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Introduction and aims 

Axial flow fans are widely used for ventilation purposes. As such, these machines 

often operate in the close vicinity of humans, where the emitted noise is an important 

concern. At the same time, noise level regulations are becoming more stringent, to 

ensure human health and comfort. Therefore, noise is an important consideration 

during the fan design process. Some simple guidelines and approximations have been 

available for decades considering fan noise. In recent years however, much research 

has been devoted to analysing and understanding the noise generation mechanisms, 

as basis for elaboration of refined models for noise prediction. 

Phased array microphone technology has become invaluable, as it allows for the 

mapping of the spatial distribution of noise sources. These source maps contain a 

large amount of information, however, interpreting them is challenging. One 

difficulty lies in the large number of maps, as beamforming produces a map for each 

analysed frequency band. Several of these should be investigated and interpreted 

simultaneously. Another difficulty is due to limits in spatial resolution: source zones 

are spread out, and it is often difficult to determine, whether such a zone represents 

one noise source, or is the effect of more mechanisms. This phenomenon becomes 

more pronounced at low frequencies. Furthermore, the maps are often analysed using 

the subjective judgement of the researcher. This process takes a long time, and its 

results are occasionally ambiguous. 

The aim of the PhD research presented herein was to revise the methodology of 

source map analysis, and elaborate on objective approaches for an algorithmic, 

reproducible evaluation process.  
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Results 

Beamforming measurements were carried out using the Rotating Source Identifier 

method [1] for the investigation of axial fan noise. An approach was proposed for 

investigating the circumferential noise source distribution on the rotor. A filtering and 

clustering procedure was developed for the algorithmic evaluation and 

characterisation of beamforming maps. Unintended effects from the measurement 

and processing, such as non-uniform inflow, strut noise, and blade irregularities, are 

removed by a filtering process. Furthermore, the uncertainty of source localisation 

due to point spread function effects are also reduced. The remaining information is 

presented in the form of data points, characterising the most significant broadband 

noise sources on the tip radius of the rotor, by their angular location and their 

frequency. Following that, the fuzzy c-means clustering method [2] was applied onto 

the data set in order to identify sources that correlate to distinct noise generation 

mechanisms. This is based on two assumptions. First, since broadband sources are 

sought for, the data points that belong together, being results of the same noise 

mechanism, should have similar frequency values. Second, as the noise is assumed 

to be caused by a flow at a specific part of the blade, the data points are expected to 

have similar angular coordinates, as well. 

In order to handle the periodic nature of the blade passages, and the related acoustic 

source field, the fuzzy c-means algorithm was extended to take this periodicity into 

account. The Xie-Beni index [3], being necessary to quantify the quality of 

clustering, was similarly adapted for data sets in periodic dimensions. To determine 

the parameters of the clustering approach, a systematic sensitivity study was 

proposed. This allows for choosing the analysis parameters in a reproducible and 

algorithmic way. The capabilities of the approach were illustrated on a case study, 

where the noise generation mechanisms of a low-speed axial fan were investigated.  
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Theses 

The fuzzy c-means clustering method (FCM) [2] has been modified to account for 

periodicity in the data set, occurring here due to the repeating blade passages. This 

method can be used for clustering data sets that have exactly one periodic dimension. 

FCM is sometimes used for processing measurement data [4], [5], but this is its first 

application onto turbomachinery beamforming maps. There are clustering 

algorithms available for periodic data sets [6], [7], but this is the first FCM algorithm 

capable of handling periodic and non-periodic dimensions at the same time. 

Thesis 1 

The following fuzzy c-means clustering method [2] has been developed for data sets 

having exactly one periodic dimension. The required inputs are: normalised data 

points 𝝃𝑖 ∈ [0, 1], fuzzifier 𝑚, number of clusters c, and the period offset vector 𝚷. 

In the periodic dimension, the data is to be normalised by P. Clustering is achieved 

using the algorithm shown in Fig. 1. and Eqs (1.1 – 1.6) with expression (1.7) 

describing the termination criterion of the iteration. 

 

 ∑ 𝑤𝑖,𝑗

𝑐

𝑗=1
= 1    ∀ 𝑖 (1.1) 

 

 𝝁𝑗 =
∑ 𝑤𝑖,𝑗

𝑚  (𝝃𝑖 + 𝑘𝑖,𝑗𝚷)𝑁
𝑖=1

∑ 𝑤𝑖,𝑗
𝑚  𝑁

𝑖=1

 (1.2) 

Here 𝑘𝑖,𝑗 tracks whether the point is in the present period, or the preceding one; its 

value is determined from Eq. (1.3). 

 𝑘𝑖,𝑗 = {
−1, 𝑑𝐴(𝝃𝑖 , 𝝁𝑗 − 𝚷) < 𝑑𝐴(𝝃𝑖 , 𝝁𝑗)

0, otherwise
 (1.3) 

 

In Eq. (1.3), 𝑑𝐴 is the distance metric weighted by diagonal matrix 𝑨, given in Eq. 

(1.4). The diagonal elements of 𝑨 give the weights of the corresponding dimensions 

for the distance norm. 

 

 𝑑𝐴(𝒙, 𝒚) = √(𝒙 − 𝒚)T𝑨(𝒙 − 𝒚) (1.4) 

 

The membership values are calculated using Eq. (1.5). 

 



5 

 

 

 
Fig. 1. The fuzzy c-means clustering algorithm for hybrid data 

 

 𝑤𝑖,𝑗 = (∑ (
𝑑𝐴,𝑃(𝝃𝑖, 𝝁𝑗)

𝑑𝐴,𝑃(𝝃𝑖 , 𝝁𝑘)
)

2
𝑚−1

𝑐

𝑘=1

)

−1

 (1.5) 

Here 𝑑𝐴,𝑃 is the weighted, periodic distance norm, given by Eq. (1.6). 

 

 𝑑𝐴,𝑃(𝝃𝑖 , 𝝁𝑗 − 𝚷) = min{𝑑𝐴(𝝃𝑖 , 𝝁𝑗 − 𝚷), 𝑑𝐴(𝝃𝑖 , 𝝁𝑗)} (1.6) 

 

Convergence is reached when, for step 𝑠, the expression (1.7) becomes true. Here the 

Frobenius norm is used. 

 ‖𝑾(𝑠) − 𝑾(𝑠−1)‖
𝐹

< 𝜀 (1.7) 
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Table T1.1: Notations 

A weighting matrix [1] 

c number of clusters [1] 

d distance norm [1] 

dA weighted distance norm [1] 

dA,P periodic, weighted distance norm [1] 

i data point index [1] 

j cluster index [1] 

k period tracking variable [1] 

l cluster index [1] 

m fuzzifier [1] 

N number of data points [1] 

𝚷  period offset vector, unit vector in the periodic dimension [1] 

P period [1] 

s iteration step [1] 

x arbitrary variable [1] 

𝑋𝐵𝑃  periodic Xie-Beni index [1] 

y arbitrary variable [1] 

w membership value [1] 

𝑾(𝑠)  matrix composed of membership values [1] 

𝑾(𝑠−1)  matrix composed of membership values, from previous iteration step [1] 

𝜀  iteration termination criterion [1] 

𝝁  cluster centre [1] 

𝝃 data point [1] 

 

Related publications: [R1], [R2] 

 

A feature of the fuzzy c-means method is that the number of clusters, c, has to be 

specified in advance. This is often achieved by testing various c values, and choosing 

the best one. The Xie-Beni index (XB) [3] is often used [8], [9] to assess the quality of 

clustering. The XB index has also been modified to account for the periodicity of the 

data set. 
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Thesis 2 

The periodic Xie-Beni index (XB𝑃) can be applied to quantify the quality of 

clustering, defined by Eq. (2.1). The quantities here are the same ones referenced in 

Table T1.1. 

 

 XB𝑃 =
∑ ∑ 𝑤𝑖,𝑗

𝑚  𝑑𝐴,𝑃
2 (𝝃𝑖 , 𝝁𝑗)𝑐

𝑗=1
𝑁
𝑖=1

𝑁 min
𝑗≠𝑙

𝑑𝐴,𝑃
2 (𝝁𝑗 , 𝝁𝑙)

 (2.1) 

 

The periodic distance norm 𝑑𝐴,𝑃 is given in Eq. (2.2). 

 

 𝑑𝐴,𝑃(𝝃𝑖 , 𝝁𝑗 − 𝚷) = min{𝑑𝐴(𝝃𝑖 , 𝝁𝑗 − 𝚷), 𝑑𝐴(𝝃𝑖 , 𝝁𝑗)} (2.2) 

 

The 𝑑𝐴 is the weighted distance metric for two arbitrary points is given in Eq. (2.3). 

 

 𝑑𝐴(𝒙, 𝒚) = √(𝒙 − 𝒚)T𝑨(𝒙 − 𝒚) (2.3) 

 

Related publications: [R1], [R2] 

 

The clustering approach in Theses 1-2 have been developed to allow for the 

systematic analysis of axial fan beamforming maps. This can be achieved using the 

algorithm proposed in Thesis 3. To our best knowledge, this is the first attempt at 

applying clustering for turbomachinery beamforming maps. 

Thesis 3 

Broadband aeroacoustic noise sources can be identified in beamforming maps of an 

axial fan taken in a co-rotating frame at a given radius, using the following approach. 

1. For each investigated frequency band f, the quantity p analogous to 

dimensionless sound pressure is extracted along a path described by the 

circumferential angle 𝜑: 𝑝(𝜑, 𝑓) = 10(𝐿(𝜑,𝑓)/20) at the selected radius, 

where L is the beamform level [dB]. 

2. A spatial Fourier transform is applied onto each 𝑝(𝜑, 𝑓) circular 

distribution. The obtained modes are filtered using a significance criterion: 

only modes whose amplitude is larger than a previously defined l limit are 

retained. 
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3. Out of the retained modes, data points are assembled, being [𝛽, 𝑓] points, 

where 𝛽 is the angular location of the maximum, calculated from the phase. 

These data points are interpreted as significant sound sources. Their 

coordinates are normalised in the frequency and in the angular dimension. 

4. Periodic fuzzy c-means clustering is applied onto the data set, and clusters 

with the optimum cluster number c are determined. 

5. The resulting clusters represent the dominant noise sources. 

 

Table T3.1: Notations 

f frequency [Hz] 

l amplitude limit in filtering [1] 

L beamforming level [dB] 

p dimensionless sound pressure-like quantity [1] 

𝛽  angular position [rad] 

𝜑  circumferential angle [rad] 

 

 

Related publications: [R1], [R2], [R3], [R4], [R5], [R6] 

 

The aforementioned approach contains the following parameters: the number of 

clusters c, the fuzzifier m, the distance weight d, and the limit used in Fourier filtering 

l. The novelty of Thesis 4 is that it provides guidelines for choosing these parameter 

values in an objective, reproducible manner. 

Thesis 4 

The necessary parameters for the periodic fuzzy c-means clustering can determined 

in an objective manner in the following way. 

1. The largest amplitude with a fractional harmonic wave number ℎ = 𝑛/𝐵 

is set as significance criterion for filtering Fourier modes. Here 𝑛 is the 

mode number of the spatial Fourier expansion, while 𝐵 is the number of fan 

blades. 

2. Angular coordinates of the data points are to be normalised by the blade 

spacing, 2𝜋/𝐵. 

3. Frequency coordinates of the data points are to be normalised using Eq. 

(4.1). 

4. The fuzzifier and the dimension weights are to be investigated in a 

sensitivity study regarding the periodic Xie-Beni index XBP, and the 

optimal number of clusters is to be determined. 
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5. The number of clusters is to be investigated in the range 2 ≤ 𝑐 ≤ √𝑁. 

6. The effect of the fuzzifier 𝑚 is to be investigated for 1.4 ≤ 𝑚 ≤ 2.2. The 

range of 𝑚, where changing 𝑚 does not affect the optimum c – as shown 

by the minimum of XBP – is to be identified, and the midpoint of that range 

is to be chosen. If the range includes 𝑚 = 2, or no such range is found, 

𝑚 = 2 is to be chosen. 

7. The effect of the dimension weight is to be investigated in the range 0.5 ≤
𝐴 ≤ 1.5. The range of 𝐴, where changing 𝐴 does not affect the optimum c 

– as shown by the minimum of XBP – is to be identified, and the midpoint 

of that range is to be chosen. If the range includes 𝐴 = 1, or no such range 

is found, 𝐴 = 1 is to be chosen. 

8. The 𝑐 value, where XBP reaches is minimum with the previously 

determined 𝑚 and 𝐴 values is to be chosen. 

 

 𝑓 =
𝑓 − 𝑓min

𝑓max − 𝑓min

 (4.1) 

 

Table T4.1: Notations 

A dimension weight [1] 

B number of blades [1] 

c number of clusters [1] 

𝑓  frequency [Hz] 

𝑓max  upper limit frequency of the highest frequency band [Hz] 

𝑓min  lower limit frequency of the lowest frequency band [Hz] 

𝑓  dimensionless frequency [1] 

h harmonic wave number [1] 

m fuzzifier [1] 

n mode number [1] 

N number of data points [1] 

XBP periodic Xie-Beni index [1] 

 

 

Related publications: [R1], [R2], [R3], [R6] 
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