

plotted in Fig. 1(a), aiming at illustrating the difficulties in accurately determining amplitudes, frequencies, 

and relative-phases of the disturbance generated by the powertrain, due to the emergence and crossing of 

the harmonics related to the electric motor driver. Fifty-two half/integer electric motor orders are observed, 

while ninety-one driver orders were detected. A driver’s switching frequency of 1250[Hz] has been 

identified, together with six more integer harmonics. The integer harmonics related to the switching 

frequency keep its instantaneous frequency constant, regardless of the operation regime of the powertrain. 

Unlike the electric motor orders, which behave similarly to the widely-known ICE orders, some spectral 

lines coming from the driver are inversely proportional to the wheels speed, as it can be observed in Fig. 

1(a). Eventually, we resynthesized the pure-electric powertrain noise by using a total of 143 harmonics, 

which is a rather high number of components to be dealt with. 

 

(a) 

 

(b) 

Figure 1: Time-frequency signature of electric motor: (a) order traces; (b) synthesized run-up. 

Figure 1(b) shows the reconstructed signal from the amplitudes, frequencies, and relative phases, as 

determined by both order traces and the Vold-Kalman filtering algorithm [16]. Visual comparison between 

Figs. 1(a) and (b) reveals that the difference between original and resynthesized signals just lies in the 

measurement noise. 

Figure 2 shows the SQ profiles of the discretized run-up. Perfect coincidence of continuous (time-domain 

SQ algorithms) and dotted lines (frequency-domain SQ algorithms) in Fig. 2 indicates that there are 

calibration values for each of the frequency-domain SQ models, which make both algorithms to provide the 

same results, without loss of significance, and it will in turn allow the optimization routine to be performed 

at any discrete powertrain speed. A visual inspection of the profiles reveals some similarities between pure-

electric-driven powertrains, and ICE-propelled ones, as follows: 

o Loudness increases as the speed regime increases, which obeys to the raise of amplitude levels, as 

seen in Fig. 1.  

o Roughness decreases as the speed regime increases, as a result of the increase of the distance in 

frequency between contiguous harmonics. The emergence of harmonics coming from the driver 
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might also contribute to the generation of this perception, once that, their distance in frequency is 

also small at the beginning of the run-up. 

o Sharpness exhibits quite a different behavior from the typical ICE signatures, mainly due to the 

high-frequency, high-amplitude-level spectral lines arising from the driver [17]. In the very 

beginning of the profile, i.e. at very low RPM regimes, Sharpness shows large values, mainly due 

to the driver components. This metric is again apparent at the end of the profile, but this time it is 

due to the high level of the spectral lines coming from the electric motor.  

o Tonality is also different from the typical ICE signature, mainly due to the harmonics coming from 

the driver. It is interesting to note that, at low RPM regimes, Tonality is more apparent than at the 

end of the profile. This fact indicates that the harmonics coming from the driver are the most 

involved ones in the inducement of this elementary perception.  

 

Figure 2: SQ profiles of the discretized run-up, as measured below the engine compartment in a 

commercial hybrid vehicle. 

Roughly speaking, the SQ profiles show that, at low RPM regimes, Roughness and Tonality are enhanced 

by the driver harmonics, and at high RPM regimes Loudness and Sharpness are more apparent, mainly due 

to the high-level, high-frequency electric motor harmonics. It is also interesting to note that Sharpness keeps 

quite a constant value through the run-up, which is due to the emergence of high-level, high-frequency 

driver harmonics at low speeds, and to the emergence of high-level, high-frequency electric motor 

harmonics at high speeds. Hence, Fig. 2 demonstrates that the pure-electric-driven powertrain noise might 

cause a rather different auditory perception at the passenger cavity, than the one induced by ICE-propelled 

powertrains, mainly due to the operation of the driver.  

From Figure 2 we have extracted the discrete powertrain speed 352 [RPM], as being an interesting case for 

our optimization and implementation framework to be demonstrated. Its SQ scores, as measured close to 

the engine compartment, are as follows: Loudness: 68.01 [sone], Roughness: 0.52 [asper], Sharpness: 1.57 

[acum], and Tonality: 0.46 [wSP]. Hence, from now on the discussion of this document will be focused on 

how to enhance the SQ of the selected periodic disturbance, by means of solving a multi-objective 

optimization problem, and by implementing optimized solutions via ASQC algorithms. 
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3 Multi-objective optimization of SQ metrics: electric powertrain 

Section two has shown that Loudness, Roughness, Sharpness, and Tonality, are suitable SQ metrics for 

describing the pure-electric-driven powertrain noise, whose harmonics spread into low, mid, and high 

frequency bands. Now that diagnosis of the soundscape is at hand, the next step of our framework lies in 

how to obtain the possibilities the NVH specialist might have to enhance the SQ of stationary operation 

regimes of interest, like the noise induced by the pure-electric powertrain at 352 [RPM], as measured at the 

position inside the passenger cavity.  

Then, the second, key step of the methodology of design and implementation of SQ targets consists on the 

optimization of the psychoacoustic models associated to the stationary noise induced by the powertrain, as 

measured at the position of interest. After solving the optimization problem in the form that is introduced 

through this section, the NVH specialist will be provided with a diversity of sets of amplitude values for 

some harmonics in the noise, such that the SQ of the overall periodic noise is enhanced. Hence, the specialist 

will be able to choose the optimum solution whose SQ score better fits in the auditory expectation of targeted 

customers. Eventually, implementation of the solutions will be carried out through ASQC techniques, as it 

will be shown in the next section.  

3.1 Objective space: the multi-objective optimization problem 

Since mathematical optimization is concerned with finding extreme values that minimize or maximize a 

function, we have initially used two formulations from the SQ literature, in order to investigate for the 

possibilities to enhance the perception of periodic noises, by means of their optimization. The so-called 

Sensory Pleasantness, and the weighted sum of elementary perceptions, are mathematical expressions that 

combine Loudness, Roughness, Sharpness, and Tonality, in a single expression, and whose calculation 

results in a single scalar value [6]. These formulae seem to be a promissory start point for predicting new 

possibilities to enhance the soundscape. Nevertheless, the fact of condensing diverse points of view about 

the SQ of the noise into only one might be pretentious [8], and hence the NVH specialist would be forced 

to repeatedly run the optimization routine, until a proper solution for a certain listeners group is found. 

Then, based on the suitability of the weighted sum of metrics for optimization purposes, once that this 

formulation is free of a priori hypothesis about the SQ of technical noises, we propose the optimization of 

the elementary perceptions in a vector form. Frequency-domain Loudness, Roughness, Sharpness, and 

Tonality models, are arranged in a vector, and its optimization is carried out by using multi-objective 

evolutionary algorithms (MOEAs), such as the non-dominated sorting genetic algorithm NSGA-II [18], or 

the strength Pareto evolutionary algorithm SPEA2 one [19]. The most valuable benefit of optimizing the 

SQ of the powertrain-induced noise in this form is that of the possibility of obtaining diverse solutions that 

are concurrently optimum for all the objectives, which in turn might cope with the matter on the diversity 

of viewpoints about the SQ of a noise, as listened to by diverse worldwide customer communities. 

The multi-objective SQ optimization problem is then stated as follows: 

 𝑚𝑖𝑛⏟
𝑎

{𝒇
𝑖
(𝒂)} =  𝑚𝑖𝑛⏟

𝑎

{[𝐿(𝒂) 𝑅(𝒂) 𝑆(𝒂) 𝑇(𝒂)]𝑇} 

𝑠. 𝑡.       𝑎𝑗
𝑙 ≤ 𝑎𝑗 ≤ 𝑎𝑗

𝑢 ,      𝑗 = 1, … , 𝑃, 

(1) 

where 𝒇 ∈ 𝑅𝑄, 𝑄 being the size of the objective space, is a vector of associated SQ metrics to the kind of 

disturbances of interest;  𝒂 ∈ 𝑅𝑃 is a vector of amplitudes of 𝑃 harmonics of the periodic disturbance; and 

superscripts {𝑙, 𝑢} stand for the lower and upper feasible amplitude values the 𝑗𝑡ℎ harmonic can take in the 

disturbance. In Eq. (1), [𝐿 𝑅 𝑆 𝑇]𝑇 stands for Loudness, Roughness, Sharpness, and Tonality, 

respectively, which are now calculated as functions of the amplitudes of the disturbance. Note that the 

frequencies, as well as the relative phases of the harmonics, are kept fixed during optimization. 

The optimization problem in Eq. (1) features the easiness of associate/dissociate SQ metrics to the 

disturbance being optimized, so the dimension of the objective space can be easily handled, if needed. Also, 
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Eq. (1) dispenses the use of a priori weights that could force the optimization towards tendentious results. 

Moreover, as compared with the computational burden required for optimizing single-objective 

formulations, the increased cost of optimizing the vector in Eq. (1), which is still less than if a number of 

weight combinations were tried in the weighted sum of metrics before its optimization, brings us the 

profitable advantage of obtaining a diversity of solutions in a single optimization run. 

MOEAs typically require a number of function evaluations to converge to the Pareto front, given the 

complexity of the associated search space. However, the pure-electric-driven powertrain generates a large 

amount of audible harmonics, which means that the search space from this kind of soundscapes is typically 

large, thus rendering the calculation of Eq. (1) computationally prohibitive. Notwithstanding, there is a 

possibility of finding a reduced set of harmonics, whose amplitude, frequency, and relative-phase 

characteristics in the auditory stimulus make them as the most important ones in the generation of the 

psychoacoustic sensations being linked to the problem. In fact, it is straightforward to realize that, due to 

the particularities of the human auditory system, some harmonics in the noise will have more influence on 

the perception of some sound qualities than others. Therefore, sensitivity analyses can be performed in order 

to reduce the size of the decision space (𝑃 in Eq. (1)), which will make the optimization problem 

computationally tractable, as it will be discussed in the next sub-section. 

3.2 Decision space: sensitivity analyses 

Figure 3 shows the spectrum of the noise induced by the pure-electric-driven powertrain when operating at 

352 [RPM], as measured within a real vehicle mock-up, which is illustrated in Fig. 6(a). With the aid of the 

order-tracking data, we identified 142 harmonics on the sound, as shown in Chapter 2. Then, for the case at 

hand, we have a multi-objective optimization problem involving a complex 4D objective space (Loudness, 

Roughness, Sharpness, and Tonality), and a rather large search space of dimension 142. In order to reduce 

the dimension of such a large search space, we propose the calculation of a collection of sensitivity analyses 

over each of the four associated SQ metrics, as follows: 

o Loudness: calculate Loudness by varying the amplitude of only one harmonic at a time, in between 

its feasible bounds. 

o Roughness: since this auditory perception has been proven to be caused by interactions of three 

nearby harmonics [14], calculate the metric by varying the amplitude of three harmonics at a time, 

in between their feasible bounds, and whose distance in frequency does not exceed 500 Hz. 

According to the definition of this metric [7,11], the most prominent Roughness values arise when 

the modulation frequency is lesser than 250[Hz], so the separation among the three harmonics 

should not be greater than the recommended value. 

o Sharpness: Similar as Loudness, calculate Sharpness by varying the amplitude of one harmonic at 

a time, in between its feasible bounds. 

o Tonality: Similar as Loudness and Sharpness, calculate Tonality by varying the amplitude of one 

harmonic at a time, in between its feasible bounds. 

For the sensitivity analyses to be calculated, it is also necessary to set up feasible lower and upper bounds 

on the amplitude values of each harmonic in the disturbance. Here we fetch an important concept in active 

sound quality control, with regard to the operation modes of such techniques. ASQC algorithms commonly 

offer the possibility of either reducing the amplitude of a targeted narrowband component, or amplifying its 

amplitude up to twice its original value. Hence, we propose setting up the amplitude bounds for 

optimization, for them to be in line with the so-called ASQC operation modes [8, 20-23], i.e. the minimum 

bound as being zero [dBSPL], which corresponds to the reduction mode, and the maximum one as being its 

value itself, plus six [dBSPL], which corresponds to the amplification mode.  

The most important harmonics in the noise are then obtained, by determining the highest variations in each 

elementary perception. Hence, the set of decision variables can be drastically reduced down to six 

harmonics, being Loudness, Sharpness, and Tonality, reduced by only one, and Roughness being reduced 

by three responsible harmonics. Note that there could be situations where a given harmonic is found as the 

responsible one for more than one elementary perception, which in turn leads to reduce even more the 

dimension of the decision space. The extreme of this procedure might be that of reducing down to just taking 
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one harmonic, at the expense of reducing the broadness of the optimum compromise frontiers, due to the 

“truncation” of degrees of freedom associated to the problem. 

 

Figure 3: Spectrum of periodic disturbance being optimized, as measured within a real vehicle mock-up. 

Spectrum plotted by using bars indicates the real periodic disturbance the listener would perceive. Color 

markers indicate the responsible identified harmonics for each associated elementary perception.  

As illustrated in Fig 3, we have found that the harmonic at 3.16 [KHz] is the responsible one for Loudness, 

the harmonics at 1.25 [KHz], 1.33 [KHz], and 1.41 [KHz], are the responsible ones for Roughness, and the 

harmonic at 6.87 [KHz] is the most involved one in inducing both Sharpness and Tonality. The harmonic at 

3.26 [KHz] has the highest amplitude level in the disturbance, the harmonic at 6.87 [KHz] is one of the 

highest ones, but due to its location in frequency, the Tonality model has identified this harmonic as the 

most responsible one in its inducement, and the Roughness harmonics have a particular amplitude and 

relative-phase setup in the disturbance such that they are the causing of the highest variation on this 

elementary perception. While the harmonics at 1.25 [KHz] and 1.33 [KHz] come from the driver, the other 

ones are arising from the electric motor, so the combination of the disturbances from the two sources is the 

cause for Roughness, and the disturbance coming from the electric motor is the main responsible for the 

generation of Loudness, Sharpness, and Tonality. Note also that 1.25 [KHz] is the fundamental switching 

frequency of the driver. 

In this section we have seen that the main goal of performing the proposed sensitivity analyses is to 

guarantee the computational tractability of the problem, which also will bring us an additional and valuable 

benefit, as is the reduction of both the computational complexity of ASQC controllers, and the required 

energy for those systems to achieve the desired SQ targets. 

3.3 Multi-objective optimization of the SQ of the periodic disturbance 

Figure 4 shows the optimization outcomes of both the NSGA-II and the SPEA2 algorithms, when 

minimizing, and maximizing, the problem stated at Eq. (1), as applied to the periodic noise illustrated in 

Fig. 4. The 4D objective space is plotted by using a scatter-plot matrix, where the dimensions of the space 

(SQ metrics) are plotted by pairs. Gray, small points illustrate an exhaustive search on the entire feasible 

space, by using a number of amplitude combinations upon the found set of harmonics through the sensitivity 

analyses. Dark and light red points illustrate minimization of Eq. (1) by using either the NSGA-II, or the 

SPEA2 algorithm, respectively, whereas that dark and light blue points illustrate maximization of Eq. (1) 

by using respectively the same algorithms. As expected, the Pareto fronts cover all of the feasible search 

space, in which the Pareto front from minimization is covering the lower search space edge, while the one 

from maximization spreads over the upper search space edge. For the sake of comparison, the original SQ 

scores of the noise are also included in Fig. 4, by using a black point. 
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Particularities of both NSGA and SPEA algorithms make them to provide slightly different results. While 

the NSGA algorithm is more computationally efficient than SPEA, the latter one typically provides more 

evenly distributed solutions over the Pareto front, than the former one. Nevertheless, both algorithms are 

able to solve the optimization of the SQ vector, regardless of the computational cost. 

 

Figure 4: 4D SQ objective space and optimum Pareto fronts coming from both minimization and 

maximization. NSGA-II outcomes are plotted above the main diagonal of the scatter-plot matrix; SPEA2 

outcomes are plotted below the main diagonal. Chosen optimum solutions are also highlighted with green 

and yellow stars. SQ scores of the original disturbance are also plotted by using a black point. 

3.4 Choosing SQ solutions to meet auditory expectations 

Having performed multi-objective optimization, the next procedure lies in the choice of the optimum 

solution that better meets the auditory expectation of a listener. Our simple but suitable suggestion is to look 

at the extreme values in the resulting compromise frontiers, as follows: 

o When concurrently minimizing all of the associated SQ metrics, the NVH specialist would be 

interested in either the “minimum of the minima”, which is also known as the “global minimum 

criterion” [24], or in the extreme values of the Pareto front, i.e. the maximum values in the front.  

o Conversely, when concurrently maximizing Eq. (1), the NVH specialist would also be interested in 

either the “maximum of the maxima” (global criterion), or in the extreme values, i.e. the minimum 

values in the front. 

The extreme values in the Pareto fronts might be interesting for the NVH designer, once that they provide 

the maximum/minimum values an elementary auditory perception, or the entire set of them, can take, e.g. 

auditory perceptions like powerfulness are commonly linked to sounds that have large Roughness values 

[8], perceptions like quietness could be linked to the minimum amount of all of the associated SQ metrics, 

which means that, for such a case, the global minimum criterion could be an interesting solution, luxury 

could also be linked to either the minimum or maximum possible balance of the SQ metrics, and so on.  

Following the above mentioned proposed directives, we have chosen a set of solutions, as listed in Table 1, 

which shows the new amplitude values the addressed harmonics would have, in order to achieve the 

optimized SQ scores reported in Table 2. After comparing the norm of the global minimum and maximum 

solutions of both NSGA and SPEA outcomes, we determined that SPEA performed better when minimizing 
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Eq. (1), and NSGA performed better when maximizing the same equation. Therefore, we chose 

minimization solutions from the SPEA outcome, and maximization solutions from the NSGA one. Since we 

found that the solutions leading towards the highest Sharpness, and the global maximum, are equal to the 

solutions leading to the highest Loudness, and the lowest Roughness, respectively, we just took four 

solutions from minimization, and four from maximization. 

Solution 
Harmonic 1 Harmonic 2 Harmonic 3 Harmonic 4 Harmonic 5 

Amp. Gain Amp. Gain Amp. Gain Amp. Gain Amp. Gain 

Original 24.84 1.00 26.70 1.00 65.34 1.00 83.71 1.00 69.43 1.00 

Highest L 4.95 0.10 32.69 1.99 71.34 2.00 89.71 2.00 75.43 2.00 

Highest R 22.36 0.75 26.09 0.93 51.62 0.21 0.00 0.00 47.81 0.08 

Highest T 0.00 0.05 30.99 1.64 71.34 1.99 89.70 1.99 75.02 1.90 

Minimum 23.84 0.89 27.24 1.06 23.57 0.00 0.28 0.00 0.00 0.00 

Lowest L 18.58 0.49 17.79 0.36 45.77 0.11 65.16 0.12 73.90 1.67 

Lowest R 28.37 1.50 20.88 0.51 71.34 1.99 89.71 1.99 75.43 1.99 

Lowest S 28.67 1.55 22.26 0.60 71.26 1.98 89.69 1.99 75.33 1.97 

Lowest T 0.18 0.06 23.94 0.73 11.49 0.00 79.07 0.59 75.43 1.99 

Table 1: Decision space: original and optimal amplitude values for optimized harmonics in [dBSPL]. 

Now, Table 2 lists the SQ targets we are going to implement in the next step. We chose four solutions from 

minimization, and four from maximization, as follows: highest L, R, S, and global minimum, from 

minimization; and lowest L, R, S, T, from maximization. These SQ targets are attainable by driving the 

amplitudes of the optimized harmonics to their optimum values, as listed in Table 1. Hence, the objective 

of the ASQC step will be to physically provide those amplitudes, such that the SQ targets are attained. In 

Table 2, it is important to note that the solution for the highest Loudness is equal to the one for the lowest 

Roughness, as provided by minimization by SPEA, and by maximization by NSGA. What it is still more 

surprisingly, is that for achieving such a solution, the provided amplitude values for the same solutions are 

different, which indicates that the mapping function from the decision space to the objective one is 

surjective, and this kind of optimization problems poses serious difficulties for MOEAs to converge to the 

Pareto front [24]. Thus, while for the SPEA algorithm, harmonics 1 and 2 should have 4.95 and 32.69 

[dBSPL], for the NSGA one the same harmonics should have 28.37 and 20.88 [dBSPL]. Notwithstanding, 

both algorithms do match in requiring full amplification for harmonics 3, 4, and 5, to achieve the desired 

SQ scores. 

Solution Loudness Roughness Sharpness Tonality 

Original 36.84 0.13 2.59 0.52 

S01: Highest L 50.14 0.10 2.70 0.55 

S02: Highest R 23.63 0.18 2.58 0.46 

S04: Highest T 49.84 0.10 2.68 0.55 

S05: Minimum 23.12 0.17 2.60 0.47 

S01: Lowest L 28.83 0.22 3.13 0.52 

S02: Lowest R 50.14 0.10 2.70 0.55 

S03: Lowest S 50.00 0.10 2.69 0.55 

S04: Lowest T 34.00 0.18 3.08 0.51 

Table 2: Objective space: original and optimal SQ scores for the stationary periodic noise. 

Table 2 also reveals that the NVH engineer will be able to handle the Loudness and Roughness metrics in 

wide ranges, i.e. from 23.12 [sone] (global minimum), to 50.14 [sone] (highest L/lowest R), and from 0.10 

[asper] (highest L/T and lowest R/S), to 0.22 [asper] (lowest L) respectively. On the other hand, Sharpness 

and Tonality are unable to be handled in wide ranges, only narrow ranges from 2.58 [acum] (highest R), to 

3.13 (lowest L), and from 0.46 [wSP] (highest R) to 0.55 [wSP] (highest L/T and lowest R/S), respectively, 

have been obtained from optimization by using the harmonics retrieved by the sensitivity analyses. It might 

be possible to get wider ranges for those last SQ metrics by linking more degrees of freedom to the problem, 

i.e. more harmonics, at the expense of increasing the computational cost of the optimization routines, and 

the energy requirements at the following ASQC implementation stage. 
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Note that Table 1 also reports on the gains for each harmonic that would be implemented in an ASQC 

algorithm. Since we have restricted the amplitude values to be in between 0 and 2, all of the obtained gains 

fall into such a range. Hence, we are now in position to move to the last step of this proposed optimization 

and implementation SQ methodology. 

4 Attaining SQ targets on electric powertrain auditory stimuli 

The last step of the methodology of design and implementation of SQ targets is the active sound profiling 

of the periodic disturbance, guided by the solutions chosen from the Pareto fronts obtained in the previous 

step, at the position where the auditory stimulus was initially measured. Active sound profiling algorithms 

[8,23,25,26] are suitable technologies for accomplishing such a goal, once that they allow dealing with a 

number of harmonics in the stimulus, in terms of reducing, or even enhancing their amplitudes and, in 

addition, shifting their relative phases if required, which could not be achieved by using passive methods, 

or even classic active noise control (ANC) algorithms. 

Frequency-domain ASQC algorithms have been demonstrated to be computationally efficient when dealing 

with periodic disturbances [8,20,26]. However, when tackling noises whose harmonics are not integer 

among each other, or when dealing combination of noises coming from different sources, as is the case of 

the pure-electric-driven powertrain noise (electric motor, plus the driver), it may be necessary to address 

some harmonics by using either frequency-domain ASQC algorithms with different reference signals in 

parallel [27], or combining frequency- and time-domain ASQC algorithms, with different reference signals 

and in parallel, as well. Then, in this document we propose arranging two state-of-the-art ASQC algorithms 

in parallel, namely the NEX-LMS [23], and the SF-cFxLMS [8], for tackling the pure-electric, powertrain-

induced disturbance, which, as previously discussed, it contains a large amount of harmonics with very short 

frequency separation among some of them, and widely spread into the low-, mid-, and high-frequency bands. 

4.1 Active sound quality control algorithms 

The SF-cFxLMS algorithm (acronym for simplified form, complex-filtered-reference, least mean squares algorithm) 

[8] is a frequency-domain adaptive controller that features the capability of dealing with amplitudes and relative phases 

of discrete harmonics in periodic disturbances (cf. Fig. 5(a)). This algorithm makes use of internal fast Fourier 

transforms (FFTs) to estimate these parameters of the primary disturbance. Provided the set of optimum amplitudes 

that makes the SQ of the disturbance to be enhanced, the algorithm will be able to achieve the desired soundscape, by 

implementing amplitude gains on the harmonics that were addressed at the previous multi-objective optimization 

procedure. As discussed in the previous section, it is straightforward to see that the optimized amplitude values, divided 

by the original ones, yield in a set of multiplicative factors. This set of factors will be comprised between zero and two, 

which corresponds to the maximum reduction and amplification the SF-cFxLMS algorithm can achieve on each 

targeted harmonic, as a result of bounding its amplitude value at the optimization stage in between 0 [dBSPL], and 

their original amplitude value plus 6 [dBSPL]. 

The NEX-LMS algorithm (acronym for normalized reference, least mean squares algorithm) [23] is a time-domain 

adaptive controller that features the capability of dealing with the amplitudes of discrete harmonics in periodic 

disturbances (cf. Fig. 5(b)). Since this algorithm does not make use of internal FFTs, the NEX-LMS is not constrained 

to be implemented so as to have the sampling rate and the length of the internal FFTs to match the frequencies of the 

periodic disturbance being controlled. Hence, when there are harmonics in the noise that are not coming from the same 

source, or when the frequency relation of the harmonics is not integer among each other, they can be easily addressed 

by using this algorithm, at the expense of increased computational complexity. Nevertheless, since this algorithm is 

able to operate in the entire amplitude range of any harmonic, i.e., it attains the maximum possible reduction and 

amplification of a harmonic, the NEX-LMS is implemented in parallel together with the SF-cFxLMS algorithm, in 

order to tackle the pure-electric-driven powertrain-induced noise, once that this noise is indeed produced by two 

different sources, namely the electric motor itself, and the power driver.  
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Figure 5: Active sound quality control schemes: (a) SF-cFxLMS and (b) NEX-LMS block diagrams. 

4.2 Computer simulations of the ASQC stage 

This section describes the computer simulations on controlling the primary disturbance, as it would be 

measured in a real vehicle mock-up, by using the optimized SQ directives obtained in Section 3. Also, the 

resulting time series from the active control implementation are assessed by using time-domain SQ 

algorithms, and this assessment is eventually compared with what was predicted at the optimization stage, 

which in turn will demonstrate an excellent agreement among all the stages of the proposed optimization 

and implementation framework to enhance the SQ of pure-electric powertrain-induced noises. 

Real energy transfer paths have been measured in a vehicle mock up. The structural primary excitation on 

a steel firewall has been implemented by using a piezoelectric actuator. The control input has been also 

implemented by using a piezo electric actuator. Both implementations are illustrated in Fig. 6(a). On the 

other hand, Fig 6(b) shows the interior of the vehicle mock-up, and the location of the addressed microphone. 

In both figures, blue arrows indicate the primary energy transfer path, whereas that red arrows illustrate the 

secondary energy transfer path (control loop). 

Figures 6(c) and (d) illustrates the frequency response function of the primary and secondary paths, 

respectively. The transfer functions have been measured at 19.58[KHz], which is the sampling rate at which 

the internal FFTs of the SF-cFxLMS can address three of the five identified harmonics through the 

sensitivity analyses, by using FFTWs with a length of 111 bins. Note that the use of the FFTW (acronym 

for the fastest Fourier transform in the west) algorithm in the SF-cFxLMS controller allows implementing 

odd FFT lengths, as is the case at hand. 

4.3 Computer simulations on ASQC guided by optimized solutions 

Computer simulations on Simulink© have been carried out to demonstrate how the parallel arrangement of 

both SF-cFxLMS and NEX-LMS algorithms is able to enhance the SQ of the disturbance, in terms of the 

amplitude gains given in Table 1. After deciding the sampling rate, and the length of the internal FFTs for 

the SF-cFxLMS algorithm, we determined that the harmonics at 1.40 [KHz], 3.17 [KHz], and 6.86 [KHz] 

can be addressed by using this controller, and that the harmonics at 1.25 [KHz] and 1.34 [KHz] can be 

addressed by using the NEX-LMS controller. 

Since this in-parallel control arrangement implements a normalization procedure based on the off-line 

measurement of the control loop [23], we determine the maximum step size that makes both the SF-cFxLMS 

and NEX-LMS algorithms to quickly converge, before the actual implementation to be carried out. Of 

course, this strategy demands the control loop not to drastically change from the measurement at which the 

normalization was calculated. Hence, we have determined the best step-sizes for the SF-cFxLMS algorithm, 
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as being 1.25e-06 for the first two harmonics, and as being 7.50e-06 for the third harmonic; and as being 5.00e-

05 for both harmonics being addressed by the NEX-LMS algorithm. Whereas that, for the SF-cFxLMS 

algorithm the size of the adaptive filter is equal to the length of the FFT, i.e. 111, the size of the adaptive 

filters for the NEX-LMS has been chosen so as to have the fastest convergence, while keeping the 

computational cost as low as possible. Therefore, the size of the filters was chosen as being 20 coefficients. 

However, since this algorithm implements an internal copy of the coefficients in order to compensate for 

the commutation error [28] for each control unit, we have an overall NEX-LMS computational complexity 

of 80 coefficients for controlling two harmonics. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 6. Real vehicle mock-up: (a) and (b) photograph of experimental testbench,  

(c) and (d) primary stimulus transfer function. 

Figure 7(a) shows the time-domain SQ assessment of the original stationary powertrain-induced noise, in 

bold, blue line, and the controlled noise by using the optimum amplitude gains obtained by the concurrent 

minimization of the metrics. The implemented solutions are illustrated as follows: solution 01, which 

corresponds to the highest Loudness, is plotted with a red line; solution 02, which corresponds to the highest 

Roughness, is plotted with a yellow line; solution 04, which corresponds to the highest Tonality, is plotted 

with a purple line; and solution 05, which corresponds to the global minimum, is plotted with a green line. 

The values of the metrics can be directly compared with the reported ones in Table 2, which are the predicted 

values for the active sound quality control stage. 

Out of the four implemented solutions, only Sharpness and Tonality at Solution 02 were slightly different 

from what was designed at the optimization stage, once that it was expected a reduction on both metrics, 

but Sharpness was slightly amplified, and Tonality was barely reduced. The other solutions have been 

successfully implemented, leading to a new soundscape, which might represent enhanced SQ for different 

groups of customers. 

Figure 7(b) shows the time-domain SQ assessment of the original stationary powertrain-induced noise in 

bold, blue line, and the controlled noise by using the optimum amplitude gains obtained by the concurrent 

maximization of the metrics. The implemented solutions are illustrated as follows: solution 01, which 

corresponds to the lowest Loudness, is plotted with a red line; solution 02, which corresponds to the lowest 
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Roughness, is plotted with a yellow line; solution 3 which corresponds to the lowest Sharpness, is plotted 

with a purple line; and solution 04, which corresponds to the lowest Tonality, is plotted with a green line. 

The values of the metrics can be also directly compared with the reported ones in Table 2. 

Out of the four implemented solutions, Tonality at solutions 01 and 04 was expected to keep constant, but 

an amplification is observed in the time series. Hence, besides those slight differences, it can be said that 

the SQ solutions obtained at the multi-objective optimization stage have been again successfully 

implemented. 

 
(a) 

 
(b) 

Fig. 7. Time-domain SQ assessment of controlled periodic disturbance after implementing solutions from  

(a) minimization and (b) maximization. 

Three remarks can then be derived from the results illustrated in Figs. 7 (a) and (b): 

o Achievement of SQ targets: the time-domain SQ assessments demonstrate that the desired 

soundscapes have been attained, as they were predicted at the optimization stage. This fact reveals 

that, indeed, the proper handling of the amplitudes of the reduced set of harmonics left the periodic 

noise to enhanced SQ scores, as determined by the relevant metrics associated to the auditory stimuli 

of interest. Small differences in the predicted amplitude value, and the amplitude after active 

control, are the origin for the small discrepancies previously discussed. 

o Convergence: the speed of convergence of the SF-cFxLMS algorithm is suitable for the application, 

once that the transition between uncontrolled and controlled soundscapes is smooth, hence the 

listeners inside the cavity will not be surprised by abrupt changes in the vibro-acoustic field. In fact, 

Figs. 7 and 8 demonstrate that the in-parallel arrangement of time- and frequency-domain 

controllers manages to converge in a second, so after two seconds of operation, the controller 

provides the desired soundscape. 

o Stability: provided that the control loop is accurately identified, both the SF-cFxLMS and NEX-

LMS algorithms are able to stably –and quickly- achieve the desired SQ targets, so the resulting 

soundscapes are kept during uptime. 

5 Conclusions 

Although electric motors help in reducing fuel consumption in vehicles, its vibro-acoustic signature induce 

unusual auditory perceptions at the interior of the passenger compartment. This novel propulsion paradigm 

poses a challenge for the NVH specialist, who is already typically faced with the need of providing the 

passengers with a portion of that vibro-acoustic field, such that the resulting auditory stimulus evokes the 

best possible perception of the global quality of the vehicle. Hence, this document has provided the NVH 

engineer with a set of numerical and experimental tools for the design and implementation of sound quality 

targets on pure-electric-driven, powertrain-induced noises, which is able to deal with the rich, broad spectral 
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content of such noises, and also with the variety of worldwide customer standpoints about how a perceived 

technical noise is related to the evoked acoustic image of the machine it is generating. 

Firstly, we were concerned with the diagnosis of the induced soundscape by the operation of the 

pure-electric-driven powertrain. Particularities in this kind of soundscapes are mainly due to the audible 

harmonics radiated by the motor driver, which makes the Sharpness and Tonality metrics to be more 

apparent than in the soundscape typically induced by internal combustion engines.  

Investigation of better sound quality conditions for the given noise has been carried out by solving 

a multi-objective optimization problem, which associates relevant sound quality metrics to the kind of 

periodic noises of interest, like Loudness, Roughness, Sharpness, and Tonality. Multi-objective evolutionary 

algorithms e.g. NSGA-II and SPEA2, provide the NVH engineer with an optimal set of possibilities for 

enhancing the sound quality of the disturbance, by means of new amplitude values a reduced set of 

harmonics should take.  

Implementation of optimized sound quality targets can be accomplished by using active sound 

quality control algorithms, which should feature the capability of independently dealing with the amplitude 

of the optimized harmonics, good convergence characteristics, and stability. Computer simulations of the 

implementation stage, and assessment of the controlled outputs, have demonstrated that the designed sound 

quality targets can be stably attained by using an in-parallel arrangement of two state-of-the-art, active sound 

quality control algorithms, namely the SF-cFxLMS and NEX-LMS ones, which proves the feasibility of 

enhancing the sound quality of powertrain-induced noises through the framework and tools presented in this 

document. 
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