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Abstract. This paper proposes a method for early warning of hazard for pipelines. Many pipelines transport
dangerous contents so that any damage incurred might lead to catastrophic consequences. However, most of these
damages are usually a result of surrounding third-party activities, mainly the constructions. In order to prevent
accidents and disasters, detection of potential hazards from third-party activities is indispensable. This paper
focuses on recognizing the running of construction machines because they indicate the activity of the
constructions. Acoustic information is applied for the recognition and a novel pipeline monitoring approach is
proposed. Principal Component Analysis (PCA) is applied. The obtained Eigenvalues are regarded as the special
signature and thus used for building feature vectors. One-class Support Vector Machine (SVM) is used for the
classifier. The denoising ability of PCA can make it robust to noise interference, while the powerful classifying
ability of SVM can provide good recognition results. Some related issues such as standardization are also studied
and discussed. On-site experiments are conducted and results prove the effectiveness of the proposed early
warning method. Thus the possible hazards can be prevented and the integrity of pipelines can be ensured.

Keywords: pipeline; possible hazard; principal component analysis; one-class support vector machines;
standardization.

1. Introduction

In modern cities, many important pipelines are laid underground and are often referred to as lifeline
infrastructures. Some pipelines are very dangerous due to the perilous content they are carrying, such as
gas or high pressure oil, etc. However, damage accidently happens sometimes. Recent reports (Eiber et
al. 1987) show that most damages to these pipelines are usually caused by third-party activities, mainly
the surrounding constructions, rather than material failure and corrosion. According to the statistics of
American gas pipeline industry during 1985 to 2000, pipeline failure accidents due to the third-party
activities prove to be the most dominant cause, resulting in as high as more than 200 accidents,
occupying nearly 30% of all the pipeline failure causes. Fig. 1 shows the percentage of pipeline failures
respected to different causes.

Although damages due to constructions might be considered as rare events, a single incident may
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Fig. 1 Percentage of American gas pipeline failures respected to different causes

have catastrophic consequences due to the dangerous nature of those pipelines. A typical example
could be found at the Ghislenghien gas pipeline explosion disaster in Belgium on July 30, 2004, which
resulted in 24 deaths and over 120 injuries. As far as the risk is considered, risk is regarded to be
proportional to both the probability of the structure failure and the degree of loss due to the failure
consequences. Larger event likelihood and larger loss result in larger overall risk. Since the third-party
activities are the main reason for pipeline failure and they often result in sudden and catastrophic
accidents, the overall risk of the third-party activities is no doubt the largest. Therefore, for safety
consideration, preventive measures to detect potential hazards from the third-party activities are
becoming indispensable.

Since the third-party activities are mainly the constructions, constructions around pipelines are
therefore often focused for early warning of impending hazards. In actual practices, dangerous
pipelines are regularly patrolled by special personnel, either on foot, by vehicles, or even by helicopters.
However, this kind of manual checking is laborious, economically expensive and is not seen to be
efficient or necessarily effective. Therefore, there is an increasing necessity for automatic, continuous
and low cost pipeline monitoring systems. In Europe, an early warning system based on image
processing technology and Unmanned Aerial Vehicles (UAV) is under development (Hausamann ef al.
2003). However, this system is expensive and requires the tight integration of several complicated
technologies. Furthermore, the tendency for false alarms is still not low enough. In the United States,
Gas Technology Institute (GTI) is developing another early warning system with the objective of
preventing construction hazards (Huebler 2004). This system uses optical fibers, buried between the
ground surface and the pipelines, to detect vibrations in the ground. The magnitude and profile of the
vibrations are then used to determine the existence of construction equipment nearby. However, this
system is only applicable in the case where the pipeline is under the soil ground. For pipelines under an
asphalt or concrete road, which is the most common case in Japan, this system is not effective.

Bearing in mind the availability of these systems, Wan and Mita (2008, 2009) proposed a pipeline
monitoring system based on acoustic information. Construction work near pipelines is supposed to be
identified by the sounds emitted from the construction machines used. In those researches, Mel
Frequency Cepstral Coefficients (MFCC), Linear Prediction Coding Cepstrum(LPCC) and Mel residual
were used for the feature vectors and Euclidian distance was used for the classifier. Captured sound
samples were segmented into many short-time sound frames. The acoustic recognition was based on
the initial recognition of each single tiny sound frame. A tag-train post-process was proposed for the
final decision making. In this paper, however, the acoustic recognition which is the key issue of the
potential damage detection will be fulfilled with the recognition of a whole sound sample using PCA
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and one-class SVM, rather than with the two-step decision making approach in previous researches.
Thus the sensor processor does not need initially process and recognize each sound frame from time to
time any longer. The feature vectors are simply the truncated eigenvalues. Robustness to noises due to
the denoising ability of PCA, and thus accurate decision making, is supposed to be realized. Meanwhile,
high performance support vector machines are also supposed to bring high recognition accuracies. This
research will be very useful for the later considering of real implementation of such early warning
system in the future to prevent hazards and accidents for pipelines.

2. Hazard early warning mechanism

Usually, it is the presence of surface construction activities that threaten the well-being of underground
pipelines. The events of construction activities are the main source of the impending hazard. Therefore,
detecting potential hazard and preventing accidents can be realized by detecting construction activities,
especially by detecting the running of the construction machines. In modern cities, pipelines often run
along underneath asphalt or concrete roads. In this case, a road cutter is often used before any other
construction equipment according to the construction process. Furthermore, the operation of a road
cutter is always accompanied with a very loud noise, which makes the recognition feasible and
practical. For these two reasons, this paper focuses on detecting road cutters to determine if there are
any construction activities near the pipelines. Fig. 2 shows a road cutter cutting the road.

A distributed computing sensor network could be deployed above ground along the pipelines and
using smart sensors to “listen” for potential threats. Each sensor will have a microphone to capture
sounds and a small chip to process the sound signals by using acoustic recognition methods. Once it
detects a dangerous sound, it will send off an alarm and at the same time send a message to the control
center so that immediate and relevant measures can be expediently executed. A sensor network may
contain many pre-trained smart sensors. However, each sensor is able to do the work independently,
including signal processing and acoustic recognition. Sensors will be connected to the control center
either wired or wirelessly. For each of them, only a result symbol, such as “yes” or “no”, is required to
send to the control center from time to time. In this way, each sensor monitors a part of the pipeline and
the whole sensor network can monitor the whole pipeline, as Fig. 3 shows.
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Fig. 3 A sensor network monitors the whole pipeline, the cycle refers to the sensing range of the smart sensor

Obviously, essential to the proposed hazard early warning approach is the acoustic recognition.
Nearly all environmental sound recognition researches in literature use short audio clips, often
lasting from 1s to 10s. For example, Lu ef al. (2001) made a content-based audio classification based on a
1s sample, while Ma ef al. (2006) recognized an environment sound based on a 3s sample. In this paper, a
short period sound sample, lasting several seconds, is also applied to make the sound recognition. In
simplicity, the sound-based road cutter detection on the whole can be described in 4 steps:

-Sound capture — capture an environmental sound signal.

-Sample extraction — extract a sound sample from the incoming sound signal.

-Sound classification — process sound samples and decide if they belong to road cutters.

-Alarm raising if necessary and further assessment — if a sound is classified to be that belonging to a

road cutter, an alarm will be raised and a report will be sent to the control center so that further

assessment can be made and measures taken.

Location of the potential hazard can be well identified by knowing which sensor is raising an alarm.
Thus, when a sensor detects a road cutter, it will give off an alarm to caution the people nearby of the
underground pipeline. Meanwhile, it will also send off a message to the control center to report the
potential hazard so that relevant measures can be executed quickly. The whole early warning process is

depicted in Fig. 4.
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Fig. 4 Flow chart of the early warning of hazards
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3. Acoustic recognition

Although most acoustic recognition techniques were developed initially for speech recognition,
environmental sound recognition applications are mainly for the purpose of content-based classification,
context awareness and ubiquitous surveillance.

For environment sound recognition, most researches focus on features of Mel Frequency Cepstral
Coefficients (MFCC), Linear Prediction Coding Cestrum (LPCC), etc., and on classifiers such as Euclidean
distance, Vector Quantization (VQ), Support Vector Machine (SVM), Hidden Markov Models (HMM)),
Gaussian Mixture Model (GMM), k-nearest neighbor algorithm (KNN) and Neural Network (NN).
Gaunard et al. (1998) classified five types of noise events using LPCC feature combined with a HMM
classifier and showed a good result. Later, Peltonen et al. (2002) used MFCC and GMM to classify 10
inside and outside environments for scene recognition. Lu er al. (2001) classified five classes of sounds
using MFCC and SVM in his audio segmentation and classification with good classification resolution
achieved. In his later research, Lu et al. (2003) further pointed out that SVM was much better than
KNN and GMM. Toyoda et al. (2004) tried the multilayered Neural Networks for robotic audition.
Krishna and Sreenivas (2004) compared MFCC and LPCC performance in musical instrument
recognition and concluded that LPCC did better than MFCC. Ma et al. (2006) used the MFCC together
with a HMM classifier to get a high resolution classification.

However, even though HMM showed a good performance, it usually requires large amount of
training data to accurately train the models. Large computation cost makes it inconvenient for the small
sensors. Above all, HMM, VQ as well, is a method for multi-class classification and it is hard to be
applied to the one-class classification problem which is the case in our road cutter recognition. Neural
Network method and GMM also has the problem of having a large computation burden. Since SVM
was showed better than GMM and KNN (Lu ef a/. 2003), and could be much faster as the computation
is only depends on small number of supporting vectors, a one-class SVM classifier is used for our
proposed detection approach.

As for the features, MFCC and LPCC are cesptrum based features and a little too complicated.
Moreover, they can only be used for recognizing a single frame. In this paper, however, a PCA and one-
class SVM based approach is applied so that a several second sound sample with dozens of frames can
be recognized all at once as a whole. Simply truncated eigenvalues are used for the feature vector. This
approach is introduced below in detail.

3.1 Mechanism of PCA and one-class SVM based sound recognition

In most conventional sound recognition processes, a several second sound sample is often segmented
out for testing. In the signal processing, it is usually further segmented into many tiny frames, usually
lasting from 20 ms to 30 ms, with an overlap between every two adjacent frames. Acoustic recognition
will then be carried out according to the features of all overlapped frames. Ma er al. (2006) recognized
an environment sound based on a 3s sample, with 25 ms frames and 15 ms overlap. Goldhor (1993) pointed
out that the overlap usually should be more than 25% of the frame size. On the other hand, Lu e a/. (2001)
classified a 1s sample, with 40 evenly segmented non-overlapping 25 ms frames. Statistical characteristics
over all 40 frame features were used to classify the sounds. Although Lu’s method required only short
samples and no frame overlapping, the computing cost and memory requirement is still quite significant for
tiny smart sensors. Also their approaches suffer the same problem, i.e., the last decision cannot be made
without extracting individual features for all frames. This means every frame needs to be processed
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individually at first. The acquired data also need to be reserved. However, a sound sample usually
contains many of such frames so that both the computation and memory cost will be huge.

In order to lower the computational cost and memory requirement of the sensors, as well as its energy
consumption, in this paper, however, another approach using PCA and one-class SVM is applied,
which can make a decision for a sound sample as a whole. Moreover, some individual frames interfered
by the noise will be avoided affecting the last decision, due to the denoising ability of the PCA. For
further decreasing the computation cost, considering of the monotonous characteristic of the noise
emitted from a road cutter in constant operation, we proposed a separated frame blocking mechanism.
For each sound sample, all frames are segmented separately. An interval is set between every two
adjacent frames instead of the overlap, as shown in Fig. 5. Then power spectral densities (PSDs) can be
extracted from those separated frames and processed by PCA. After that, a feature vector, truncated
eigenvalues, can be obtained. It is obvious that the acquired feature vector actually characterizes the
whole sound sample, rather than the individual frames. Based on the obtained feature, a one-class SVM
classifier can then be applied to make the classification and a decision can be made. The PCA and one-
class SVM based sound recognition process is briefly depicted in Fig. 5.

3.2 Principal component analysis

Intuitively, PCA is a method that aids the gathering of important facts among a large amount of
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information. In statistics, PCA is a technique for simplifying a dataset, by reducing multi-dimensional
datasets to lower dimensions for analysis. Technically speaking, PCA is a linear transformation that
transforms the data to a new coordinate system in which the maximum variance can be achieved. In
practice, PCA is a powerful tool to represent data and also a very useful method in pattern recognition
(Jain ez al. 2000).

From the incoming sound sample, #n separated fames will be segmented out for analysis. For each
frame, the signal is transformed into frequency domain by FFT transform, so that the power spectral
density (PSD) can be obtained. For the purpose of pattern comparison, PSD of each frame is normalized into
unit power within all frequency range. Thus » normalized PSDs can be obtained as

Pi = (filaf;'Z: 7f;k)(l: 1’27--':’1) (1)
k
where: P; is the PSD vector of the ith sound frame; & is the FFT point number; and Z fiy = 1.
The covariance matrix C can be expressed as j=1
C = E{(P—E(P))(P—E(P))} )

From the obtained covariance matrix, a unit orthogonal basis can be obtained by finding its
eigenvalues and eigenvectors. The eigenvalue vector V can be expressed as

V= (ala a2>"'an) (3)
where ¢; (i = 1,2...n) are obtained eigenvalues and
aza,zas...2a, 4

In PCA analysis, usually only first several principal components are needed. Truncated eigenvalue
vector V 1is therefore often used for the feature vector, which could be written as

V =(a,a,,...a,) m<n %)

where m is the number of the retained eigenvalues and corresponds to the dimension of the subspace.

It can be assumed that sounds from a same class have their own special pattern and thus have their
own principal space. Eigenvectors actually can be referred as the direction vectors, while eigenvalues
represent the weights for each direction. In most cases, the truncated eigenvalues can uniquely
characterize the sound. Thus, using truncated eigenvalue vector V as the feature vector is feasible,
practical and reasonable.

3.3 One-class SVM

SVM is a supervised learning method which can separate the data easily using a hyperplane by
projecting them into a high dimension feature space. SVM was first introduced by Vapnik (1979, 1995) and
soon became popular due to its strong power of classification and many successful applications.

SVM was initially used for classifying two classes. But it was soon extended to the use for multi-class
and one-class classification. For one-class classification problems, they are often due to the lack of data
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or incomplete information. In our road cutter recognition problem, considering that it is impossible for
us to collect all kinds of environmental sounds to train them, it is reasonable to apply one-class SVM to
make classification.

The one-class SVM classifier distinguishes other classes from a known class, depending on the
decision hyperplane built on the support vectors and a Kernel function. The decision function for one
class SVM has the form (Unnthorsson et al. 2003)

Ax) = sgn(i o - K(O(X), <1>(Z>)—pj (©)

i=1

where: (X)) is a support vector, d(Z) is a data vector to be classified, K is a Kernel function, / is the
number of the support vectors and p is the offset.

Usually, the hyperplane of the one class SVM is the geometric form of the decision function.
However, for the pipeline monitoring, considering the ponderance of the accidents, we would like to
decrease the rejection error (regarding it is not a road cutter but actually it is), even though it may
increase the risk of acceptance error (regarding it is a road cutter but actually it is not). In this case, we
could shift the hyperplane a little away from the road cutter class, as Fig. 6 shows, so that the margin for
cutter class could be increased and could tolerate more suspicious samples.

An advantage of SVM is that it can project and group separated data to a higher dimensional space.
Even though this paper focuses on the recognition of the road cutters, with the SVM, it could easily
extend to include other construction machines, such as drills and backhoes.

3.4 Standardization

Standardization of the data is sometimes required. There are even some arguments that since the
principal components are dependent on the units used to measure the original variables as well as on the
range of the values they assume, standardization of the data is always necessary to be applied prior to
using PCA (PCA lecture slides, University of Nevada). A common standardization method is to
transform all the data to have zero mean and unit standard deviation. Here, considering the significant
variation of the frequency, the effect of standardization is also tested. With standardization, the
standardized PSD vector P* becomes

s _ Pi—p,
P,=—"£ (i=1,2,...,n) @)
O-P
where 1, and o, are the mean and standard deviation of P respectively.
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The covariance matrix will then have the form

1

kexk

4. Experiments and results
4.1 Experimental setup

In order to test the feasibility of deploying this hazard early warning approach to a real pipeline, on-
site experiments were conducted. The experiments were conducted at several places in Tokyo at
different times. Fig. 7 shows an experiment conducted at one place of Tokyo.

During the experiments, a microphone (Sony ECM-CR120) was used to capture the sound, and a
digital recorder (Olympus IC recorder) was used for recording. The specification of the experiment
equipments can be shown in Table 1. Considering the frequency sensing range of the unit, frequencies
higher than 12 kHz were discarded for all captured acoustic signals.

With the experiments, totally 151 sound samples were collected, including road cutting sounds and
other environmental sounds. As shown in Table 2, 10 road cutting sounds were picked up as the
template cutter sounds which were used to build the one-class SVM for the road cutter class. 15 other
sounds, including 5 cutting sounds and 10 non-cutting sounds, were used for the training sounds, to
train and optimize the Gaussian kernel parameters of the one-class SVM, such as highest allowable
fraction of the misclassification and the bandwidth of the Gaussian distribution. The rest of 126 sounds
were used for testing.

Microphone

Fig. 7 An experiment was conducted in Tokyo

Table 1 Specification of experiment equipment

Microphone Digital Recorder
Model ECM-CR120 Model Olympus V-60
Directivity Omni-directional Sampling frequency 44.1 kHz
Frequency range 100 Hz-12 kHz Frequency range 50 Hz-13 kHz

Sensitivity -46 dB+4 dB Input level -70 dBv
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Table 2 Data collection

Total sounds Template sounds  Training sounds Testing sounds
Cutter 51 10 5 36
Vehicle 15 1 14
Backhoe 44 7 37
Train 4 4
Wood cutting 7
Pionjar drill 5 5
Others 25 2 23
Total 151 10 15 126

4.2 Data analysis and acoustic recognition

For analyzing the sound, the power spectra of the road cutter samples were studied at first. Usually
the sound contains two parts, the low frequency band sound from the engine of the road cutter and the
high frequency band sound from the action of road cutting. It can be found that the frequencies vary
significantly in different samples even though they all belong to the same class, i.e., road cutter, as
shown in Fig. 8. The variation of the frequency can be explained by the working conditions. The
material the blade is cutting is always changing, either the soft asphalt, or sand, or the hard carpolite or
something else. Also, the pressure put on the cutter by workers can never be kept constant. The lubricant
effect of the water, which is indispensable when the cutter is working, will change the frequency too.
Thickness of the road also results in the frequency variation. At last, another fact requiring us to treat
seriously is that the engine condition of different cutters varies significantly too. Usually, for a new
cutter the low frequency component will be small while for an old one, the low frequency engine sound
may be very large, making high frequency cutting sounds relatively trivial. All of these facts will cause
problems for generalizing the classification process.
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Fig. 8 Significant frequency variation of cutter sounds
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Fig. 9 Eigenvalues and proportions of variance (%), with low frequency engine sound included

Since most environmental noise sounds from the street have relatively low frequency components,
such as engine sounds of vehicles and voices of pedestrians, etc., interference may easily happen in the
low frequency band. Moreover, the actual danger to the pipeline is coming from the action of road
cutting. It seems that the road cutting sound should be the deterministic sound that actually
characterizes a road cutter. In this sense, it seems that in order to effectively recognize a dangerous road
cutter, its engine sound and road cutting sound should be separated. As we found that the frequencies
from the cutter engine were usually around 140 Hz, this paper studies the both effects for frequencies
below 500 Hz being either remained or removed.

In the analysis, for each sound sample, 25 tiny frames were segmented out, each lasting 23 ms which
corresponded to sample points of 1024. A 200 ms interval was set between every two adjacent frames.
For each frame, the PSD was calculated and normalized into unit power. The normalized PSDs were
further analyzed using PCA. Thus for each sound sample, the feature vector, i.e., truncated eigenvalue
vector, could be obtained. Fig. 9 shows the eigenvalues (without being truncated) and the accumulated
proportion of variance for template cutter sounds and non-cutter training sounds when low frequency
engine sounds were remained. While Fig. 10 shows the case when low frequency engine sounds was
removed. From Figs. 9 and 10, it can be found that the eigenvalues for cutter sounds are much different
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Fig. 10 Eigenvalues and proportions of variance (%), with low frequency engine sound excluded

with those for non-cutter sounds. Thus the eigenvalue vectors are feasible for the required acoustic
classification.

For effective classification, the subspace dimension in principal component analysis should be
selected carefully, striking a good balance between underfitting, overfitting and also computing cost. It
is simply a problem of deciding how many principal components (PCs) should be retained. This problem,
however, is still a big and open issue for principal component analysis. Basically, there are three popular
criteria which indicate the terminating condition for gathering the PCs (Jolliffe 1986, Jackson 1991).

- Proportion of variance: it means the cumulative percentage of total variation in several PCs. The
required number of PCs is determined to be the smallest value for which a chosen variance percentage
is exceeded. However, there is no definite rule to decide exactly how much the percentage should be
chosen. Jolliffe (1986) suggested a value between 70% and 90%.

- Scree test: it was proposed and named by Cattell (1966). It is a graphical technique. According to
this criterion, the PCs, corresponding to the steepest part till the fairly sharp “elbow” in its eigenvalue
graph, will be retained.

- Kaiser rule: Kaiser (1960) pointed out that only those PCs whose variances no smaller than 1 should
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be retained. However, this method was for using with correlation matrices. For covariance matrices,
Jolliffe suggested to use the average value of the eigenvalues to be the cut-off value, i.e., retaining
those eigenvalues larger than the average value.

From the eigenvalues in Figs. 9 and 10, according to the scree test criterion, the number of PCs
should be around 5. However, according to proportion of variance, about 20 PCs are needed for 90% of
total variance. Thus the required PCs should be between 5 and 20. However, due to the significant
eigenvalue variation caused by frequency variation between samples, it is very difficult for us to decide
the exact dimension of the principal space for our case. In this case, we therefore tested 4 conditions,
when the number of PCs was set to be 5, 10, 15 and 20.

After the truncation of the eigenvalue serials, the remained eigenvalues were used for the feature
vector. The feature vector was then classified by the pre-trained one-class SVM classifier. By studying
the discriminant values of the training samples, as shown in Fig. 11, it could be found that most training
non-cutter sounds were well recognized and their distances to the hyperplane were very large, thus
leave us large space for adjusting the hyperplane. Considering the discriminant values for road cutter
sand non-cutters, the hyperplane was deliberately shifted a little away from the road cutter class, to be
-0.03, to decrease the rejection error for road cutter samples.

With the PCA and one-class SVM classifier, all the testing sounds were classified and the recognition
correctness rates were listed in the Table 3. The recognition correctness refers to whether cutter sounds
can be correctly recognized as from road cutters and non-cutter sounds be recognized as not from road
cutters. Results show that the PCA and one-class SVM based cutter recognition algorithm can do the
work very well. For road cutters, the recognition correctness rate can be as high as 97.22%, while for
overall, the correctness rate can still reach 95.24%. Even though it assumes that removing the low
frequency band can improve the recognition, our result shows that there is no much difference between
the cases when the low frequency band is remained and removed. The improvement is very small.
However, it should also be noted, that with the low frequencies removed, only 5 PCs can lead to the
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-0.05
-0.1 L
SRR | | | | | & EEEEE
02F-4--4----L- - I A B
025F-+--4----t- - AN BN
-03F-+------L_ 1T I B e, L
-0.35-
-04
2045,

Discriminant value

I cutter
I non-cutter

-05F-

- - B i e R SR
I |
I

1 1 1 1 1 1 I

6 7 8 9101112131415
Sample index

Fig. 11 Discriminant values for training samples with PCs being 10 and low frequency engine sounds remained
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Table 3 Recognition correctness rate (%)

All frequencies remained Low frequencies removed
PC=5 PC=10 PC=15 PC=20 PC=5 PC=10 PC=15 PC=20
Cutter 97.22 97.22 97.22 97.22 97.22 97.22 97.22 97.22
Vehicle 85.71 85.71 92.86 92.86 100 100 100 100
Backhoe 91.89 94.59 94.59 94.59 97.30 97.30 97.30 97.30
Train 100 100 100 100 100 100 100 100
Wood cutting 100 100 100 100 85.71 85.71 85.71 85.71
Pionjar drill 80 80 80 80 40 40 40 40
Others 91.30 95.65 95.65 95.65 100 100 100 100
overall 92.86 94.44 95.24 95.24 95.24 95.24 95.24 95.24
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Fig. 12 Eigenvalues and proportions of variance with low frequency engine sounds remained and standardization
applied

best result. When the low frequencies are remained, however, the recognition resolution for Vehicles is
only 85.71%. While with the low frequencies removed, all vehicles are well recognized. Considering
there will be many vehicles on the roads, removing the low frequency band to have a better recognition
for vehicles will be practical and useful.
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4.3 Sound recognition with standardization

In this research, standardization was also tested. This time, all the normalized PSD vectors were first
standardized prior to the PCA analysis. The eigenvalues of the template cutter sounds after standardization
are shown in Figs. 12 and 13. Obviously, the eigenvalues with standardization differ significantly from
those without standardization. With standardization, the variation of the eigenvalues is strongly
alleviated. It can also be found that, with standardization, the posterior eigenvalues become much closer
between the cases of cutter sounds and non-cutter sounds, which will make the recognition much more
difficult.

Figs. 12 and 13 also shows that with standardization, more variance energy is distributed into
posterior principal components, so that the situation of variance condensing into few principal components
becomes worse; in this case, it is very difficult for us to determine the number of PCs required using the
scree test criteria. For the view of the accumulated variance proportion, 20 PCs contains about 90% of
the total variance. In this case, we also tested the data for 4 conditions, i.e., the principal space
dimension being 5, 10, 15 and 20 respectively. The final recognition results are listed in Table 4. It is
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Fig. 13 Eigenvalues and proportions of variance with low frequency engine sounds removed and standardization
applied
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Table 4 Recognition correctness rate when standardization is applied (%)

All frequencies remained Low frequencies removed
PC=5 PC=10  PC=15 PC=20 PC=5 PC=10 PC=15 PC=20
Cutter 86.11 86.11 86.11 86.11 88.89 88.89 88.89 88.89
Vehicle 100 100 100 100 78.57 78.57 78.57 78.57
Backhoe 91.89 91.89 91.89 91.89 86.49 86.49 86.49 86.49
Train 100 100 100 100 100 100 100 100
Wood cutting 100 100 100 100 100 100 100 100
Pionjar drill 100 100 100 100 40 40 40 40
Others 91.30 91.30 91.30 91.30 91.30 91.30 91.30 91.30
overall 92.06 92.06 92.06 92.06 86.51 86.51 85.71 85.71

obvious that with standardization the results become much worse. Moreover, many errors are coming
from the road cutter sound, which will lead to high risks for the pipeline. Therefore, standardization
should not be applied in our case.

5. Conclusions

In this paper, acoustic information is used to recognize dangerous construction machines that are
potential hazards to the well-being of underground pipelines. An early warning approach is introduced
to prevent hazards. A sound recognition method based on PCA and one-class SVM was studied and
applied. With it, a sound sample can be recognized with many separated segmented frames. The
abstracting ability of PCA could make it robust to noises. At the same time, one-class SVM classifier
could provide good classification ability. Real-site experiments were conducted and data were analyzed.
Results show that PCA and one-class SVM based algorithm can do the work very well. It can also be
found that standardization will make the results much worse and therefore should not be applied prior
to the PCA analysis. The potential hazard detection approach based on acoustic recognition for
construction machines studied in this paper will be very useful for pipeline early warning systems in the
future to prevent disasters and ensure the safety of underground lifeline infrastructures.
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