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Abstract
In this paper a method for detecting and furthermore estimating the intensity of cavitation
occurrences in hydraulic turbines is presented. The method relies on analyzing high frequency signals
with a convolutional neural network (CNN). The CNN is trained in an adversarial manner in order to
get more robust results. After successful training the obtained network is modified in such a way, that
it is possible to obtain estimations of the intensity. For evaluation purposes a separate dataset is
investigated.
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Introduction
Cavitation in hydraulic turbines can cause damage, and mostly occurs when turbines operate close to the limits of
the operating range. Often it is not clearly known whether the machinery is currently operating under cavitation
conditions or not. It would be advantageous to detect cavitation while the turbines are running, thus the operator can
take actions in order to avoid it. Since visual detection of cavitation in a hydraulic power plant is not an option,
acoustic event detection offers an alternative. Existing methods [1, 2, 3] rely on analyzing acoustics signals by
designing statistical or handcrafted features, e.g. kurtosis. In this work a method is proposed, which does not rely on
handcrafted features, i.e. the features will be automatically designed by the algorithm. Furthermore the method
shows only little dependency on the sensor location. In the second part of this paper the method will be extended in
order to estimate the cavitation intensity level.
Data Acquisition and Preprocessing
The radiated cavitation noise is acquired by acoustic emission sensors. The sensors used in this work have an
operating range from 0.1MHz up to 1MHz. Working in such a high frequency range comes with the advantage of
mostly noise free signals, i.e. no inference from bearings or other mechanical parts. The signals are divided into
smaller time intervals and spectrograms are generated. Since spectrograms have high dynamics, dynamic range
compression (DCR) [4] is used in order to visualize acoustic events with low energy content. DCR corresponds to
the elementwise application of function 1
𝑓𝑓(𝑥𝑥) = log(1 + 𝐶𝐶 ∗ 𝑥𝑥)

(1)

where 𝐶𝐶 is a variable hyperparameter. A high value of 𝐶𝐶 will emphasize more frequencies with lower energy
content, though the spectrogram becomes more noisy. After DCR the spectrogram is wrapped by a filter bank,
which consists of several overlapping triangular windows. This is used for dimensional reduction in order to
facilitate the training process of the CNN, while keeping the most important information. Similar preprocessing is
done for obtaining Mel-frequency cepstral coefficients, which are used in speech recognition applications. In the
final preprocessing step the spectrograms are normalized. In the process of this work data from several different
model and prototype turbines, as well as different turbine types, was collected. Furthermore every turbine was
equipped with multiple sensors at diverse positions.
Detecting Cavitation
In order to detect cavitation a CNN is used. CNNs are typically used for image recognition tasks [5], but have also
proven useful for acoustic event detection. A CNN basically consists of several learnable filters, followed by a
multilayer perceptron. The learning process is done by minimizing a specified loss function via gradient descent.
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The network used in this work is inspired by the Visual Geometry Group (VGG)-architecture [6]. This means
several alternating convolutional and max pool layers followed by a multilayer perceptron (MLP). Convolutional
layers are able to augment the input picture in such a way, that specific shapes or structures become more visible.
Max pool layers are interpretable as an infinitely strong prior, that a feature should be present, regardless of its
position in the input data. Combining these two layers it is possible to create good and representable features. Based
on these features the following MLP is capable to detect cavitation occurrences. For any machine learning algorithm
and especially artificial neural networks (ANN) it is crucial to avoid overfitting. Any ANN is capable to obtain a
training error of 0% even at completely randomly labeled data [7]. In order to avoid overfitting and to obtain good
generalization capability dropout [8] and early stopping is used. Dropout means randomly setting a specified
fraction of neuron inputs to 0, and thus to perturb the training process.
Using these overfitting techniques it is possible to obtain a CNN with a detection accuracy of 94,2%. The detection
accuracy was evaluated on separate turbines, which have not been part of the training dataset, and multiple sensor
positions. The test dataset had a 50/50 split between measurements with and without cavitation.
In order to further increase generalization capability an auxiliary classifier generative adversarial network (ACGAN) [9] is built. In this network topology two networks compete against each other. The first network (generator,
G) has the task to synthesize samples, which are ideally not distinguishable from real samples. Furthermore it is
possible to control the class of the output of G by adding an additional input. The second network (discriminator, D)
has the task to distinguish between real and fake samples, and also to predict their class (cavitation present or not?).
𝐿𝐿𝑆𝑆 = 𝐸𝐸[log 𝑃𝑃(𝑆𝑆 = 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟|𝑋𝑋𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 )] + 𝐸𝐸[log 𝑃𝑃(𝑆𝑆 = 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓|𝑋𝑋𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 )]
𝐿𝐿𝐶𝐶 = 𝐸𝐸[log 𝑃𝑃(𝐶𝐶 = 𝑐𝑐|𝑋𝑋𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 )] + 𝐸𝐸[log 𝑃𝑃(𝐶𝐶 = 𝑐𝑐|𝑋𝑋𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 )]
𝑥𝑥𝑖𝑖,𝑗𝑗
𝐼𝐼(𝑋𝑋|𝑌𝑌) =  ∑(𝑥𝑥𝑖𝑖,𝑗𝑗 log
− 𝑥𝑥𝑖𝑖,𝑗𝑗 + 𝑦𝑦𝑖𝑖,𝑗𝑗 )
𝑦𝑦𝑖𝑖,𝑗𝑗
i,j

(2)
(3)
(4)

The source loss 𝐿𝐿𝑆𝑆 corresponds to the log likelihood of the correct source (real?) and 𝐿𝐿𝐶𝐶 to the log likelihood of the
correct class (cavitation?). The Kullback–Leibler divergence 𝐼𝐼(𝑋𝑋𝑋𝑋𝑋) is a measurement of similarity between two
different spectrograms, being commonly used in denoising tasks [10]. The generator G is than trained to maximize
𝐿𝐿𝐶𝐶 + 𝐼𝐼(𝑋𝑋𝑋𝑋𝑋) − 𝐿𝐿𝑆𝑆 and D to maximize 𝐿𝐿𝐶𝐶 + 𝐿𝐿𝑆𝑆 .
Essentially G is used as a data augmentation method, in order to get more diverse training samples. After successful
training of the whole network, D can be used as a predictor in order to detect cavitation. Using this method it is
possible to further raise the accuracy to 98,2%.

Figure 1: Maximum response inputs for convolutional filters
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)LJXUHH[HPSODULO\YLVXDOL]HVHLJKWOHDUQHGFRQYROXWLRQDOILOWHUVLQWKHILUVWFRQYROXWLRQDOOD\HU7KHLPDJHVKDYH
EHHQFUHDWHGE\ PRGLI\LQJWKH LQSXWLPDJH LQ VXFKD ZD\WKDWLW PD[LPL]HVWKH DFWLYDWLRQRIHDFKFRUUHVSRQGLQJ
ILOWHU 6LQFH $11V DUH IXOO\ GLIIHUHQWLDEOH WKHVH LPDJHV ZHUH FUHDWHG E\ WKH KLOO FOLPELQJ WHFKQLTXH 7KH ILOWHUV
PD[LPDOO\UHVSRQGWRVLPSOHJHRPHWULFIRUPVOLNHYHUWLFDOOLQHVKRUL]RQWDOOLQHVRUFKHFNHUERDUGSDWWHUQV)LOWHULQ
KLJKHUOD\HUVWHQGWRPRUHLQWHQVLYHO\UHVSRQGWRLQSXWVZLWKPRUHGHWDLOHGWH[WXUHV$OWKRXJKWKHVHIRUPVVHHPWR
EHYHU\VLPSOHWKH\DUHDEOHWRFUHDWHJRRGIHDWXUHVZKHQWKH\DUHVWDFNHG
/HYHOHVWLPDWLRQ
,Q RUGHU WR HVWLPDWH WKH LQWHQVLW\ RI WKH GHWHFWHG FDYLWDWLRQ DQ DGGLWLRQDO QHWZRUN LV EXLOW 6LQFH WKHUH LV OHVV GDWD
DYDLODEOH ZLWK UHOLDEOH FDYLWDWLRQ LQWHQVLW\ HVWLPDWLRQ WUDQVIHU OHDUQLQJ >@ LV XVHG IRU EXLOGLQJ D QHWZRUN IRU
LQWHQVLW\ HVWLPDWLRQ ,Q WUDQVIHU OHDUQLQJ OHDUQHG UXOHVIHDWXUHV IURP RQH WDVN VKDOO EH WUDQVIHUUHG IRU VROYLQJ
DQRWKHU EXW VWLOO VLPLODU SUREOHP ,Q WKLV FDVH WKH SUHGLFWRU ZKLFK ZDV REWDLQHG IRU GHWHFWLQJ FDYLWDWLRQ LV YHU\
SRZHUIXO VR WKH OHDUQHG IHDWXUHV SULQFLSDOO\ FDQ DOVR EH XVHG IRU RWKHU FDYLWDWLRQ UHODWHG SUREOHPV )RU WKLV
DSSOLFDWLRQ WKH FRQYROXWLRQDO SDUW RI ' LV XVHG RQO\ WKH IROORZLQJ SDUW 0/3  LV UHPRYHG ,QVWHDG D QHZ DQG
UDQGRPO\LQLWLDOL]HG0/3LVXVHGLQVWHDGRIWKHROG0/37KHQHZ0/3LVSUDFWLFDOO\DFORQHRIWKHROG0/3EXW
ZLWK RQO\ RQH RXWSXW QHXURQ LQWHQVLW\  'XULQJ WKH WUDLQLQJ SURFHVV WKH FRQYROXWLRQDO SDUW LV QRW DOORZHG WR EH
FKDQJHGLQRUGHUWRDYRLGRYHUILWWLQJ
7KHLQWHQVLW\LVVDLGWREHDQXPEHUԖሾͲǡͻሿZKHUHDVͲFRUUHVSRQGVWRQRFDYLWDWLRQDQGͻWRPD[LPXPFDYLWDWLRQ
,Q RUGHU WR IRUFH WKH QHWZRUN WR SUHGLFW QXPEHUV LQ WKH JLYHQ UDQJH D VWUHWFKHG VLJPRLG IXQFWLRQ LV XVHG DV WKH
DFWLYDWLRQ IXQFWLRQ IRU WKH RXWSXW QHXURQ ,Q RUGHU WR LQFUHDVH JHQHUDOL]DWLRQ FDSDFLW\ WKH WUDLQLQJ GDWD LV VLPSO\
DXJPHQWHG E\ PDNLQJ WKH WDUJHW ODEHOV LQWHQVLW\  QRLV\ 7KHUHIRUH D UDQGRP QXPEHU ԖܷሺͲǡ ͳሻ LV DGGHG WR WDUJHW
ODEHOVZLWKLQWHQVLW\OHVVWKDQILYHDQGDUDQGRPQXPEHUԖܷሺെͳǡ ͲሻLVDGGHGWRWDUJHWODEHOVZLWKLQWHQVLW\JUHDWHU
WKDQILYH)XUWKHUPRUHDJJUHVVLYHGURSRXW ͷͲΨ LVXVHGIRUPD[LPXPLQSXWYDULDQFH














)LJXUH3ULQFLSOHVNHWFKRILQYHVWLJDWHGWXUELQH
)LJXUH,QWHQVLW\UDQNLQJ

7KH DOJRULWKP IRU LQWHQVLW\ HVWLPDWLRQ ZDV HYDOXDWHG RQ D PRGHO EXOE WXUELQH ZKLFK ZDV QRW SDUW RI WKH WUDLQLQJ
GDWDVHW)LJXUHVKRZVDSULQFLSOHVNHWFKRIWKHWHVWWXUELQHZLWKWZRPRXQWHGVHQVRUV2QHVHQVRUZDVPRXQWHGRQ
WKHKLJKSUHVVXUHVLGHXSVWUHDPWKHUXQQHUWKHRWKHURQHZDVPRXQWHGGRZQVWUHDPWKHUXQQHURQWKHORZSUHVVXUH
VLGH7ZRGLIIHUHQWPHDVXUHPHQWVHULHVKDYHEHHQFRQGXFWHGZLWKGLIIHUHQWURWDWLRQDOVSHHG7KHILUVWVHFRQGVHULHV
KDV VWDUWHG ZLWK QR FDYLWDWLRQ DQG ZHQW RQ ZLWK LQFUHDVLQJ FDYLWDWLRQ LQWHQVLW\ RQ WKH VXFWLRQSUHVVXUH VLGH %RWK
VHULHV KDYH EHHQ UHFRUGHG E\ D KLJK VSHHG FDPHUD )LJXUH  VKRZV SKRWRJUDSKV RI FDYLWDWLRQ ZLWK WZR GLIIHUHQW
LQWHQVLW\OHYHOV
)LJXUHVKRZVWKH SUHGLFWHGDQG YLVXDOO\FODVVLILHGLQWHQVLW\)RUERWKPHDVXUHPHQWVHULHVWKH506(LVEHWZHHQ
ͲǤ DQG ͳǤʹ GHSHQGLQJ RQ WKH LQSXW FKDQQHO DQG PHDVXUHPHQW $OWKRXJK WKH VLJQDOV KDYH EHHQ QRUPDOL]HG WKH
VHQVRUQHDUWKHFDYLWDWLRQRFFXUUHQFHWHQGVWRHVWLPDWHKLJKHUFDYLWDWLRQLQWHQVLW\FRPSDUHGWRWKHVHQVRUZKLFKLV
IXUWKHU DZD\ 7KHUH DUH GLIIHUHQW VLJQDOWRQRLVHUDWLRV ZKLFK FDQQRW EH HDVLO\ DGMXVWHG WR GLIIHUHQW SRVLWLRQV E\
QRUPDOL]LQJ WKH VLJQDO 1HYHUWKHOHVV ERWK VHQVRU VKRZ GHVSLWH WKHLU GLIIHUHQW SRVLWLRQV WKH VDPH WHQGHQF\ DQG
SUHGLFW LQWHQVLW\ YDOXHV LQ DSSUR[LPDWHO\ WKH VDPH UDQJH 7KH DEVROXWH YDOXHV RI Ͳ DQG ͻ DUH YHU\ XQOLNHO\ WR EH
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predicted, since they have never been target labels, caused by the used data augmentation technique. Therefore the
predicted intensity seems to float around 0.5 when there is no cavitation present.

Figure 4: Estimated vs. real Intensity

Conclusion and Outlook
In this work it was shown that convolutional neural networks, which have been trained with spectrograms, are able
to detect cavitation in hydraulic turbines with high accuracy. In order to increase generalization capability of the
trained network, an adversarial training method has been used. Using this method it was possible to further boost the
detection accuracy beyond 98%. In the second part of this work the network, which was trained for detecting
cavitation, was modified in order to estimate the intensity of the cavitation. For this purpose the old network was
used as a feature generator, while a new network is used for estimating the intensity based on these features.
In further work it is planned to correlate the cavitation intensity with the erosive potential. This work will be
accompanied by erosion tests.
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