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Abstract: An adaptive approach of abnormal signal extracting is proposed for pipeline leak detection based on acoustic
method in this paper. The dynamic pressure signal is divided into many intervals based on zero crossing points, and
each frame of signal is regarded as the superposition of the interval signals. The characteristics of the interval signals
and their Signal-to-Noise Ratios (SNRs) are analyzed first. Based on the analysis, the number of abnormal signal inter-
vals is determined depending on the position of inflection point in the Root-Mean-Square error sequence obtained by
SNR difference sequences, and then abnormal signals are isolated. In this method, the feature extraction of signals and
leakage diagnosis model training are all cancelled, and the problem of missing alarm can be overcome. The field exper-

iment testified the effectiveness of the approach.
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1. INTROUCTION

At present, many domestic and overseas scholars
have done a lot of research on the pipeline leak detection
technologies and pipeline leak signal feature extraction [!-
3. Among them, the study of pipeline leak detection
method based on acoustic [ is relatively outstanding.

Pipeline leakage diagnosis is the basis of the leak lo-
cation. With the development of science and technologies
as well as the needs of engineering practice, people pro-
pose many leakage diagnosis methods and models. Jiedi
Sun et al put forward the concept of root mean square

entropy, and regarded it as the feature of abnormal signals.

Then, local mean decomposition (LMD) method com-
bined with support vector machine (SVM) was adopted to
establish the leakage diagnosis model. However, there are
still some problems need be solved in the LMD method,
such as the choice of moving average step, the criterion of
pure frequency modulation signal and the endpoint effect
[, Yu Zhang et al decomposed the detected signal into a
sum of finite intrinsic mode functions (IMFs) by empiri-
cal mode decomposition (EMD). The normalized kurtosis
value of the main IMF components was analyzed and
extracted as feature of the abnormal signals. However,
boundary effect, modal aliasing and so on are problems to
be solved . Yuanhua Qi et al proposed a method for
feature extraction based on the time domain statistical
characteristics of acoustic signal, and only normal signal
samples were used to train the leakage diagnosis model of
PCA-SVDD, but the model based on PCA-SVDD also
has some problems, such as the selection of kernel func-
tion should be made by experience and the model allows a
certain probability of false and missing alarm Ul Wei
Liang et al used wavelet packet nodes’ energies of normal
signal samples as the input space of Gaussian mixture
model (GMM) to train leakage diagnosis model, and the
number of Gaussian function in the GMM was deter-
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mined by Bayesian information criterion (BIC)®]. Lei Ni
et al used wavelet packet characteristics entropy to de-
scribe abnormal signals, and built leakage diagnosis mod-
el based on PSO-SVM P!, Likun Wang et al built leakage
diagnosis model based on Back-Propagation neural net-
work using kurtosis and energy as the input feature space
10, In addition to the above methods, there are many
leakage diagnosis approaches. These approaches have
some common problems: some features (kurtosis, energy
and so on) are used to describe abnormal signals, samples
(normal or abnormal signal samples) are used to train
leakage diagnosis model. Whereas, these extracted fea-
tures and samples cannot fully represent signals under all
conditions, then missing alarm is inevitable. In recent
years with the rapid development of data driven 13 and
its application in process monitoring ''¥, some new ideas
are provided to solve these drawbacks mentioned above.

An approach of adaptive abnormal signal extraction
based on iterative Signal-to-Noise Ratio (SNR) computa-
tions is proposed in this paper. A frame of signal is firstly
divided into positive and negative intervals according to
the zero crossing points and is regarded as the superposi-
tion of all interval signals. With the increasing of the as-
sumed number of abnormal signals, the SNR of every
interval signal is then calculated iteratively. The abnormal
signals are extracted by adaptively finding the inflection
point of Root-Mean-Square (RMS) error sequence calcu-
lated from difference sequences of successive two SNR
sequences. The approach does not need feature extraction
and leak diagnosis model training; the missing alarms
aroused by these procedures are then eliminated. And it
can not only determine the number of abnormal signals,
but also locate the abnormal signals in the original signal
which provides support for the leak location with correla-
tion.

The rest of the paper is organized as follows. In Sec-
tion 2, the algorithm of abnormal signal extraction is pro-
posed. In Section 3, numerical simulation is carried out to
evaluate the performance of the approach proposed. In
Section 4, field data test is used to verify the effectiveness
of this approach. Conclusions are given in Section 5.
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2. ADAPTIVE ABNORMAL
TRACTION BASED ON
COMPUTATIONS

As the dynamic pressure signals are bipolar signals
with positive and negative signals alternatively, a frame
of signal is firstly divided into positive and negative in-
tervals according to zero crossing points. Assuming that
there are M intervals after dividing, each interval is re-
garded as an independent signal, namely a frame signal is
a superposition of M interval signals. The beginning and
ending time of each interval are named SS#(k) and SEnd(k)
respectively, and £ is interval index number, as shown in
the Fig. 1. Assuming that the absolute value of signal
peak in each interval is sp(k), the peak position is Ppos(k),
1<k<M, then:

SIGNAL EX-
ITERATIVE

M
x(m)= ) s,(n) (M
k=1
where Si(n)=x(n) - Wi(n)y=x(n) - [u(n-SS(k))-u(n-SEnd(k))],
sp(ky=max{|Si(n)|}. Wi(-) is window function and u(") is
step function.

Fig. 1: Interval dividing of signal
Ordering peaks vector ranging from big to small as:
P=[sp(1),5p(2),....sp(M)]".
The corresponding original interval indexes are
stored in an array Pos, which can be used to trace the
peak back to the interval position in the original signal.

Based on the experience of pipeline leak detection,
the following assumptions can be made:

A1: The number of noise signal intervals in a signal
frame is greater than that of abnormal signal intervals,
namely: m<<MJ2.

A2: The absolute value of abnormal signal peak is
greater than the normal signal, namely: sp,>sph.

According to the experience, the number of abnor-
mal signal intervals in a frame dynamic pressure signal is
far less than the total intervals number. That is the number
of abnormal signal intervals is far less than the noise sig-
nal intervals, namely m<<M-m. Then the assumption of
Al is founded. Assumption A2 is a typical conclusion in
pipeline leakage detection based on dynamic pressure
signal because of signal de-noising.

Generally, Signal-to-Noise Ratio (SNR) is defined as:

SNR =101g(P, / P,)(dB) 2
Where P, = As2 /2, as is the peak of signal, P, is the noise
variance.

Combining with the assumption in Eq. (1) and Al,
the P, in the SNR definition formula is modified as:

p=x Al

i=1

)/ (M =1) 3
Where 4,(i) is the i interval signals’ maximum peak

(background signals).

In the following, the algorithm of adaptive abnormal
signal extraction is given. And there are some lemmas
used in this algorithm. The following lemmas are devel-
oped first.

Lemmal: If sp(i)>sp(j), then SNR>SNR;.

Proofl. Vector P in descending order, namely
sp(i)>sp(i+1), available SNR of each interval is given
based on Eq. (2) and Eq. (3):

sp*(i)/2

sp> ()M ~1)
S’ -
sp(i) > spgl+ )
sp (i) > sp> (i +1)
(ispz(j)) —sp’ (i) < (ﬁ;sp2 () =sp(i+1)

SNR(i)=101g

Jj=1

=10l1g

sp’ (i) S sp*(i+1)
(Z sp* (/) —sp* (i) (Z,SP2 () —sp*(i+1)

" M-1>0, and y=10lgx is a monotone increasing function.
sp* ()M ~1) sp” i+ DM ~1)

M- ()= +D)

<« SNR(i) > SNR(i +1)

Thus if sp(i)>sp(j), then SNR>SNR;.

Lemma?2: If sp(i)>sp(j), then p(sp(i))>p(sp(j)), p is the
probability that sp’s interval is abnormal signal.

Proof2: From the A2, it can be got that the absolute value
of abnormal signal peak is greater than the normal signal.
That is to say, if sp(7) is not abnormal signal, then sp(i+1),
sp(it2), ..., sp(M) are certainly not abnormal signals. In
other words, if sp(i)>sp(j), then p(sp(i))>p(sp(y)).

The elements in vector P represent the absolute value
of interval peak, and are ordered from big to small. From
the Lemma2, it can be seen that if there are m abnormal
interval signals, the others are noise signals, the vector P
can be expressed as P=[spil),...,spa(m), spu(l),...,
spu(M-m)]".

Based on the Al, A2, Lemmal, Lemma2, Eq. (2)
and Eq. (3), this paper proposes an adaptive approach for
extracting abnormal signals based on iterative computa-
tion:

S 10lg > 10lg

Stepl: Assuming that there is one abnormal signal
corresponding to the first element in vector P, the SNR of
the abnormal interval signal is calculated according to the
Eq. (4). The SNRs of the other background interval sig-
nals are calculated according to the Eq. (5), where
J=2,....M.
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SNR, (1) = 101g(—- sp”(1)
(Zspz(i))/(M—l)

) 4)

2, .
_ sp~(J) ) (5)
(D sp*()/(M=2)
i=2,i% )
Step2: Increasing the number of abnormal signals to
m in turn, the SNRs of the abnormal interval signals are
calculated according to Eq. (6), and the SNRs of the other
background interval signals are calculated according to

Eq. (7).

SNR, (j) =101g(

SR, () = 101g(——2" ) ) ©)
(Y s/ (M-m)
SNR, (j) =101g( °() ) (7)
(D @)/ (M—(m+1)

where in Eq. (6) j=1,2,...,m, and in the Eq. (7)
j=m+1,...M, m=1, 2,....L. L is the maximum iterative
times which represents the largest possible number of
abnormal signals in a frame.

Step3: The difference equation and its Root-Mean-
Square error (denoted with RMSED) are defined as fol-
lowing:

Dswe, (j)=SNR, (j)—SNR,_,(j)j=1,...M; m=2,....L

3
] & .
MDygy,, , =— z D1 (J) O]
M=
M ;
Z (DSNRm—] (J) - jMDSNRm—l )
RMSED,, , =\ (10)

M -1

Step4: Each RMSED obtained by difference se-
quence Dgyr is regarded as an element of the vector R, R=
[RMSED\, RMSED:., ..., RMSED;.i]. Because RMSED; is
greater than zero, R is processed as the following in order
to make the sequence R have bipolar characteristic.

The element which is the first one out of the range
[RMSED", RMSED™"] in vector R by reverse order is de-
noted by RMSED,. Then calculating the mean value (de-
noted by mr) of elements from r+1 to L-1 in vector R, the
new vector R’ is obtained by every element minus mr:

L-1
MR:ﬁZRMSEDm (11)

m=1

L-1
> (RMSED,, — MR)?

o =122 12
5 (12)
RMSED" = MR+0, RMSED" =MR—-0o  (13)
1 L-1
mr = RMSED 14
T Z , (14)
R’ =[RMSED, — mr, RMSED, —mr,...,RMSED, , —mr]
(15)
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Similarly, as the elements in R also have the bipolar
characteristic, R'is divided into positive and negative in-
tervals according to zero crossing points.

Assuming that there are / intervals after dividing, the
beginning and ending time of each interval are named
SSf (k) and SEnd (k) respectively, and k is interval index
number, namely k=1,...,/. Then each interval’s absolute
value of sum (denoted by sumy) can be got, and the max-
imum value (denoted by sumi,) in all sums also can be
found out.

Finally, the interval index pos indicate the interval
which the abnormal signal locates in.

The number of abnormal signals can be got by trac-
ing to the source. In this paper, the number of extracted
abnormal signals is denoted by Num:

SEnd ' (k)

sum, = Z (RMSED, —mr) (16)
i=SSt (k)
SUM, .. = max(sum,Sum,,..., sum,) 17)
Num = SEnd '(pos) +1 (18)
The following Proof3 presents the reason why Eq.
(18) plus one.
Proof3:

" RMSED, = f(SNR,

i+12

SNR)) , i=1,...,L-1, and the cor-
responding number of iterations m=2,...,L

i=m-1
Also’.” The number of iterations expresses the number of

abnormal signals, namely m=Num

i=Num—1
Also"." i=SEnd '(pos)

Num = SEnd '(pos)+1

Step5: After the Num is determined, every abnormal
signal’s position in the original signal can be got by trac-
ing the peak back to the interval position in the original
signals. The beginning time of every abnormal signal in

original signal is denoted by #,(i), and the ending time is
denoted by #.(i), where i=1,2,....Num:

t (i) = SSt(Pos(i)) (19)
t,(i) = SEnd(Pos(i)) (20)
For the convenience of following-up leak location,
the normal signals are made zero clearing.

3. NUMERICAL SIMULATION
Considering the following equations:

g=e+f*h 21)
B=[8 8, B B 22)

[4sin(2r f,x)]* [u(randi) —u(randi+ n, —1)]
_ [A4,sin(27 f,x)]*[u(randi) —u(randi + n, —1)]

a [4;sin(27 f,x)]* [u(randi) — u(randi + n, —1)]
[A,sin(27 f,x))* [u(randi) —u(randi+ n, —1)]

Where the data points N=6000, sampling frequency
f=50Hz (the dominant frequency of acoustic leak signal is
less than 20Hz). e is Gaussian and randomly produced
with mean 0 and standard deviation 0.5. x= (0: N-1)/f;, u (*)

(23)

7263



7264

is unit step function. randi is a random integer from 0 to
N-1. n; is the data points of every sinusoidal signal in a
single cycle. Amplitude/V and frequency/Hz of sinusoidal
signal are set as follows: A1=7, A,=12, A3=5, A+=3,
£1=0.50, £2=0.45, £:=0.43, £:=0.39. p=0 or 1. If one and
only one element is 1 in vector f, it means that there is
only one sinusoidal signal. If at least two elements get 1
in vector f, it means that there are two sinusoidal signals.
In this paper f=[1 1 1 1], namely, the number of sinusoi-
dal signals is 4 and abnormal signals is 8, as shown in
Fig.2.

Amplitude/V

15 L L L L L
0 20 40 60 80 100 120

tls

Fig. 2: Simulated abnormal signals

Fig. 3 shows the RMSED curve of simulated abnor-
mal signals respect to different iteration times. From the
Fig.3, it can be seen that the RMSED curve changes inten-
sively in the beginning and then tends to stabilize with the
increasing of the number of iterations. When RMSED
becomes stable, the corresponding number of iterations is
the number of abnormal signals. While after RMSED cen-
tralized processing, as shown in Fig. 4, R" can be divided
into / (/=3) intervals. From the Fig. 4, it can be seen that
the maximum value of each interval’s accumulation is in
the first interval, namely pos=1. And this interval corre-
sponding to iteration cut-off time is SEnd(pos)=7. So the
number of abnormal signals is Num= SEnd(pos)+1=8,
which is consistent with the fact. The positions of abnor-
mal signals can be traced from the position of the original
signal with Eq. (19) and (20). And the Fig. 5 is the ab-
normal signals extracted.

x 10"

RMSED/dB

0
o g 20 30 4 5 6 720 8 9 100
Iteration times

Fig. 3: The RMSED curve of the simulated abnormal signals respect to
different iteration times

012
0.08 01 B
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(RMSED-mr)/dB

0.02

Fig. 4: The RMSED-mr curve of the simulated abnormal signals respect
to different iteration times

Amplitude/V
°
_—

L L
0 20 40 60 80 100 120
ts

Fig. 5: The extracted abnormal signals

Times

The number of abnormal signals

Fig. 6: The statistical results of abnormal signals

In order to test whether any missing alarm will occur
with the approach proposed above. A big data sample is
generated randomly, particular procedure is as follows:

Based on based on Eq. (21), Eq. (22) and Eq. (23),
corresponding to the amount of the data of one year in
pipeline leak detection, a signal sample including 525600
data is generated. The amplitudes (A1, A2, A3, A4) and
position of abnormal signals (simulated with sinusoidal
signal) in every frame signal sample are randomly gener-
ated. The results is shown in Fig. 6, the horizontal axis
shows the number of abnormal signals extracted, and the
vertical axis shows the frequency of abnormal signals’
number extracted. According to Fig. 6, it can be seen that

2016 28th Chinese Control and Decision Conference (CCDC)



the number of abnormal signals extracted is always great-
er than or equal to 8. In other words, there is not missing
alarm occurred.

4. FIELD DATA TEST

Field data from a naphtha pipeline are also used for
test. The pipeline was 15.5114m long, and the pressure
was 2.18 MPa at upstream, 0.48 MPa at downstream. Pipe-
line diameter was 150 mm, artificial leaks was 9.476km
away from the upstream of the pipeline. The sampling
frequency was 50 Hz.

As the dynamic pressure signals detected by the pie-
zoelectric pressure transducer were coupled with a great
number of background noise signals, in order to improve
the SNR of signals, wavelet soft-threshold de-noising is
used to de-noise the signals collected from the field (DB9
in Daubechies wavelet group is selected as the wavelet
basis and the decomposition scale is 5).

Upstream

Amplitude/V

0 20 40 60 80 100 120 140 160 180
t/s
Downstream

Amplitude/V

20 40 60 80 100 120 140 160 180
tls

Fig. 7: Abnormal signals instance
There was an artificial leak signal simulated on this
pipeline on November 21, 2013, 14:24, and the leakage
hole-size was less than 4mm. Dynamic pressure signals
were collected by piezoelectric pressure transducers in-
stalled at upstream and downstream of the pipeline re-
spectively.

Upstream
0.5 T T
0.4 4
3
B 03r 1
2
s 0.21 B
I~
0.1 B
0
0 5 10 15 20 25 30 35
Interation times
Downstream
0.1 T T
0.081 4
@
= o006 1
2
s 0.04 - 1
4
0.02 B
0 T T T N .
0 5 10 15 20 25 30 35

Interation times

Fig. 8: The RMSED curve of the true abnormal signals respect to differ-
ent iteration times
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Fig. 9: The RMSED-mr curve of the true abnormal signals respect to
different iteration times
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Fig. 10: The extracted abnormal signals

As shown in Fig. 7, upstream and downstream have
four abnormal signals respectively. Fig. 8 shows the
RMSED curve corresponding to different iteration times,
from which it can be seen that the inflection points of
upstream and downstream are all around 4. Then the ac-
cumulation’s maximum values of upstream and down-
stream are all in the first interval. The SEnd(pos) of up-
stream is 4, and the downstream SEnd(pos) is 3, as shown
in Fig. 9. So the number of abnormal signals in upstream
and downstream is 5 and 4. And the Fig. 10 is the abnor-
mal signals extracted.

Multiple artificial leaks had been simulated on the
naphtha pipeline in November 20 to 21, 2013, and the
leak hole-size are 4mm, 8mm, less than 4mm, less than
8mm respectively. The proposed approach is tested using
these historical data. The extracted abnormal signal num-
bers are compared with actual numbers. The results are
shown in Table 1.

From Table 1, it can be seen that the number of ex-
tracted abnormal signals are always bigger than or equal
to the actual numbers. That means all abnormal signals
are found, and there is no missing alarm occurred.

Table 1. The comparison of actual and extracted abnormal
signals number
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Actual Extracted
Leakage
Leakage time hole- number number
¢ i Up/Down | Up/Down
size/mm
stream stream
16:14 2/2 5/3
16:21 4 2/2 3/4
16:24 372 7/4
On No- 16:27 ) 212 4/3
vember 16:31 2/2 8/3
20,2013 1751 » -
17:54 2/2 2/5
<8
17:57 2/2 4/5
18:01 2/2 3/4
14:24 4/4 5/4
OnNo- | 14:39 22 28
vember <4
21,2013 14:43 2/2 4/5
14:46 2/2 4/3
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5. CONCLUSIONS

This paper proposes an adaptive abnormal signal ex-
traction approach based on iterative computation of SNR,
no feature extraction and leakage diagnosis modeling are
needed. Furthermore, threshold setting can be eliminated
too. It has been testified with filed data that all of the ab-
normal signals can be extracted without missing. Howev-
er, there are some certain defects, such as the number of
abnormal signals extracted is often bigger than the actual
numbers, which may result in false alarming. These prob-
lems need to be explored next.
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