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Abstract
The use of hybrid and electric powertrains in passenger vehicles bring unusual narrowband auditory stimuli
into the passengers compartment. When attempting to shape and control those effects, in either a passive or
active approach, it is possible that one aspect of the soundscape is addressed at the expense of evidencing
other unwanted noise components. Therefore, a proper handling of the different disturbance components is
needed, which would take into account the intricate interrelation between those components and its cross
effects on the various sound quality metrics relevant to this application. This paper discusses the perfor-
mance and outcomes of two multi-objective evolutionary algorithms in dealing with the vector optimization
of four sound quality metrics, namely Loudness, Roughness, Sharpness and Tonality, when applied to an
electric motor driven powertrain, as perceived in the passengers compartment of a hybrid vehicle. Some
criteria concerning the identification and optimization of the responsible narrowband components for the
aforementioned psychoacoustic perceptions are given, together with a discussion about the parameters of the
two evolutionary algorithms which guarantee convergence and diversity of solutions over the Pareto set of
trade-offs, in a single solver run. An active sound quality control is implemented through computer simu-
lations for tackling a synthesized stationary powertrain-induced noise, hence demonstrating the viability of
accomplishing the desired sound quality targets devised during the vector optimization stage.

1 Introduction

Most of the active sound profiling decisions is targeted at dealing with Loudness concerns, even if the audi-
tory stimuli is broadband or narrowband [1, 2]. Since Loudness is directly linked to the magnitude function
of auditory stimuli, reducing or equalizing narrowband components in multi-harmonic disturbances would
improve the auditory condition, in the Loudness sense. However, although this elementary perception is
claimed as the most relevant psychoacoustic descriptor [1], the sound quality (SQ) of auditory stimuli would
be better understood and quantified if all the relevant elementary perceptions were taken into account.

Regarding hybrid powertrains, the electric motor plays a central role in propelling that kind of vehicles. Since
the costs of fossil-based fuels increases as their availability is dramatically reducing, automotive companies
tend to hybridize the powertrains, prioritizing the electric propulsion rather than the given by the internal
combustion engine (ICE) [3]. However, such degrees of hybridization of the powertrains influence the habit-
ual perception of the vibroacoustic phenomena [3, 4], once that the auditory signals induced by the ICE are
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no longer continuously present, rather, they are only present at the moment the vehicle needs to be helped by
the range extender [5]. Moreover, unless the ICE that radiates prominent low-frequency harmonics, the elec-
tric motor radiates many high-level harmonic components in the middle/high frequency bandwidths (400 Hz
- 2000 Hz). As a consequence, the auditory image perceived at the interior of hybrid vehicles results dramat-
ically changed. These harmonics are claimed as tonal components [3], which are clearly audible once that
the masking produced by the ICE is no longer present in the operation of the vehicle. Hence, from the point
of view of SQ, attempting to describe this kind of sounds on the basis of Loudness could be insufficient,
rather, metrics such that Sharpness and Tonality should be included in this auditory scenario. Eventually,
modulations generated by the interaction of nearby harmonic components in such auditory stimulus can be
accounted for by including Roughness to the problem.

This paper intends to apply a multi-objective SQ optimization problem in multi-harmonic disturbances in-
duced by the operation of electric motors in passenger vehicles. Frequency-domain Loudness, Roughness,
Sharpness and Tonality models are arranged in a vector form, and multi-objective evolutionary algorithms
(MOEA) such that the non-dominated sorting genetic algorithm (NSGA-II) [6] and the strength Pareto ge-
netic algorithm (SPEA2) [7] are used for its optimization. The minimization of the elementary perceptions
involved in the SQ of the synthesized multi-harmonic disturbance is analyzed by means of multi-objective
optimization metrics such Pareto spread [6], hypervolume [8, 9] and set coverage [8]. The most valuable
benefit of optimizing SQ in a multi-objective form is that of the possibility of obtaining diverse solutions
that are optimum for all the objectives, even in a single solver run. It will be shown that the computational
tractability of the proposed optimization problem depends largely on the proper choice of a reduced set
of harmonic components in the disturbance, such that they are the most involved in the inducement of the
elementary perceptions.

Organization of this paper is as follows: Section 2 introduces the SQ vector optimization problem together
with two single-objective formulations for describing SQ in auditory stimuli. Optimization of these math-
ematical formulations applied in a stationary hybrid powertrain disturbance is also shown in these section.
Implementation of two solutions chosen from the trade-off fronts by means of an ASQC algorithm is shown
in Section 3. Conclusions are presented in Section 4.

2 Vector optimization of SQ in hybrid powertrain disturbances

This section presents three mathematical formulations that associate Loudness, Roughness, Sharpness and
Tonality, to the amplitudes of the harmonics that compose electric motor disturbances. Optimization of
single-objective functions such that Sensory Pleasantness and the weighted sum of metrics is carried out
by using genetic algorithms (GA), whereas the vector optimization is performed by using multi-objective
evolutionary algorithms (MOEA). The minimization of the SQ of a stationary, synthesized electric motor
noise extracted from a real run-up is examined through this section, with the aid of MOEA performance
metrics. Global minimum criterion solutions [10] obtained from the multi-objective optimization will be
implemented over the disturbance by means of an ASQC algorithm in the following section.

2.1 Existing formulations for describing SQ

Sensory pleasantness

Sensory Pleasantness is a compound metric that is influenced by Loudness, Roughness, Sharpness and Tonal-
ity [11]. Sensory pleasantness P is calculated through the following equation:
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where the subscript (0) indicates reference values for each of the elementary perceptions.
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Weighted sum of metrics

Some authors [1, 12–14] have proposed linear combinations of the elementary perceptions for describing the
SQ of auditory stimuli. The metrics are combined in a formulation with the following general form:

Y = wT F, (2)

where F ∈ RO is a vector composed by O metrics and w ∈ RO is a vector that weights the relevance of each
metric in a given auditory scenario.

From the point of view of optimization, this kind of formulation owns three interesting advantages over
Sensory pleasantness, namely, (i) the possibility of incorporating other relevant metrics in a specific auditory
condition, rather than merely L, R, S, and T , (ii) the advantage of incorporating decision-maker preferences
by using weights, and (iii) the possibility of minimizing/maximizing all or some of the associated elemen-
tary perceptions. On the other hand, the implementation of weights should be carried out carefully, as this
possibility is indeed a means of constraining the optimization towards a single result.

2.2 Vector optimization problem

Based on the appropriateness of the weighted sum of metrics for optimization purposes, we propose the
multi-objective optimization of the elementary perceptions, arranged in a vector that is a function of the
amplitudes of stationary multi-harmonic auditory stimuli. The proposed multi-objective SQ optimization
problem is then formulated as follows:

min
a

F = [f1(a) f2(a) f3(a) f4(a)]T (3)

subject to : a
(L)
j ≤ aj ≤ a

(U)
j , j = 1, 2, ... , P,

where a ∈ RP is the vector of amplitudes belonging to the decision space; the superscripts {L, U} refer to
the lower and upper bounds for the jth decision variable, and all the other entities have already been defined
in Eq. 2. As discussed in the Introduction of this paper, the relevant metrics being associated to the electric
motor noise are Loudness, Roughness, Sharpness, and Tonality, as a function of (i) level of the harmonics;
(ii) interactions among the harmonics that could produce modulation; (iii) high-frequency harmonics; and
(iv) claimed presence of tonal components in the 400 - 2000 Hz bandwidth [3]. Hence, F = [N, R, S, T ]T

in Eq. 3.

Compared with the computational burden for optimizing Sensory Pleasantness or the weighted sum of met-
rics, the expense that comes from solving the optimization problem as stated in Eq. 3 is worth, as diverse
solutions are obtained in a single solver run. Also, solving the SQ problem as proposed dispenses the a priori
choice of weights that constrains the optimization towards a single solution.

Since we have associated four objective functions to the SQ of the electric motor noise, it is expected that
a set of diverse solutions can be obtained, provided that these functions be conflicting [10]. According to
Deb [10], two central objectives are targetted when optimizing multi-objective problems: (i) to find a set
of solutions such that it is actually the optimum Pareto front, and (ii) the found Pareto set should cover the
entire trade-off front. In this paper we have chosen two MOEAs, namely the Non-dominated sorting genetic
algorithm (NSGA-II) [6] and the Strength-Pareto genetic algorithm (SPEA2) [7, 8], which are claimed to be
effective in accomplishing such objectives, whereas their computational burden is relatively low.

Reduction of the decision space: sensitivity analyses

Let d[n] ∈ R be a multi-harmonic disturbance at the discrete time n ∈ Z with H harmonics, i.e.:

d[n] =

H∑
i=1

aie
(2πωi[n]+θi), (4)
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where {ai, ωi, θi} are the ith element of the vectors of amplitudes a ∈ RH, frequencies f ∈ RH with
f = (2π/ω), and relative phases θ ∈ RH. For providing an approximation of the size and complexity of
the decision space to be explored, an extensive search could be proposed for attempting to optimize the SQ
of d[n]. The number of function evaluations that would be necessary for exploring a portion of the decision
space is #funEval = res(nrOfV ariables), where res is the number of discrete amplitude values that a given
harmonic can take, in between determined bounds. Hence, as H becomes large, the extensive search becomes
prohibitively large, as well. Consequently, the choice of the decision variables becomes a fundamental step
before the proposed optimization problem could be solved.

We therefore propose four sensitivity analyses for finding the responsible harmonic components in d[n] that
cause the higher variations in each elementary perception, on the basis that they are independent from each
other, as follows:

1. Bounds and resolution of the sensitivity analyses: A set of bounds must be provided for each har-
monic or set of harmonics being tested. We propose the design of the bounds, in accordance with
the conventional ASQC operation modes [2, 15–18]: (i) reduction mode; (ii) equalization mode; (iii)
amplification mode and (iv) inactive mode. When mode (i) is active, a certain harmonic would theo-
retically go to zero dBSPL, and when mode (ii) is active, the amplitude of the harmonic would go to
twice its initial value, i.e. ai + 6 dBSPL. Hence, we adopt the following bounds: [0, ai + 6] dBSPL
for performing both sensitivity analyses and multi-objective optimization routines. Regarding the res-
olution, it has been found that 10 discrete amplitude steps are enough for finding both Loudness and
Sharpness responsible harmonic components. Since Roughness analyses are computationally more
involved, the resolution can be reduced to no less than 5 discrete steps.

2. Loudness: Calculate Loudness of the whole disturbance by varying the amplitude of one harmonic at
a time, in between its bounds.

3. Roughness: Since Roughness is proven to be caused by interactions of three nearby harmonic com-
ponents [19–21], calculate the metric of the whole disturbance by varying the amplitude of three
harmonics in between their bounds, whose distance in frequency does not exceed 500 Hz. Accord-
ing to the definition of this phenomenon [11, Ch. 11], the most notorious Roughness happens when
fmod ≤ 250 Hz, which leads to suggest 500 Hz as the maximum allowed frequency distance among
the selected harmonics.

4. Sharpness: Similar as Loudness, calculate Sharpness of the whole disturbance by varying the ampli-
tude of one harmonic at a time, in between its bounds.

5. Tonality: This metric does not require further sensitivity analyses, once that the Weighted Spectrum-
Pitch pattern [22, 23] can be directly taken. The WS pattern already contains the strengths of each
tonal component, and therefore it is possible to extract the more involved one in the generation of the
metric.

The responsible harmonic components can then be obtained by determining the highest variations in each
elementary perception. Hence, the set of decision variables can be composed by six harmonics, at most. It
is worth pointing out that the sensitivity analyses are mainly proposed for three reasons: (i) guaranteeing
computational tractability of the multi-objective optimization, (ii) for obtaining wide action ranges in each
elementary perception, and (iii) for reducing the controller effort in the ASQC stage, as dealing with a few
harmonics, instead of tackling all of them, leads to reduce the energy requirements for active control [2].
Indeed, small amounts of harmonic components would entail no problems for any ASQC algorithm.

2.3 Multi-objective SQ optimization of electric motor noise

A real auditory signal coming from the electric motor in an automotive hybrid powertrain has been acquired
by using a Fs = 102.4 KHz. By using an order-tracking technique described in [24], the run-up has been
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decomposed in 100 stationary operating regimes, each with 50 harmonics. For the sake of illustration, the
time history of the run-up has been downsampled to Fs′ = 25.6 KHz, and hence a spectrogram and the
resynthesized time history of the run-up are calculated and illustrated in Fig. 1. From comparing the time-
frequency diagram to the time history, it can be inferred that the richness of harmonic components in low
operating regimes does not contribute to the level pressure, as much as the reduced set of harmonics seen at
high operating regimes. This behavior suggests that ASQC actions should be applied at these high operating
regimes, if high-level problems are of concern. Moreover, the pressure level increases from roughly 1 Pa to
10 Pa during the 143.44 s of the run-up, which would indicate a noticeably increase of Loudness.

Figure 1: Run-up of an electric motor: (a) spectrogram (window = Hamming; nFFT = lengthWindow = 256;
overlap = 128); (b) time history.

The auditory run-up signal has been assessed in terms of time-domain psychoacoustic metrics. Fig. 2 reveals
the behavior of the elementary perceptions, as the operation regime of the powertrain increases. As it was
inferred from examining Fig. 1, as the operating regime goes from low to high speeds, Loudness of the run-up
also increases (cf. Fig. 2(a)). Similar trends can be observed at Sharpness (Fig. 2(c)) and Tonality (Fig. 2(d)).
On the other hand, Roughness exhibits a decrease, as the operating regime increases (cf. Fig. 2(b)). It is worth
noticing that the subtle increase at Roughness when RPM = 600 goes along with an increase at Sharpness
and Tonality, whereas Loudness exhibit a decrease.

Among many interesting stationary cases observed in the psychoacoustic profiles (Fig. 2), we have chosen the
725 RPM regime for performing optimization and ASQC. Fig. 3(a) illustrates both amplitude and relative-
phase functions of the primary disturbance. After carrying out the sensibility analyses stated in the previous
subsection, we have obtained as the responsible harmonics for the elementary perceptions the following set
of orders: {0.32, 1.12, 1.28, 1.43, 2.55}, i.e. {231.28, 809.47, 925.11, 1040.75, 1850.22} Hz. Order
0.32 accounts for both Loudness and Sharpness; orders 1.12, 1.28 and 1.43 generate Roughness; and order
2.55 is the responsible one for the generation of Tonality in the primary disturbance. Both optimization and
ASQC will be carried out by using this reduced set of harmonic components.

Figure 3(b) illustrates the order cut-ups of the responsible harmonic components. The order 0.32 exhibits
an increase from 400 RPM, till the selected operation regime (725 RPM), which could be interpreted as a
booming sensation, once that the SPL difference between the amplitude of this harmonic and the amplitude
of the following high-level component rapidly grows until 10 dBSPL at the operation regime of interest
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Figure 2: SQ Assessment of the hybrid powertrain run-up (Fig. 1): (a) Loudness; (b) Roughness; (c) Sharp-
ness; (d) Tonality.
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Figure 3: Responsible orders for the psychoacoustic phenomena: (a) order cuts; (b) amplitudes and relative
phases of the selected speed regime (725 RPM).

[3, 24]. Moreover, the order 2.55 reaches its maximum amplitude value at approximately 450 RPM, and it
remains unchanged until the end of the run-up, hence contributing to the tonal characteristic of the electric
motor noise [3].

Multi-objective SQ optimization

According to the active noise control (ANC) line of thought, which implies reduction of the primary dis-
turbance, we attempted to concurrently minimize the associated elementary perceptions to the stationary
disturbance illustrated in Fig. 3(a), by using the vector formulation stated in Eq. 3. Also, minimization of
the single-objective formulations such Sensory Pleasantness (Eq. 1) and the weighted sum of metrics (Eq. 2)
was performed by using a genetic algorithm equipped with the same genetic operators in the MOEAs, and
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their outcomes are compared with the multi-objective optimization ones.

1. MOEA setups: A population size of 100 individuals is used for GA, NSGA-II and SPEA2. Also,
250 generations are allowed for finding the global minimum. For GA, NSGA-II and SPEA2, the im-
plemented genetic operators are set up as follows: (i) selection: binary tournament; (ii) crossover:
simulated binary crossover with a distribution index of 1000; (iii) mutation: polynomial mutation with
a distribution index of 1; (iv) crossover and mutation probabilities of 0.1 and 0.9, respectively. These
probabilities and distribution indexes have been chosen according to the measurement of performance
metrics in a diversity of auditory disturbances. It is worth noting that, since the mutation probability
has been set up higher than the crossover one, MOEA procedures of searching the optimum Pareto
front are dominated by random movements in the objective space. This configuration is mainly moti-
vated by some experienced difficulties in attaining the minimum, given by the presence of local minima
in the optimization problem, and by the complicated interactions among the decision variables, which
are discussed in the following.

2. Multi-objective SQ optimization:

• Objective space: Twenty independent MOEA runs have been carried out for minimizing the SQ
of the primary disturbance. Pareto sets which exhibit the largest Hypervolume metric have been
chosen for being plotted in Fig. 4. Outcomes of the GA when applied to the single-objective for-
mulations are also plotted in the figure, for comparison. NSGA-II outcomes are displayed above
the main diagonal of the scatter-plot matrix in Fig. 4, whereas SPEA2 ones are plotted below the
main diagonal. The visual comparison of the obtained trade-off fronts reveals that SPEA2 con-
verges to better-conformed fronts that NSGA-II, nevertheless, both algorithms properly cover
the minimum boundaries of the search space, which is represented by little grey points in the
aforementioned figure.
Three widely used metrics for assessing the quality of MOEA outcomes, namely Pareto spread
∆ [6], Hypervolume S [25] and set coverage C [8], have been calculated after 20 independent
solver runs. Table 1 summarizes the results of assessing the MOEA metrics, from which the
following observations can be derived:

– Pareto spread: a well-distributed trade-off front should have a ∆ → 0. Therefore, as visually
anticipated, SPEA2 presents better-conformed trade-off fronts than NSGA-II. Among the 20
independent runs, both MOEAs exhibit the same small variability of this metric.

– Hypervolume: concerning the size of the space covered by the MOEAs [8], it has been found
that NSGA-II performs better than SPEA2, although the difference between both algorithms
is relatively subtle. Therefore, it could be stated that the outcomes obtained for any of the
two tested MOEA are, indeed, equally optimal. Furthermore, since the variability of this
metric for each algorithm is very low, the possibility of obtaining a trade-off front at the
same objective space locus is high.

– Set coverage: this metric refers to the amount of non-dominated solutions belonging to a
trade-off set that weakly dominates solutions belonging to other Pareto front. Hence, from
the 20 independent solver runs, it can be observed that only 2% of the obtained solutions by
using NSGA-II weakly dominates solutions obtained by using SPEA2, in the mean sense.
Conversely, only 1% of the SPEA2 solutions weakly dominates NSGA-II solutions, in the
mean sense as well.

According to the calculation of the MOEA performance metrics, it could be asserted that NSGA-
II slightly overcomes SPEA2 in finding the optimum Pareto set, once that the Hypervolume is
better maximized by that MOEA, and it has a higher probability of weakly dominate SPEA2
solutions in the SQ optimization problem. Although SPEA2 has a better property of covering
the converged Pareto front, it appears that NSGA-II attains a better approximation to the true
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Figure 4: Outcomes of NSGA-II and SPEA2 after minimizing the proposed SQ problem for the stationary
hybrid powertrain noise. Outcomes of GA after minimizing Sensory Pleasantness and the Weighted sum of
metrics are provided for comparison. Chosen solutions for being implemented at the ASQC stage are also
shown.

NSGA-II SPEA2
∆ S C ∆ S C

mean std mean std mean std mean std mean std mean std

0.62 0.04 0.20 0.01 0.02 0.01 0.54 0.04 0.13 0.01 0.01 0.00

Table 1: Mean and standard deviation of the MOEA performance metrics

minimum of the vector optimization problem, and this assertion is proven through the Hypervol-
ume and set coverage metrics. Nonetheless, since the metrics difference is rather small, it can
be stated that the obtained trade-off sets by any of the tested MOEAs are the same, in the mean
sense.

• Decision space: Once that good approximations of the true Pareto optimal front are attained in
the SQ vector optimization, it is worth to examine the behavior of the decision variables that
gives rise to the obtained trade-off fronts. Fig. 6 shows the average amplitude of each individual
after the 20 independent runs of the MOEAs, given in dBSPL: Fig. 6(a) shows the NSGA-II
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result, whereas that Fig. 6(b) shows the SPEA2 result. For obtaining the average behavior of
the decision variables, firstly the individuals conforming the optimal trade-off fronts are sorted
according to each objective function, i.e. Loudness, Roughness, Sharpness and Tonality, and
secondly each individual is averaged by using the 20 independent runs.
The visual comparison of Figs. 6(a) and (b) reveals that each MOEA has a particular form of
handling the decision variables for attaining the optimal Pareto front. Notice that, in Fig. 6
the notation of each decision variable has been changed to HN , where N = 1, . . . , 5, which
corresponds to each harmonic described in the previous section. Generally speaking, the obtained
tendencies through SPEA2 appear to be more regular than the obtained ones through NSGA-II.
Some observations can be derived from examining Fig. 6:

– Loudness: Since the variable H1 has been found as the responsible one for this perception,
both MOEAs attempted to vary its amplitude along the entire allowed range. Hence, the
lowest Loudness values are characterized by low amplitude values of H1. However, it is
worth to observe that SPEA2 attempted to keep the amplitude of H3 constant as a function
of the individuals, whereas NSGA-II did manage to reduce the amplitude of all the decision
variables for attaining lowest Loudness values.

– Roughness: H2, H3, and H4 were found as the responsible ones for this perception. How-
ever, neither NSGA-II nor SPEA2 have converged to appreciable decision variable trends re-
garding these variables. While NSGA-II tried to keep the amplitude of H1 constant, SPEA2
did the same with H2. These tendencies suggest that neither H1 nor H2 have ostensible in-
fluence over Roughness, as obtained by both MOEAs. On one hand, NSGA-II found that the
lowest Roughness values are obtained with low H2 and H3 amplitude values, whereas high-
est Roughness are obtained with high H1, H4, and H5 amplitude values. On the other hand,
SPEA2 found that the lowest Roughness values are obtained with low H1 and H4 amplitude
values, whereas highest Roughness are obtained with high H2, H3, and H5 amplitude val-
ues. This unexpected behavior suggest the possibility of attaining the same trade-off fronts
by using different decision variable values, i.e. the mapping of the decision space into the
objective one could be a surjective function.

– Sharpness: H1 is the responsible decision variable for the highest Sharpness variations. For
this case, both NSGA-II and SPEA2 found that the lowest Sharpness values are dominated
by large amplitude levels of H1, which in turn leads to high Loudness values. However,
NSGA-II found that highest Sharpness values are mainly given by small amplitude levels
of H1 and a combination of the other variables, whereas SPEA2 found that highest Sharp-
ness values are mainly given by the interaction of H4 and H5, which are high-frequency
harmonics.

– Tonality: H5 were found as the responsible variable for the tonal perception. Similar as
Roughness, both MOEAs exhibit no apparent trend of this decision variable in generating
Tonality. For NSGA-II, lower Tonality values relates to specific combinations of all the
decision variables, whereas that for SPEA2, only H1, H4, and H5 play a central role in
determining Tonality of the disturbance. On the other hand, NSGA-II obtained that highest
Tonality values are dominated by other than the chosen decision variables, whereas SPEA2
found that highest Tonality values are given by H3.

The complicated interactions among the decision variables represent a challenge for the MOEAs
to converge into the optimum Pareto front. Abrupt changes on some of the decision variables,
while keeping unaltered the other variables (cf. Roughness, Sharpness and Tonality in Fig. 6), to-
gether with the apparent surjectivity of the vector optimization problem would suggest epistatic
interactions among them. Epistasis in GA is referred to the phenomenon describing how one
gene can suppress the phenotypical expression of another gene [26], i.e. the effect that a variable
has on the objective space depends on the values of other variables in the function [27]. This is
readily understandable from the standpoint of psychoacoustic masking, which dictates that the
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Figure 5: Average of the decision variables obtained from 20 independent MOEA runs: (a) NSGA-II; (b)
SPEA2.

presence of a masker can indeed suppress the interaction of other components in an auditory
stimulus, leading to obtain the same psychoacoustic perception, regardless of these other interac-
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tions. Therefore, it is possible that SPEA2 had been screened by maskers, whereas that NSGA-II
managed to vary the decision variables for actually attaining the global minimum.

3. Single-objective SQ optimization: 20 independent GA runs have been carried out for minimizing
both Sensory Pleasantness and the weighted sum of metrics. Fig. 4 shows the 20 outcomes of both
minimizations, where it can be observed that the variability of the Sensory Pleasantness minimum is
larger than the one of the weighted sum of metrics. Furthermore, the minimization of the weighted
sum of metrics by using wT = [0.25, 0.25, 0.25, 0.25]T coincided with the global minimum criterion
applied over the outcomes of the multi-objective minimization. The mean and standard deviation
values of the minimization of Sensory Pleasantness are 0.14 and 1e−03, respectively, whereas that the
mean and standard deviation values of the weighted sum are 11.45 and 5.8e−04, respectively, which
proves the suitability of the weighted sum for optimization, once that the probability of obtaining the
same minimum through minimizing the weighted sum is higher than by using Sensory Pleasantness.

3 Active sound profiling oriented by multi-objective SQ optimization

This section intends to present the implementation of the SQ solutions obtained at the previous section, after
solving the multi-objective SQ problem stated in Eq. 3. An ASQC algorithm, namely the SF-cFxLMS one
[2] is briefly described. Time histories of the controlled output reveal that ASQC algorithms are promising
in attaining SQ targets devised by optimizing the proposed multi-objective SQ problem.

3.1 SF-cFxLMS algorithm

The SF-cFxLMS algorithm is a feedforward controller devised for sound-profiling multi-harmonic distur-
bances. Generally speaking, this algorithm is a frequency-domain implementation of an internal-model
control arrangement, which bases its operation on block-by-block data acquisition, and a frequency-domain
based controller that is robust to impulsive occurrences. The algorithm features the independent amplitude
and/or relative-phase control of various harmonics in a disturbance, which leads to virtually attain any SQ
target given in terms of amplitudes and/or relative phases.
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Figure 6: SF-cFxLMS algorithm [2]: (a) block diagram; (b) amplitude and relative-phase estimation.

The SF-cFxLMS algorithm carries out a N -point FFT once every LTs s, where L is the length of the time
buffers, Ts is the sampling rate given in s, and N = L. The primary disturbance is then estimated in terms
of the amplitudes and relative-phases of the harmonics being targeted for control. The accurate identification
of the secondary path dynamics is needed for properly estimating the parameters of d[n].
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The updating of the controller is executed by minimizing the following criterion, for each Fourier bin requir-
ing control:

min
wk

(Jk[l]) = min
wk

(
l∑

τ=0

ρl−τ
k

(
E′

l[τ ]
)2) (5)

where wk is the kth weight of the adaptive controller; E′
l is the frequency-domain pseudoerror at the lth time

buffer; ρ is a forgetting factor that prioritizes the recent time buffers; and τ is a time-buffer index. After
deriving Jk with respect to the kth control weight, the SF-cFxLMS algorithm can be expressed as follows:

wk[l + 1] = wk[l]− µk∇Jk[l]

= wk[l]− 2µkγk[l], (6)

where γk[l] =
∑l

τ=0 ρl−τ
k (E′

l[τ ]X ′∗
l [τ ]); µk is the kth step-size of the updating algorithm; and X ′∗

l is the
filtered reference signal at the kth Fourier bin, normalized by using the NEX-LMS [18] strategy:

0.01

|Ŝ(ω)|
≤ N(ω) ≤ 0.1

|Ŝ(ω)|
(7)

Algebraic manipulations of Eq. 6 eventually yields in a set of equations that can be calculated on-line:

γk[l] = ρkγk[l − 1] + E′
l[l]X

′∗
N [l]

wk[l + 1] = wk[l]− µkγk[l] (8)

These equations represent the practical implementation of the SF-cFxLMS algorithm. Further details about
amplitude and relative-phase estimation and convergence of the algorithm can be revised in [2].

3.2 Results

The electric motor disturbance is synthesized by using a Fs = 14.8 KHz, together with the optimized
predictions as given by both NSGA-II and SPEA2 algorithms. ASQC decisions oriented by the multi-
objective formulation are computationally implemented by using ideal transfer paths, i.e. {P (z), S(z)} =
{1.0, 1.0}. It is worth recalling that only one solution was extracted from the minimization of the proposed
vector SQ optimization, by using the Global Minimum Criterion. Simulations are carried out by using
Simulink.

Table 2 summarizes the original and optimal amplitude values, and the required control gains for attain-
ing them. Notice that, as long as the amplitudes of each harmonic were constrained to vary between[
0, amp(motor) + 6

]
dBSPL during optimization, all the control gains ga lie in the amplitude modes of

the SF-cFxLMS, i.e ga ∈ [0, 2].

Solution H1 H2 H3 H4 H5
Amp Gain Amp Gain Amp Gain Amp Gain Amp Gain

Motor 89.31 1.00 73.40 1.00 77.70 1.00 68.55 1.00 73.91 1.00
NSGA-II 0.00 3.4e−05 0.00 2.1e−04 54.55 7.0e−02 0.00 3.7e−04 0.00 2.0e−04

SPEA2 53.88 1.7e−02 1.1e−04 2.1e−04 7.90 3.2e−04 6.1e−05 3.7e−04 7.33 4.7e−05

Table 2: Amplitudes and control gains for attaining SQ targets

While Table 2 refers to the SQ decision space of the proposed methodology, Table 3 refers to the SQ objective
space, i.e. the proposed targets for the electric motor disturbance. It is noteworthy observing that the global
minimum criterion obtained from both NSGA-II and SPEA2 algorithms is indeed the same. Subtle differ-
ences of 0.01 asper and 0.01 SP are observed in Roughness and Tonality. Recalling that the objective was
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SQ Metric L [sone] R [asper] S [acum] T [SP]

Motor 58.27 0.52 0.93 0.65
NSGA-II 43.70 0.35 1.00 0.74
SPEA2 43.70 0.36 1.00 0.73

Table 3: Elementary perceptions before and after active sound quality control

to concurrently minimizing the objectives, NSGA-II performed better than SPEA2 in minimizing Loudness,
Roughness and Sharpness, whereas SPEA2 performed better than NSGA-II in minimizing Loudness, Sharp-
ness and Tonality. Also, notice that for providing the optimum elementary perceptions in Table 3, the genes
representing these phenotypes are rather different, as described in Table 2. The subtle difference between the
solutions given by both MOEAs require a large difference in the decision variables which represent them.
Hence, while H1 for NSGA-II equals zero, H1 = 53.88 dBSPL for SPEA2; H3 for NSGA-II is equal to 54.55
dBSPL, whereas H3 = 7.9 dBSPL for SPEA2; and finally H5 for NSGA-II is zero, whereas for SPEA2 H5
= 7.33. H2 and H4 are computationally equal for both algorithms. This fact is another indication of epistatic
interactions among the decision variables.

Fig. 7 shows the implementation of the global minimum criterion. It can be observed that the SF-cFxLMS
algorithm asymptotically converges to the predicted SQ targets elucidated in Table 3, regardless of whether
the chosen solution was obtained by NSGA-II or SPEA2.
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Figure 7: Time histories of the disturbance after implementing the global criteria solution obtained from
minimizing the multi-objective SQ optimization problem.

4 Conclusion

Relevant elementary auditory perceptions for electric motor noise in hybrid vehicles, such Loudness, Rough-
ness, Sharpness and Tonality, have concurrently been optimized, by means of a multi-objective optimization
problem. Multi-objective evolutionary algorithms such as the non-dominated sorting genetic algorithm and
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the strength-Pareto genetic algorithm, have successfully been tested in solving the proposed vector optimiza-
tion problem, provided a set of configuration parameters for the genetic operators, which leads to overcome
inherent challenges of the problem, such as the presence of local minima and epistatic relationships among
the decision variables. Compared with single-objective sound quality mathematical formulations such as
Sensory Pleasantness and the weighted sum of metrics, the valuable advantage of optimizing sound quality
in a real multi-objective form, refers to the possibility of obtaining a set of optimal solutions, rather than
a sole -and possibly biased- solution. Implementation of the global minimum criterion has been computa-
tionally demonstrated, by means of an ASQC algorithm, namely the SF-cFxLMS one, which asymptotically
converged to the desired sound quality targets, provided a set of control gains given by the optimal amplitude
values obtained at the multi-objective optimization stage.
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