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Introduction 

Tonal signals play an important role in many acoustic 

applications such as electric vehicles [1], IT equipment [2], 

music, and household appliances. Psychoacoustic metrics 

such as tonality described in the ECMA 418-2 standard [2] 

are used to adequately evaluate these sounds. This algorithm 

is based on the Sottek Hearing Model [3], which is 

particularly well suited for cases where there is a single 

dominant tonal component. However, some sounds may have 

different tonal components as harmonic/inharmonic 

complexes that may evoke different tonality perceptions. 

To investigate the dependence of perceived tonal loudness on 

complex tones, we conducted listening tests to investigate 

how the tonal loudness of a tonal complex changes by varying 

its individual components. We used the results to verify how 

well the current ECMA 418-2 tonal loudness matches real 

experiments with multiple tonal components, and to identify 

possible improvements in modeling the tonality algorithm 

described in ECMA 418-2, which should approximate the 

tonal loudness for single prominent components without 

noise. Additionally, we also evaluated the ISO 532-1 and   

ISO 532-3 loudness standards. 

Sottek Hearing Model 

The quantities in the ECMA 418-2 standard are based on the 

Sottek Hearing Model, whose calculation steps for determin-

ing tonality and tonal loudness are shown in Figure 1. 

 

Figure 1: Structure of the Sottek Hearing Model. 

The basic idea is to separate the tonal and noise components 

of sounds using a windowed autocorrelation function and then 

weight them with the loudness of the signal. This model 

accounts for many aspects of auditory perception [2,3] such 

as the filtering of the outer and middle ear, the auditory filter 

bank, and the compressive non-linearity of the human 

auditory system. Tonal loudness was added in the most recent 

edition of the standard and is particularly well suited for 

handling signals with sub-critical bandwidth, as shown in [4]. 

Methodology 

To verify whether current loudness standards can model the 

loudness of multi-tone signals, we performed a listening test 

to evaluate the loudness of individual components of a signal. 

We started from a reference signal composed of a 

fundamental frequency 𝑓0 and 𝑁 harmonics as integer factors 

of 𝑓0, all having the same level. We then modified this signal 

by changing the amplitude of only one of these harmonics, 

and asked subjects to change the level of the modified signal 

until both signals were perceived to be equally loud. We used 

the sounds in Table 1 with an initial value of 40 dB for each 

single component. 

Table 1: Properties of generated sounds, 3xI and 9xI means 

that the I. harmonic was multiplied by the factor 3 or 9, cor-

responding to a level increase of 9.5 and 19 dB, respectively. 

𝒇𝟎 Number of 

harmonics 

Changes in single 

components 

 700 Hz 2 [3xI, 9xI] 

 700 Hz 4 [3xI, 9xI] 

1000 Hz 2 [3xI, 9xI] 

1000 Hz 4 [3xI, 9xI] 

For the listening test, we used the SQala software from HEAD 

acoustics and calibrated playback with a digital equalizer 

(HEAD acoustics LabP2 frontend) and Sennheiser HD 650 

headphones. During the test, subjects had to adjust a slider 

with 0.5 dB steps that controlled the level of the modified 

signal with the aim of making it as loud as the reference 

signal. The interface of the listening test is shown in Figure 2. 

 

Figure 2: Visual interface of the listening test, in which 

subjects had to adjust a slider so that the two signals would 

be perceived to be equally loud. 

A total of 16 subjects (9 male and 7 female) participated in 

the test with ages ranging from 23 to 56 years, all with self-

reported normal hearing. 
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To improve the analysis, we applied a Bayesian framework to 

the results [6]. The reason for this is that listening test results 

are usually presented as means with corresponding standard 

deviation/confidence interval. This approach is equivalent to 

optimizing the following probability: 

𝑃( 𝐸 | 𝜇, 𝜎)   (1) 

Where 𝐸 is the experimental data and 𝜇 and 𝜎 are the mean 

and standard deviation, respectively, of the parameters under 

investigation (in this case, for example, the actual level 

change required). This means “the probability of the 

experiment given the parameters”, and optimizing this value 

can have many drawbacks for data with a small number of 

samples [7], a common condition in listening tests. Such an 

approach might be like believing that a restaurant rated with 

5/5 stars online, but only by 2 persons, really has 5 stars. We 

believe that researchers often look for the parameters that 

maximize the following probability: 

𝑃( 𝜇, 𝜎|𝐸)   (2) 

This is “the probability of the parameters given the data” and 

contains all known information about the parameters 

themselves, representing the full state of knowledge of the 

researchers while being more robust to a small number of 

samples. To obtain Eq. (2) from Eq. (1), we can directly apply 

Bayes’ rule [6]: 

𝑃( 𝜇, 𝜎|𝐸) =  
𝑃( 𝐸 | 𝜇, 𝜎)𝑃(𝜇, 𝜎)

𝑃(𝐸)
 

  (3) 

Here, we need to define a “prior” 𝑃(𝜇, 𝜎) that contains all the 

information we may have about the parameters themselves. 

For our experiment, we consider a Gaussian prior with a mean 

value equal to the level at which the signal energy of the 

reference and original signals would be equal (since most 

loudness models base their predictions on signal energy), and 

a standard deviation of 2.5 dB, which means that we are 

confident that about 95% of the average results will not be 

more than 5 dB above or below it. We emphasize that this 

prior was set before any result was obtained. 

Results 

The result for 𝑓0 = 700 Hz with two harmonics is shown in 

Figure 3 and with 4 harmonics in Figure 4. For 𝑓0 = 700 Hz, 

the results of all models are within the 95% credible interval 

of the experiment, which shows that no additional 

modifications are needed. 

 
Figure 3: Listening test and model results for the case of 

𝑓0 = 700 Hz with two harmonics. A sound labeled “700Hz 

1,3x2.hdf” consists of a fundamental at 700 Hz with a level 

of 40 dB and a harmonic at 1400 Hz with a level of 49.5 dB. 

 

Figure 4: Listening test and model results for the case of 

𝑓0 = 700 Hz with four harmonics. 

The results for 𝑓0 = 1000 Hz are shown in Figures 5 and 6, 

and we also have very good agreement of all models with the 

listening test data with one value outside the 95% credible 

interval for the Sottek Hearing model, one for ISO 532-1 and 

two for ISO 532-3. However, since these are only single 

results, it is unlikely that any additional modification of the 

methods is really needed, and we can say that any of the three 

methods can handle such multi-tone components well. 

 

Figure 5: Listening test and model results for the case of 

𝑓0 = 1000 Hz with two harmonics. 

 

Figure 6: Listening test and model results for the case of 

𝑓0 = 1000 Hz with four harmonics. 

We evaluate the mean absolute error of all methods and show 

the result in Table 2. 

Table 2: Mean absolute error of the methods for the listening 

test data. 

Method Mean absolute error [dB] 

Sottek Hearing Model 0.60 

ISO 532-1 0.77 

ISO 532-3 0.69 
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We see that, similar to the images, there is no relevant 

difference between the methods, with the tonal loudness of 

the Sottek Hearing Model being slightly better than the other 

two, followed by ISO 532-3. 

For the tonality analysis, we generally get worse results, 

which is to be expected since it was not designed to process 

more than one prominent tonal component. For illustration, 

we show in Figure 7 the result for 1000 Hz with two 

harmonics. 

 

Figure 7: Listening test and tonality results for the case of 

1000 Hz with two harmonics. Here we see that the tonality 

cannot model the listening test results well since it was 

designed to consider only a single prominent tonal 

component. 

One approach to improve the tonality algorithm is to sum the 

tonality of individual critical bands belonging to the same 

component, as presented in a paper presented at ICA 2019 [5]. 

The idea is that if a component occurs in more than one 

critical band, its total energy should be the sum of all bands in 

which it occurs. This modification was proposed at the ICA 

2019 to improve the frequency resolution of the method, but 

it has the property that the tonal loudness and tonality of 

components, without noise, become identical regardless of the 

number of components, and thus our listening test results 

would match exactly as well as the new tonal loudness in the 

EMCA 418-2 standard. 

Effect of a Bayesian analysis 

In our test, we found our Bayesian prior is very weak, so the 

result barely changed. However, we would like to illustrate 

how the results would change if the number of participants 

was less than 16. To this end, we generated various 

permutations of the participants and calculated the average 

improvement in the results by using a prior that compares a 

smaller subset of participants to the full set. This result can be 

seen in Figure 8. We note that in the case with priors, we have 

a slight improvement for all 2 harmonics and a slight 

worsening for all 4 harmonics cases, although both have a 

very small magnitude around 0.1 dB. The reason for this is 

that the energy prior overestimates the change for the                  

4 harmonics cases and there were no strong outliers in the test. 

This result also indicates that the better the prior, the larger 

the expected improvement. 

 

Figure 8: Effect of the prior on the result as a function of the 

number of participants. 

Conclusions 

We have shown that the current tonal loudness of the Sottek 

Hearing Model, standardized in ECMA 418-2, can model the 

loudness of multi-tone signals with significant accuracy and 

slightly better than the current ISO 532-1 and ISO 532-3 

standards, although both ISO standards can also represent the 

data well. However, the tonality method needs to be modified 

to account for the influence of signals with multiple prominent 

components, as it was not designed for these types of signals. 

A solution to improve the tonality method, which would give 

virtually the same single value as tonal loudness for pure 

tones, was presented in a paper published at ICA 2019 [5] and 

consists of summing the specific tonality values of the 

individual critical bands belonging to each individual tonal 

component. 
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