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Abstract 

Hydrodynamic cavitation (HC) is a process of generation, growth and collapse of gas/vapour filled 

cavities leading to intense shear and localised hot spots. It is essential to identify the inception and 

extent of cavitation for ensuring appropriate operation of HC devices and processes. In this work, we 

demonstrate for the first time, usefulness of acoustic data acquired using an everyday mobile phone 

for characterising inception and extent of cavitation. Acoustic data from vortex based cavitation 

devices for a range of operating pressure drop (0 – 390 kPa) was obtained. Systematic methodology 

for identifying relevant acoustic features is presented. ‘Audio’ and ‘DSP’ Toolboxes of MATLAB were 

used for processing acoustic data. Three specific trends of extracted features with respect to flow 

rate/ pressure drop across HC device were observed. All the three trends clearly identified inception 

of cavitation between 50 to 80 kPa pressure drop across the HC device. An attempt is made to connect 

features extracted from acoustic signals with the extent of cavitation in terms of per-pass performance 

of HC device. The ‘flatness’ was found to capture influence of HC device scale on performance (in other 

words, extent of cavitation) reasonably well. The methodology is quite general and will be applicable 

for any cavitation device. The presented results will be useful for on-line identification of inception 

and extent of hydrodynamic cavitation. 
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1. Introduction 

Hydrodynamic cavitation (HC) is the formation, growth and subsequent collapse of gas/vapour filled 

cavities in a flowing liquid. The collapse of these cavities leads to intense shear and generation of 

hydroxyl radicals, which can be harnessed for realising desired physicochemical transformations and 

industrially relevant applications1-6. Inception of HC occurs when the low pressure generated in a 

cavitation device approaches vapour pressure of liquid. At very low flow rates through a cavitation 

device (that is at low operating pressure drop conditions across cavitation device), the lowest pressure 

generated may not be sufficiently low to generate cavities. As the flow rate increases, at a certain 

point, the lowest pressure generated within the system may approach vapour pressure leading to an 

inception of cavitation. It is important to identify this condition for ensuring appropriate operation of 

HC devices and processes.  

 

At the inception of cavitation, cavities emerge from single-phase flow and turn it into a multiphase 

flow. The generated cavities collapse when they travel to high-pressure regions and experience 

turbulent pressure fluctuations. The collapse of cavities leads to significant noise7, shear4,7 and 

localised hot spots9. The simplest method to detect cavitation is a visual method provided that the 

cavitation devices and associated piping are transparent10,11. More sophisticated visual techniques 

such as high-speed imaging12, light scattering methods13 and particle imaging velocimetry14 have also 

been used. Visual methods (either manual or with cameras) are not applicable for opaque cavitation 

devices. Other methods for detecting inception of cavitation rely on quantifying the effects of 

cavitation. Various chemical methods (usually termed as dosimetry methods) use radical scavengers 

to quantify generated radicals (indirectly by analysing products of reaction between selected 

scavenger and OH radicals) and therefore can be used for detecting cavitation. The commonly used 

scavengers for cavitation are salicylic acid15, terephthalic acid16, potassium iodide11 and coumarin17. 

Though dosimetry based methods are useful for identifying inception and extent of cavitation, these 

require expensive analytical equipment and are difficult to implement for on-line identification.  

 

It is also possible to detect the cavitation inception by acoustic means18,19. The identification of 

inception via acoustic methods is of interest to maritime industries20 as well as process industries using 

HC devices21,22. These acoustic methods rely on the increased sound levels generated by the collapsing 

cavities. Several studies have described cavitation noise: for example, a tip vortex was reported as a 

‘singing vortex’23 because of the cavitation noise or the cavitation noise from an orifice was described 

as pebbles being rolled through the device24. A hydrophone type of instrument is commonly used for 

the acquisition of noise19,25. Hydrophones are especially useful for underwater acquisition given the 
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requirement of acquisition in propellers and turbines20. Different data processing techniques on the 

time and frequency spectra are used to analyse the cavitation noise: for example, the counting of 

number of peaks larger than certain threshold26-28 and Fast Fourier Transform spectra7,20-22,29,30 are 

used to identify the inception condition. 

 

Wang et al.31 have used hydrophone for acquiring pressure signals for characterising cavitation in 

different Jet Pump Cavitation Reactors (JPCR). Spectrograms within the frequency range 0.1 to 100 

kHz for different flow ratios in a JPCR are reported. Amplitude changes in spectrogram are noted in 

the range 200 to 4000 Hz due to cavitation at different flow ratios. A detailed analysis of extracted 

features is however missing. Tabrizi and Wu32 have investigated noise of a cavitating orifice using CFD 

simulations and fw-h formulations to gain insight into acoustic conditions. They have reported 

comparison between spectra of developed cavitation and super cavitation with qualitative description 

of the spectra. Increase in amplitude with super cavitation is also mentioned. However, method of 

quantifying extent of cavitation is not discussed. Park and Seong33 have compared power spectral 

densities for developed, incipient and non-cavitation conditions in case of tip vortex cavitation (TVC). 

They have mentioned shift of radiated frequency of maximum amplitude downward from 6.5 kHz at 

incipient condition to 4 kHz at developed condition. Song et al.34 have used acoustic approach to 

determine tip vortex cavitation inception. They only consider overall sound pressure level obtained 

through frequency spectra and no detailed analysis of nature of spectra is reported. Hosien and Selim35 

carried out acoustic measurements in the range 31.5 Hz to 31.5 kHz using one-third octave band 

analyser. After analysing sound pressure at various frequency bands they observed that there was a 

clear and marked increase in pressure level at 4 kHz at the time of inception. Potočnik et al.36 have 

used extraction of spectral acoustic features for identifying inception of cavitation in valves.  

 

All of the studies reviewed so far were focussed on inception and not on extent of cavitation. In this 

work, for the first time, we demonstrate a possibility of identifying inception and extent of cavitation 

by analysis of acoustic signals of vortex based cavitation device acquired using microphones of 

ordinary mobile phone. Leveraging significant work on audio signal processing and feature extraction 

(see for example, Sharma et al.37), we have used time domain and frequency domain features 

extracted from acoustic signals to identify the inception and the extent of cavitation. The details of 

the experimental procedure, data processing and obtained results are discussed in the following. The 

presented methodology and results will be useful for identification of inception and extent of 

cavitation in HC devices used in an industrial setting. 
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2. Experiments and acoustic features extraction 

The experimental procedure comprised of two parts: i) to construct a cavitation loop to operate the 

vortex-based cavitation device at different pressure drops ii) to acquire data corresponding to the 

acoustic signals from the cavitation device. These data were analysed using MATLAB R2020b along 

with its ‘Audio’, ‘Signal Processing’ and ‘DSP System’ Toolboxes in order to extract several acoustic 

features. Specific features were further selected in order to decide the relation between inception of 

cavitation and the pressure drop across the cavitation device. The experimental arrangements, data 

acquisition and acoustic feature extraction methods are described in the following. 

 

2.1 Experimental arrangements and data acquisition 

The experimental setup designed for this work was similar to hydrodynamic cavitation device setups 

used in the literature10,38,39. The experimental setup was designed to ensure that cavitation occurred 

only in the device and not in the pump or valves. A frequency controlled pump (Pedrollo 4 CR 80-n) 

was used in this setup (see Fig. 1a). The photograph of the actual experimental setup and the devices 

can be found in previous work40. Pre-calibrated analogue pressure gauges procured from 

Thermosense Direct (P1, downstream of the pump; P2, upstream of the cavitation device and P3, 

downstream of the cavitation device) in the ranges of 0 – 700 kPa; 0 – 400 kPa and 0 – 100 kPa 

respectively were used to monitor the pressure. The vortex based cavitation device manufactured in 

stainless steel was procured from Vivira Process Technologies (www.vivira.in). Further information on 

the dimensions of the vortex based device used in the study may be found in Simpson and Ranade24. 

Systematic experiments were conducted for vortex based cavitation device with the characteristic 

throat diameter of 6 mm. Acoustic data was acquired for operating conditions as pressure drop across 

cavitation device equal to 0, 20, 50, 80, 100, 150, 200, 250, 300, 350 and 390 kPa. Experimental set-

ups similar to that described for 6 mm diameter device were used for operating vortex based 

cavitation devices of throat diameters 3 and 12 mm. Though the internal cavitation device designs for 

all the three devices (with throat diameters of 3, 6 and 12 mm) were geometrically similar, the actual 

construction and thickness of device walls were not geometrically similar. The set-ups and devices 

with 3 mm and 12 mm throat diameter were not designed to suit acquisition of acoustic data as was 

done with the 6 mm throat diameter device. In order to test the applicability of acquisition and analysis 

of acoustic signals to any cavitation devices, data were acquired for devices with throat diameters 3 

mm and 12 mm as well, at operating pressure drop of 350 kPa.  

 

Initially cavitation noise (for a case with pressure drop across the cavitation device of 250 kPa) was 

tracked by the means of a stethoscope (Acoustica Deluxe Lightweight Dual Head Stethoscope, MDF 
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instruments). This stethoscope was used to identify a suitable location on the vortex device (location 

with ‘maximum intensity’) for monitoring cavitation noise for the range of flow rates/ pressure drop 

used in this work.  It should be noted that the location of collapsing cavities is mainly determined by 

the pressure recovery in the axial outlet. The pressure field in the HC device and short lifetime of 

collapsing cavities (less than a millisecond) led to the same measurement location for all the 

experimental conditions considered in this work. A microphone with the aid of an Android phone 

(Redmi Note 4) was then used to acquire the cavitation noise data. The position of microphone is 

shown in Fig. 1b. Operating temperature may influence acoustic signals via changes in sound speed 

and extent of cavitation. De Giorgi et al.30 have reported that colder temperatures (20o C) produced 

more intense noise than warmer temperatures (57o C) for orifice cavitation. Therefore, preliminary 

experiments were carried out over the operating temperature range of 3 to 45oC. Though it was 

confirmed that the noise was most intense at coldest temperature (3oC), the key features and 

extracted inception range was not found to be significantly affected by operating temperature. 

 

 

(a) Schematic of experimental setup            (b) position of microphone on device 

Fig. 1. Experimental set-up. 

 

The relevant frequencies for characterising cavitation noise have been reported as 1 – 44 kHz7,28,41. 

Based on preliminary experiments, data acquisition frequency of 22 kHz was found to be adequate, 

and was used for subsequent experiments. Different mobile apps for acquiring acoustic signals were 

evaluated. It was established that the choice of specific app is not critical and any of the apps may be 

used for data acquisition. The ‘Voice Recorder’ app version 3.0 (downloaded from Playstore: 

https://play.google.com/store/apps/details?id=com.media.bestrecorder.audiorecorder&hl=en_GB&

gl=US) was used for acquisition in this work. The acquisition of acoustic signals of cavitation was 

carried out by operating the cavitation device at desired operating condition after allowing flow to 

stabilise at that operating pressure drop condition. Preliminary analysis of acquired audio signals was 

carried out to evaluate influence of number of sample points (signal duration) used for feature 

https://play.google.com/store/apps/details?id=com.media.bestrecorder.audiorecorder&hl=en_GB&gl=US
https://play.google.com/store/apps/details?id=com.media.bestrecorder.audiorecorder&hl=en_GB&gl=US
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extraction. Multiple samples of 2, 4, 8 and 16 s duration were considered. The variation of extracted 

features within the multiple samples of duration ‘’ s was found to be inversely proportional to the 

considered duration . These results indicated that the features extracted from audio signals of 16 s 

duration would have less than 1% variation in multiple samples. Based on this, it was decided to 

consider audio signal of 20 s duration so that the recording of first and last 2 s duration may be 

discarded while processing the data to avoid end effects, if any. The acquired data was therefore 

trimmed to desired duration (20 s) with the help of an online tool, available on www.mp3cut.net. The 

trimmed data would contain 441,000 data points of amplitude and time, which served as the raw data 

for post processing. Recorded raw data was available as ‘.wav’ files, which were used for further 

processing as discussed in the following section. 

 

2.2 Acoustic features extraction 

Acquired acoustic signals were first manually processed by hearing. There was a clear audible 

indication of cavitation inception showed by an increase in intensity of sound. No pre-processing in 

the form of filtering was carried out in order to avoid any possibility of losing important frequency 

components associated with cavitation. A 50 Hz component corresponding to grid frequency was seen 

to be present in all signals. However, removing that component by using a high pass filter did not 

influence the values of extracted features. Therefore, all the subsequent analysis was carried out 

without any filtering. The relevant MATLAB functions used for feature extraction along with their 

parameters are listed in Table S1 of the supplementary information. A brief description of extracted 

features is included in the following: 

 

Root-Mean-Square (RMS) Level: gives the measure of average intensity of given signal.  

Zero-Crossing Rate (ZCR): It gives the measure of noisiness of a signal.  

Spectrogram: gives the strength of different frequencies in the signal with respect to time. Mel scale, 

which mimics the human ear response and has higher resolution at lower frequency range, was used 

in this work. A window of 0.03 s corresponding to minimum detected frequency of 33 Hz (lower limit 

of audibility) was used for calculating the spectrogram (and other time varying features like ZCR). 

Overlap was set to 0.02 s to compensate for tapering edges of window.   

Spectral Centroid: gives the centre of ‘gravity’ of the spectrum as a function of time. It considers 

weighted contribution of different frequencies in the spectrum and gives the dominant frequency 

component which is a representative of the spectrum.  

Spectral Crest: gives frequency component with highest strength in the spectrum. 

Spectral Flatness: gives uniformity in the strength of different frequency components of the spectrum. 

http://www.mp3cut.net/
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Spectral Spread: is the second central moment of the spectrum indicating spread in the frequency 

distribution around its mean. 

Spectral Skewness: is the third central moment of the spectrum indicating any asymmetry. A perfectly 

symmetrical spectral distribution has zero skewness. Positive skewness indicates longer tail on higher 

side of frequency compared to the mean and negative value the opposite. 

Spectral Kurtosis: is the fourth central moment of the spectrum indicating the outliers of distribution. 

Spectral distribution with higher kurtosis indicates many frequency components present away from 

the major part of frequency distribution. 

Spectral Entropy: gives the measure of order in the spectrum and hence increases with noise. 

Spectral Slope: is the measure of tendency to have less energy at higher frequencies. 

Pitch: gives the fundamental frequency in the signal. 

Mel-Frequency Cepstrum Coefficients MFCC-1 to MFCC-13: These coefficients represent the strength 

of different frequencies (cepstrums) present in the envelope of a log-power spectrum. Such envelopes 

are characteristics of phonemes or unit of unique sounds. MFCCs are informative and have big 

classification potential42.  

Synchrosqeeze Wavelet Transform: is a time-frequency analysis method that is useful for analysing 

multicomponent signals with oscillating modes. Its resolution is better than Fourier Transform and it 

can help detect any mixture of amplitude and frequency modulated signals43. 

 

Out of the features listed above, it was essential to identify key features, which capture relevant 

information about hydrodynamic cavitation. For this purpose, in the first phase, all the features listed 

above were extracted from acoustic signals acquired for two operating conditions: pressure drop 

across cavitation as 20 kPa corresponding to a no-cavitation condition and 250 kPa corresponding to 

a cavitating flow condition. The features, which show distinct variation for these two signals, would 

carry information about cavitation and were identified as key features. The variation between the two 

signals was quantified using the two criteria: One criterion was the percentage change in the average 

value of feature over time. This makes sense as the pressure was maintained constant while recording 

every signal. Time average of the signal would contain some constant part of the signal influenced by 

the pressure/ flow. The other was the minimum distance between the two feature signals obtained 

for these two operating condition as function of time. This would bring out any information in the 

form of phase of signal that is varying with pressure. The distance was calculated using MATLAB 

function ‘dtw’. Acoustic signals for 20 kPa and 250 kPa were used to extract all the listed 24 features 

(see Fig. 2 for some of these features).  
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Mel spectrograms in Fig. 2a of both the signals show frequency on Y-axis with maximum limit set by 

half of the sampling frequency. The amplitude for every frequency component is colour coded with 

blue and yellow set to indicate minimum and maximum. The frequency distribution corresponding to 

the two pressure signals appears to be distinctly different. 250 kPa signal shows dominance of higher 

frequencies near 700 Hz and from 2000 to 4000 Hz. 20 kPa signal shows dominance of lower 

frequencies below 600 Hz. The same fact is reflected as seen from the plots of spectral centroid in Fig. 

2b. It was observed that RMS value which indicates average amplitude was an order of magnitude 

higher in case of 250 kPa signal. The ZCR for both signals varied with time with a clear average increase 

for 250 kPa signal. Spectral entropy differed for the two signals but not considerably whereas pitch 

appeared to continuously vary within the range 50 to 400 Hz for both the signals. Skewness for 20 kPa 

was more, indicating asymmetric frequency distribution whereas for 250 kPa it is decreased indicating 

a more symmetrical spectrum. MFCC-1 also showed a considerable variation. Quantitative comparison 

of all features for the two signals was carried out by considering the two criteria as percentage 

difference in their average value and the minimum distance between the feature signals. Since the 

objective was to choose those features which give clear indication of presence or absence of 

cavitation, the selected features should have higher percentage change ‘AND’ higher minimum 

distance with change in pressure or in cavitation condition. Hence the features were ranked in 

decreasing order of the product of two criteria. RMS, centroid, spread, ZCR, kurtosis, MFCC-3, pitch, 

MFCC-11, skewness, MFCC-1, MFCC-2 and MFCC-8 were ranked as topmost 12 features when 

arranged according to the product of two criteria. The features, pitch and MFCC-11, though ranked 

higher based on this criterion, were not considered further because of apparent overlap (see Pitch for 

example in Fig. 2b). Out of the remaining lower 12 features, flatness was shortlisted based on visual 

inspection. As a result, 10 out of 24 features were shortlisted for studying characteristics of acoustic 

signals. As mentioned earlier, while processing the trimmed acoustic signals, the recording of first and 

last 2 s duration was not considered for analysis to avoid end effects, if any. Features were extracted 

using the acoustic signal of 16 s duration.  
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(a) Mel spectrograms for 2 s duration from signals corresponding to 20 kPa and 250 kPa. 

 

 

(b) Few of the extracted features for 2 s duration from signals corresponding to 20 kPa and 250 kPa. 

Fig. 2. Comparison of extracted features from 20 and 250 kPa signals. 
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3. Results and discussion 

3.1 Pressure dependence of selected features 

The short listed 10 features were extracted from acoustic signals acquired for eleven operating 

conditions (at eleven values of pressure drop across device in the range of 0 to 390 kPa). The variation 

of these 10 features with respect to pressure drop across cavitation device is shown in Fig. 3. 

 

Fig. 3. Influence of pressure drop across device on selected features. 
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In Fig. 3, feature values (on Y-axis) are plotted versus pressure drop across device in kPa (on X-axis). 

The RMS value is negligibly small up to 50 kPa and increases at a steady rate till 390 kPa. This indicates 

a steady increase in the amplitude of audio signal with pressure after 50 kPa. The ZCR is around 50 up 

to 50 kPa and then shows a step change going to 150 and then remaining more or less constant within 

the range of 150 to 200 till 390 kPa. This means that there is a step change in the noise level of the 

audio signal after 50 kPa. The spectral centroid is nearly 500 Hz up to 50 kPa and then shows a step 

change to 2000 Hz after 50 kPa. Beyond 100 kPa, it remains more or less constant. This indicates that 

dominant frequencies in audio signals are around 500 Hz up to 50 kPa and show a sudden change to 

higher frequencies after 50 kPa. The flatness and spread follow same trend as the centroid. This means 

that after 50 kPa the spectrum appears to have more bandwidth and the strength is more evenly 

distributed over different frequency components. Skewness has high value (4-6) till 50 kPa and then 

shows a step change to low value (~1). This means that for pressure drop below 50 kPa, frequency 

distribution is asymmetric. The distribution shifts to a more symmetric one as the pressure drop across 

cavitation device increases. This appears consistent with the shift in centroid and spread after 50 kPa. 

Shift in centroid towards higher frequency and simultaneous increase in the spread will make the 

distribution more symmetric; decreasing the skewness. Kurtosis follows similar trend as skewness. 

The shift in centroid towards higher frequency and increase in strength of signal beyond 50 kPa is 

consistent with the observed decrease of kurtosis. Mel frequency cepstrum coefficients (MFCC1, 2 

and 3) indicate the strength of different frequencies in the envelop of frequency spectrum. Relatively 

flat spectrum will have smaller values for these components. MFCC-2 shows a decrease in its value 

after 50 kPa beyond which the frequency spectrum becomes more flat. MFCC-1 has a negative value 

which indicates that the first component in the envelop has opposite trend (has a central maximum) 

to that of a cosine wave. The magnitude of MFCC-1 shows a step decrease beyond 50 kPa. MFCC-3 

has a negative value which shows step increase in magnitude with pressure drop beyond 50 kPa. This 

indicates increased variations in the envelope of frequency spectrum. Thus, it was observed that there 

was a distinct change in all extracted parameters at pressure value after 50 kPa. Further analysis of 

their behaviour to decide inception range is carried out in the following section. 

 

3.2 Inception range using pressure dependence of selected features 

A closer inspection of the ten plots in Fig. 3 indicates that there are three distinct trends in the 

extracted features with respect to pressure drop across cavitation device. RMS and MFCC-2 show a 

linear change after 50 kPa. RMS value linearly increases and MFCC-2 linearly decreases. ZCR, spectral 

centroid, flatness, spread and MFCC-1 show a step increase after 50 kPa followed by a nearly steady 

value. Spectral skewness, kurtosis and MFCC-3 show initial high value with a step decrease at 50 kPa 
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followed by negligible change. In order to test the three detected trends due to the similarity in 

different features, the features were normalized and plotted together. Fig. 4 shows the three plots. 

 

From Fig. 4a, 4b and 4c, it is clear that profiles of normalized features with respect to pressure drop 

closely follow each other while showing a particular trend. Each plot has two distinct regions; one 

below 50 kPa having solid markers and the other at and above 80 kPa having open markers (dashed 

line indicating trend). It was verified by carrying out pollutant degradation experiments that there is 

clearly absence and presence of cavitation when device is operated at 20 kPa and 250 kPa pressure 

drop respectively40. These two cases distinctly fall in the two different regions whose boundary is 

somewhere between 50 and 80 kPa as observed from the three plots. Thus, all the extracted features 

indicate that inception of cavitation in this vortex based cavitation device occurs when pressure drop 

across the device is somewhere between 50 kPa and 80 kPa.  

 

(a) Normalized RMS and transformed MFCC-2 with pressure. 

 

(b) Normalized Kurtosis, Skewness and MFCC-3 with pressure. 
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(c) Normalized ZCR, Centroid, Spread, Flatness and MFCC-1 with pressure 

Fig. 4. Variation of normalised (∅𝑁 =
∅−∅𝑚𝑖𝑛

∅𝑚𝑎𝑥−∅𝑚𝑖𝑛
) extracted features 

 

3.3 Extent of cavitation 

The extracted features were shown to be useful for identifying inception of cavitation. Apart from 

identifying inception, it will be instructive to explore whether extracted features from acoustic signals 

can provide useful information about the extent of cavitation. In order to explore this, influence of 

operating conditions (pressure drop, flow rate) on extracted features of acoustic signals in the 

cavitating region is revisited and influence of device scale is briefly discussed. 

 

3.3.1 Influence of operating flow rate/ pressure drop across cavitation device 

The preceding sections presented the results based on numerically extracted features from the 

spectral distribution of acoustic signals. It was also worth carrying out some visual inspection of the 

spectrogram to note any particular observation missed through the previous analysis. Mel 

spectrogram used for the previous analysis finds fast fourier transform (FFT) for every window in the 

spectrogram which is localized in frequency and spread in time. This makes it difficult to detect 

multicomponent signals with oscillating modes such as amplitude modulated or frequency modulated 

waves. Wavelet transform decomposes signals by correlating them with different wavelets localized 

in time and frequency. Hence it brings out oscillating modes in a clearer manner as compared to FFT 

in the resulting spectrogram. Synchrosqeeze technique further increases the sharpness of spectrum43. 

Considering these aspects, the synchrosqeeze wavelet transform was used for visual observation of 

spectrogram. Time frames of 0.03 s with an overlap of 0.02 s were used to find synchosqeeze 

transform on the scale of 544 different frequencies within the range of 0 – 11 kHz. The spectra for six 

different signals corresponding to pressures 150 to 390 kPa are shown in Fig. 5. 
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It can be observed that with increasing pressure, the magnitude of different higher frequency 

components becomes stronger. It is also possible to mark distinct regions in the spectrum. A small 

shift in the position of bands along the frequency axis is also apparent. It was also observed that 

individual band had peculiar variation when zoomed along time axis. It was however difficult to draw 

any quantitative conclusions based on the observed structures. In order to quantitatively analyse the 

observations, the spectrograms were averaged over time and frequency spectrum was obtained for 

each acoustic signal. Such frequency spectra for acoustic signals corresponding to different pressure 

drops across cavitation device are shown in Fig. 6a. 

 

Fig. 5. Synchrosqueeze wavelet transforms for signals at different pressures. 
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(a) Superimposed time averaged spectra at different pressure drop across cavitation device 

 

(b) Shift of peak frequencies with Reynolds number (St = Strouhal number = 
𝑓 𝑑𝑡

𝑉𝑡
)             

 
(c) Variation of peak-strength with Reynolds number 

 

Fig. 6. Influence of Reynolds number (Re = 
𝑑𝑡𝑉𝑡𝜌

𝜇
)/ Pressure drop across cavitation device. 
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Four regions could be identified on the x-axis depending on the prominent peaks at different 

frequencies (indicated by different background colour). Signals corresponding to pressure 80 kPa and 

above have at least one prominent peak in each of the four regions. Region I and II have one peak 

whereas region III and IV have two and three peaks respectively for each pressure drop value within 

the range 80 to 390 kPa. As a result, regions III and IV are wider compared to I and II. Considering the 

range, mean value of frequency for the four regions turns out to be 592, 1206, 2281 and 5170 Hz 

respectively. The frequencies for regions II, III and IV may be considered as the 2nd, 3rd and 4th 

harmonics of the frequency representing region I. A close observation of peaks in region II and III 

indicates that the peak frequencies have a shift with increase in pressure drop across cavitation device. 

The observed shift in frequencies is shown in Fig. 6b for regions II and III. The dashed lines in Fig. 6b 

indicate lines of constant values of Strouhal number (𝑆𝑡 =
𝑓 𝑑𝑡

𝑉𝑡
). The higher value of Strouhal number 

indicates that oscillations dominate the flow. The Strouhal number for the region II was found to be 

2.2. The Strouhal number for region III was found to be approximately double of that found for Region 

II. This is consistent with the observed harmonics. The amplitude of the observed peaks is found to 

scale with the fourth power of Reynolds number, 𝑅𝑒4 (as can be seen from Fig. 6c) which is consistent 

with the intuitive understanding.  

 

The variation of key extracted features with operating conditions (pressure drop/ flow rate) shown in 

Fig. 4 exhibit specific trends with respect to operating conditions and have a potential to provide a 

pathway to estimate extent of cavitation.  

 

3.3.2 Influence of device scale  

In order to investigate the role of acoustic features in capturing the effect of scale on cavitation in 

vortex based devices, similar data was acquired for the devices with throat diameters equal to 3 mm 

and 12 mm. The acoustic signals were analysed in similar way to extract all features. The features 

extracted from acoustic signals for an operating case with pressure drop across cavitation devices as 

350 kPa are shown in Fig. 7 for three scales of devices (throat diameters of 3 mm, 6 mm and 12 mm). 

It can be seen that the values of ZCR, flatness and spread consistently decrease with increase in scale; 

whereas the values of skewness and kurtosis increase with increase in scale. It is interesting to note 

that all these features show almost the same trend when examined after appropriate normalisation. 

This fact indicates that acoustic features are able to capture the effect of scale on cavitation in some 

manner. In order to examine a quantitative relation, one of these features, flatness was selected. 

Variation of flatness with respect to scale of the cavitation device (characterised by the throat 
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diameter) is shown in Fig. 8. It can be seen that flatness exhibits linear relationship with the inverse of 

throat diameter.  

 

Fig. 7. Comparison of different features at 350 kPa for 3 different scales. 

 

 

Fig. 8. Flatness at 350 kPa as a function of inverse of throat diameter. 

 

3.3.3 Relating features of acoustic signals with extent of cavitation or device performance 

In a recent study, Ranade et al.2 have reported performance of vortex based cavitation devices for 

degrading organic pollutant [2,4 dichloroaniline (DCA)] in water for a range of pressure drops (for one 

device) and for a range of device scales (for one pressure drop). Here, an attempt is made to examine 
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relationships between features extracted from acoustic signals and device performance. The HC 

device performance is quantified by its ability to degrade DCA in a single-pass through the cavitation 

device (per-pass degradation factor or per-pass performance factor).  

 

A scrutiny of experimentally observed performance of HC devices over the reported range of 

parameters (pressure drop and device scale) reveals that the relative variation of per-pass device 

performance with respect to pressure drop for a given scale of device is much smaller compared to 

the variation in device performance with respect to device scale. As a first step, it was therefore 

decided to mainly explore relationship between features of acoustic signals with device performance 

as a function of scale and assume more or less same performance for a given scale of device across all 

flow rates/ pressure drops. This obviously is an approximation. It is however worthy to examine such 

a possibility since it will open up a promising avenue to gauge performance of a hydrodynamic 

cavitation device by simply analysing acoustic signals acquired using normal mobile phone.  

 

Examination of Fig. 8 indicates that ‘Flatness’ decreases as scale increases and it exhibits some kind of 

limiting value at infinite scale (𝐹∞ is value of flatness as 
1

𝑑𝑡
→ 0). Ranade et al.2 have observed that the 

performance of the vortex based cavitation devices also decreases as scale increases (at constant 

pressure drop across all considered scales). They have observed the following relationship between 

the per-pass performance factor with scale as: 

 

∅0 = ∅∞𝑒10.85 𝑑𝑡⁄      (1) 

 

By comparing the variation of flatness and per pass performance factor with scale, it may be possible 

to eliminate device scale and relate per-pass performance factor with flatness as:  

 

ln (
∅0

∅∞
) ∝  (

F

F∞
− 1)     (2) 

 

Ranade et al.2 have reported the value of ∅∞ as 1.5 x 10-4. The value of F∞ was found to be 0.0657 

(Fig. 8). The proportionality constant for the Equation (2) was found to be 0.64. Using these values of 

parameters appearing in Equation (2), per-pass performance factor was estimated. The profiles of 

dimensionless concentration of DCA as a function of number of passes through cavitation device were 

then predicted following the model of Ranade et al.2. The predicted profiles are compared with the 

experimental data of Ranade et al.2 in Fig. 9. It can be seen from Fig. 9a that the per-pass performance 

factor estimated using the value of ‘flatness’ extracted from the acoustic signal and Equation (2) could 
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capture the influence of scale on performance of cavitation device in terms of DCA degradation quite 

well. Assuming the same per-pass performance factor, dimensionless profiles of DCA concentrations 

at different pressure drop across cavitation device with 6 mm throat diameter are shown in Fig. 9b 

which again shows reasonably good agreement with experimental data. 

 

 

 

 

 

 

 

 

 

 

 

  

(a) Influence of scale (3, 6 and 12 mm devices) 

 

(b) Influence of pressure drop (6 mm device) 

Fig. 9: Comparison of results predicted using ‘flatness’ extracted from acoustic signals and Equation 

(2) with the experimental data of Ranade et al.2. 

 

The agreement between experimental data and results predicted using features of acoustic signals 

and Equation (2) are quite encouraging. The Equation (2) and the proposed relationship between 
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flatness and per-pass performance factor appears to be rather speculative at the moment. The point 

is not to emphasise the specific nature of this equation. The key message is that for the first time, it 

looks feasible to establish a relationship between features of acoustic signals and per-pass 

performance factors of cavitation device. Further work is needed to develop better understanding of 

such relationships. Ranade et al.44 have developed artificial neural network (ANN) model to relate 

dimensionless concentration profiles of DCA with number of passes, device scale and pressure drop 

across devices. Similar approach may be used to develop quantitative relationship between number 

of passes and couple of features extracted from acoustic signals with per-pass performance of 

cavitation devices. The features like ‘flatness’ (to capture influence of scale) and the second feature 

like say ‘skewness’ (to capture influence of pressure drop/ Reynolds number) on device performance 

may be used for developing such ANN based model. Further work on simultaneous measurement of 

acoustic data and cavitation device performance is needed to validate the key trends presented in this 

work. Such additional data, application of methods of feature extraction discussed in this work and 

ANN based approach (like Ranade et al.44) may be used to develop an effective and simple on-line tool 

for quantifying device performance. Such a tool when developed will be very useful for design, 

optimisation and scale-up of cavitation based processes.  

 

4. Summary and conclusion 

A simple, non-invasive method based on analysis of acoustic signals was developed to characterise 

inception and extent of cavitation. The methodology was applied for processing acoustic signals 

acquired from three vortex based cavitation devices (with throat diameters of 3, 6 and 12 mm).  An 

attempt was made to relate features extracted from acoustic signals to per-pass performance of 

cavitation devices. The key conclusions from the study are as follows: 

 Temperature did not significantly influence the cavitation inception range of vortex based 

cavitation devices (up to 45 oC). 

 Ten key features extracted from acoustic signals exhibited three distinct trends with respect 

to pressure drop across cavitation devices. All the three trends were able to clearly distinguish 

between non-cavitating and cavitating conditions.  

 All the three trends predicted the cavitation inception between 50 to 80 kPa for the vortex 

based cavitation device used in this work. 

 Time averaged spectrogram at different pressure values showed distinct shift of peak 

frequencies and increase in amplitude of peaks in a specific region of spectra. The signal 

exhibited distinct harmonics. The Strouhal number was found to be multiples of 2.2. The 

amplitude of the peaks was found to scale with Re4. 
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 Features extracted for acoustic signals captured the influence of device scale (represented by 

the throat diameter).  

 It was feasible to estimate per-pass performance of cavitation devices using an empirical 

relationship with features extracted from acoustic signals. This was demonstrated using 

‘flatness’ as a characteristic feature for capturing influence of device scale.  

 

The methodology and results presented in this work demonstrate  feasibility of developing a simple, 

non-invasive tool for identifying inception and extent of hydrodynamic cavitation that is suitable to 

industrial setting. The results obtained so far are encouraging and point out an interesting possibility 

towards developing ANN based tool for on-line detection of per-pass performance of cavitation using 

acoustic signals.  
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Notations 

dt Diameter of throat of cavitation device (mm) 

f Frequency, Hz 

F Flatness 

ΔP Pressure drop across cavitation device (kPa) 

Re Reynolds number (
𝑑𝑡𝑉𝑡𝜌

𝜇
) 

St Strouhal number (
𝑓 𝑑𝑡

𝑉𝑡
) 

T Bulk temperature, (K) 

Vt Velocity at throat of cavitation device (m/s) 

φ Per-pass performance factor (-) 

φₒ Initial per-pass performance factor (-) 

 Viscosity, Pa.s 

 Density, kg/m3 
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