










highest IMFs (IMFs 4–6) represent the lowest fre-
quency components and are regarded as background
noise (IMFs 4–6 are \28 Hz, and in accordance with
Figure 3, this is equivalent to background noise).

Optimisation of model parameters. A total of 24 different
features have been derived from the accelerometer and
hydrophone signals. The most important features were
selected using the ‘forward search algorithm’ (section
‘Feature extraction of leak signals’), eliminating redun-
dant features, increasing the learning speed and predic-
tion accuracy. The ability of the forward search to
identify the most important features was determined by
assessing the model output RMSE and this is shown in

Table 2. It was found that the model would begin with
high RMSE values and would decline as additional fea-
tures were added systematically by the forward search
algorithm. However, the model would reach a point
where the addition of further features resulted in higher
RMSE and therefore poorer model performance.

When predicting leak flow rate, the forward search
identified five features using the hydrophones while
seven features were identified using the accelerometers
(Table 2). When predicting leak area, the forward
search identified four features with the hydrophone
and five features using the accelerometer. The output
of the forward search algorithm suggested that the
optimal combination or features differed depending on
using hydrophones of the accelerometers and whether
the model was chosen to predict leak flow rate or leak
area. Generally, the most valuable features appeared to
be those that represent time–frequency characteristics,
and some common features were found to be useful for
the model no matter how the model was adjusted or
sensor choice (feature numbers 1 and 2).

Model training and testing

To assess the ability of the model to predict leak flow
rate, the RMSE was used and is shown in Figure 6.
When predicting leak flow rate, the results demonstrate
that good performance can be achieved when using
hydrophones to high accuracy with a low RMSE of
2.4766 (l/min) (Figure 6(a)). The output standard

Figure 3. Frequency domain signals of round hole leaks of different diameter: (a) 3.5 mm, (b) 4.5 mm, (c) 5.5 mm and (d) 6.5 mm.

Figure 4. Frequency domain signals of round holes of different
diameters at 39–40 l/min.
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deviation was also calculated for each flow rate and
found that the model performed better with lower stan-
dard deviations at the mid-range flow rates with stan-
dard deviations of 2.3, 1.4 and 1.6 at 44–45, 47–48 and
56–57 l/min, respectively. The prediction results were
notably poorer at the extremities, with the lowest leak

Table 2. Feature selection and reduction in feature redundancy when predicting leak flow rate and leak area.

Category Sensor Features useda RMSE Total no. of features

Flow rate prediction Accelerometer 1 4.4596 1
1,6 4.4056 2
1,6,2 4.2979 3
1,6,2,18 3.8193 4
1,6,2,18,10 3.8001 5
1,6,2,18,10,7 3.7765 6
1,6,2,18,10,7,1 3.7500 7
1,6,2,18,10,7,1,23 4.0282 8

Hydrophone 1 3.1055 1
1,17 3.0567 2
1,17,2 3.0492 3
1,17,2,7 2.4771 4
1,17,2,7,3 2.4766 5
1,17,2,7,3,4 2.4786 6

Leak area prediction Accelerometer 1 0.938 1
1,2 0.886 2
1,2,4 0.825 3
1,2,4,7 0.818 4
1,2,4,7,3 0.705 5
1,2,4,7,3,4 0.706 6

Hydrophone 1 0.8373 1
1,17 0.6534 2
1,17,23 0.4121 3
1,17,23,2 0.3984 4
1,17,23,2,7 0.4401 5

Text in red informs the optimal combination of features (lowest RMSE).
aBy performing the forward search algorithm, numbers correspond to feature names given in Table 1.

Figure 5. (a) IMF representation of EEMD decomposed signals
and (b) a subsequent Fourier transform of each IMF. Example
shown is the median leak flow rate leak flow rate (44–45 l/min).

Figure 6. LS-SVM output results to predict leak flow rate using
a hydrophone.
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flow rate (39–40 l/min) and highest leak flow rates
(56 l/min) demonstrating higher standard deviations of
2.5 and 2.7, respectively.

The data were reanalysed in order to predict leak
area using hydrophones measurements. The actual ver-
sus output leak diameter is given in Figure 7. The
hydrophone showed good prediction results with low
overall RMSE (0.3984 mm). The best predictive perfor-
mance came from using hydrophones at the lowest leak
diameter of 3.5 mm. The resultant standard deviations
for each leak diameter revealed better performance at
3.5 mm but poorer performance in predicting the
6.5 mm hole.

In order to assess the implications of using an alter-
native sensor, the measurements were repeated using
an accelerometer. Figure 8 describes the actual versus
output leak flow rates when predicting leak flow rate
using accelerometers. It was found that, although the
model could provide leak flow rate predictions using
an accelerometer, these were significantly worse than
when using the hydrophones (RMSE: 2.4766 and
3.7570 l/min for hydrophone and accelerometer,
respectively) (Figures 6 and 8, respectively). Unlike
with hydrophones, there was no observable trend in
standard deviation – the mid-range flow rates gave high
standard deviations comparable to the lowest and high-
est leak flow rates.

With the optimal model parameters chosen from the
subset of features, it is possible to estimate the accuracy
of the LS-SVM model quantitatively. Figure 9 demon-
strates the accuracy of the flow and area prediction of
the LS-SVM model at each leak flow rate and each leak
diameter within 610%. It was found that the optimum
LS-SVM model provides excellent leak flow rate
prediction results with the hydrophone data. Excellent

Figure 7. LS-SVM output results to predict leak area using a
hydrophone.

Figure 8. LS-SVM output results to predict leak flow rate using
an accelerometer.

Figure 9. Accuracy of hydrophones in predicting (a) leak flow
rate and (b) leak area within 610% band.
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prediction results were found at all leak flow rates, con-
sistently achieving above .70% prediction accuracy
(Figure 9(a)). Comparable to the results in Figure 6,
greater prediction accuracy was found at the mid-range
leak flow rates. The application of the model to acceler-
ometer led to a reduction in prediction accuracy for all
leak flow rates, reducing the accuracy of the model
between 31.3% and 7%. On average, the hydrophone
was found to accurately predict leak flow rate 15.9%
more than the accelerometer.

Predictions of leak area within 610% (Figure 9(b))
were also excellent with all area predicted .70% using
hydrophones. Contrary to leak flow rate prediction,
the area towards the extremities had the highest rate of
prediction accuracy (100% and 90% prediction accu-
racy for 3.5 and 6.5-mm round holes, respectively). The
use of accelerometer signals lead to a decrease in %
accuracy when predicting leak area. The most signifi-
cant difference in prediction appeared at 3.5 mm where
the hydrophone was able to accurately predict leak
area 100% of the time (610%), whereas the acceler-
ometer performed poorly only predicting the area of
the 3.5-mm hole 17.5% (610%). On average, the
hydrophone predicting leak area 25.13% better than
the accelerometer.

Discussion

The research presented herein aimed to derive a method
to predict the flow rate of leaks in MDPE pipes using a
LS-SVM on a novel experimental pipe rig where a
unique data set was collected.

Leak characteristics

It was found that leak flow rate had a strong effect on
the leak signal. Increasing leak flow rate led to an
increase in amplitude of all frequencies greater than the
background noise level (.28 Hz) for all hole diameters
(Figure 3). However, there appeared to be clearer
separation between leak flow rates at frequencies
around .207 Hz. The observed increase in signal
amplitude is coherent with other studies,2,35 and it is
also likely that the higher flow rate leaks will be more
easily identified than those with smaller leak flow
rates14 due to the increased signal amplitude.

When the leak flow rate was standardised, small dif-
ferences in leak area were noted at the lowest leak flow
rate with similar magnitude spectrums (Figure 4). At
higher leak flow rates, the differences in leak area
became more apparent, particularly at frequencies
.600 Hz. Cassa and Van Zyl36 and Ferrante37 have

shown leak area to be a key variable in defining the
leakage behaviour.

However, there were noted differences in signal the
4.5-mm test results at both 39–40 and 56–57 l/min.
These differences are more likely due to experimental
features, such as the cutting process and localised mate-
rial stresses38 caused when drilling the leak holes. It is
likely that limitations in the experimental design have
led to changes in turbulence around the leak as the
water jet discharges hole (possible due to the presence
of swarfs during the drilling process). As turbulence
around the leak hole is a strong parameter governing
the leak signal,39 it is important that any swarfs are
either removed or standardised between studies. The
differences in leak signal observed between hole size
when the leak flow rate was standardised may also be
due to changes in leak jet angle, which is strongly gov-
erned by pipe flow velocity and pressure head.40

These results have shown that the effect of leak area
will have little influence on the leak VAE signal (and
therefore leak detection) at lower flow rates but is more
important at higher leak flow rates.

Performance of the LS-SVM model

Following the derivation of a number of features, the
LS-SVM model was used to predict leak flow rate
despite changes in leak area. The model showed better
leak flow prediction at the mid-range leak flow rates
(Figure 6) with lower standard deviations and higher
prediction accuracy. The model was able to predict
mid-range leak flow rates to higher accuracy than at
the extremities. This is possibly due to the fact that
there is a greater population of data positioned within
a smaller range of flow rates within the mid-range leak
flow rates (minimum of 44 l/min and maximum of
51 l/min). However, at the extremities (39–40 and 56–
57 l/min), there are fewer data points and therefore the
model has a small proportion of data to train on.

Considering there is little difference between
the magnitude spectrums when measuring leak area
(Figure 4), surprisingly good prediction accuracy was
also shown when predicting leak area, with lower stan-
dard deviations at the lower leak diameter and a slight
increase trend in standard deviation as the hole size
increased. This highlights the importance of deriving
different features from the data set – it may be possible
that a different set of features are able to describe leak
area more than the relativity simple magnitude spec-
trum. The ability to independently predict either leak
flow rate or leak area suggests that in future, a multi-
variate fitting process would be a profitable area of
investigation.
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Optimal feature selection

It was found that features relating to signal RMS were
highly useful for predicting leak flow rate and leak area,
whereby the RMS of IMF1, IMF2 and IMF3 were
identified by the forward search algorithm as providing
the optimal combination of features (Table 2). Signal
RMS is likely a useful parameter as it has been shown
to increase with leak flow rate.2,8,7 Interestingly, the
model preferred to utilise features that are broken down
by individual frequency bands rather than the RMS of
the whole signal which was not favoured by the model.
The fast Fourier transform (FFT) of each IMF has
demonstrated that those IMFs . IMF3 represent the
extremity of the signals lowest frequencies and repre-
sent the background noise (\28 Hz) identified by com-
paring the leak and no leak spectrums (Figure 3). As
these higher IMFs represented the background noise,
the model prefers to predict leak flow rate based on the
RMS of parts of the signal relating solely to the leak
signal and excludes background noise.

As the model favoured time–frequency domain
representations of the leak signal, the efficacy of these
features will become less useful when the sensor is posi-
tioned further away from the leak. A loss of higher fre-
quency components and a general reduction in signal
amplitude due to signal attenuation on the pipe wall
and radiation into the surrounding media,41 the leak
has a low signal to noise ratio14 and is difficult to dis-
tinguish from the background noise. Therefore, the fea-
tures which are highly valued by this model will be
reduced in efficacy as these features are only present in
this study as the sensor was positioned close to the
leak. It may then be more difficult to quantify leak flow
rate using these features at greater distances from the
leak, and it may be more valuable to use other features
which are focussed around spectral shape as in reality
it would be difficult to position a sensor next to a leak.

Sensor choice

It was found that hydrophones provided much better
performance in predicting leak flow rate and hole area
compared to accelerometers, with hydrophones achiev-
ing a much better RMSE and classification rate (Figure
6). This agrees with current understanding that hydro-
phones usually offer better performance for leak detec-
tion when compared with accelerometers.41,42

Improved performance using hydrophones may be due
to the effect of a smaller effective bandwidth and higher
signal coherence41 when using hydrophones. As the
accelerometer is placed on the pipe wall, it may be
more susceptible to changes in ground conditions.
While efforts were made to ensure that the ground con-
ditions were standardised, the replacement of test

sections resulted in the excavation of the pipe from the
gravel backfill. The ground conditions have been
shown to have a strong influence on the leak signal.3,4

Slight changes to the test conditions are possible
through changes in loading, soil hydraulics and flow
resistance which can have an influence on leakage
dynamics.43 As the accelerometer is in contact with the
pipe wall, the effect of ground conditions may be more
paramount and therefore may interrupt with the signal.

Wider context and industrial application

This study has managed to accurately predict the leak
flow rate regardless of the leak area and with no prior
knowledge of the leak area. However, in real water dis-
tribution pipes, it is unlikely that the leaks on plastic
pipe would be perfect round holes of these given sizes;
in fact, the majority of plastic pipe leaks occur due to
joints contaminated during the pipe installation pro-
cess.44 Despite this, this research has established the
first base case in leak flow rate prediction with the suc-
cessful application of the LS-SVM model. However,
classification of leak flow rates of different shapes and
sizes represents a priority in any future work.

Excellent results using this LS-SVM model suggest
that this is a suitable method in predicting leak flow
rate area using hydrophone measurements for leaks in
water distribution pipes. Any system that manages to
predict leak flow rate will be advantageous to water
companies, by prioritising leak repair and driving down
SELL – repairing the bigger leaks first will save more
water by fixing less leaks and costs savings through
optimised allocation of company resources. Attempts
were also made to predict leak area using the same
model. As there is potential for contaminant ingress
into water distribution systems through leaks,45 level of
contamination will involve the size of the leak area
(among other factors such as driving force).38

Therefore, a tool which provides the leak area will be
useful in judging the risk of contamination due to
ingress and therefore the threat to public health. The
method can also be combined with existing leak noise
correlation methods in order to provide both the leak
flow rate and the leak’s location.

Conclusion

This article has categorically demonstrated that the leak
flow rates in leaking MDPE pipes can be determined
from VAE measurements without prior knowledge of
leak area. High-quality experimental data from a spe-
cifically designed MDPE pipe rig were collected with
hydrophones and accelerometers. Four separate test
sections with different sized round holes were drilled,
and system pressure was varied to alter leak flow rate.
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The leak flow rate and leak area were found to both
influence the leak spectrum. A total of 24 different fea-
tures were derived from the raw signal and analysed via
LS-SVM. It was shown that the signal contained suffi-
cient information about the leak in order to accurately
predict leak flow rate without prior knowledge of the
hole area. It was also possible to accurately predict leak
area without prior knowledge of leak flow rate vice
versa; this strongly suggests that future multi-variant
predictions would be a profitable area of investigation.
Coherent with current understanding, it is shown that
hydrophones provide a more accurate predictive
method compared with accelerometers on MDPE pipe.
The knowledge gained from this study, and the pro-
posed technique, is important to leakage management
as it will allow the leakage manager to prioritise their
repair strategies.
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