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   Abstract—Accurate detection of pipeline leakage is  essential  to
maintain  the  safety  of  pipeline  transportation.  Recently,  deep
learning (DL) has emerged as a promising tool for pipeline leak-
age  detection  (PLD).  However,  most  existing  DL  methods  have
difficulty  in  achieving  good  performance  in  identifying  leakage
types due to the complex time dynamics of pipeline data. On the
other hand, the initial parameter selection in the detection model
is generally random, which may lead to unstable recognition per-
formance. For this reason, a hybrid DL framework referred to as
parameter-optimized recurrent attention network (PRAN) is pre-
sented  in  this  paper  to  improve  the  accuracy  of  PLD.  First,  a
parameter-optimized  long  short-term  memory  (LSTM)  network
is  introduced  to  extract  effective  and  robust  features,  which
exploits  a  particle  swarm  optimization  (PSO)  algorithm  with
cross-entropy  fitness  function  to  search  for  globally  optimal
parameters.  With  this  framework,  the  learning  representation
capability  of  the  model  is  improved  and  the  convergence  rate  is
accelerated. Moreover, an anomaly-attention mechanism (AM) is
proposed to  discover class  discriminative information by weight-
ing the hidden states, which contributes to amplifying the normal-
abnormal  distinguishable  discrepancy,  further  improving  the
accuracy of PLD. After that, the proposed PRAN not only imple-
ments the adaptive optimization of network parameters, but also
enlarges  the  contribution  of  normal-abnormal  discrepancy,
thereby overcoming the drawbacks of instability and poor gener-
alization.  Finally,  the experimental results demonstrate the effec-
tiveness and superiority of the proposed PRAN for PLD.
    Index Terms—Anomaly-attention  mechanism  (AM),  long  short-
term memory (LSTM), parameter-optimized recurrent attention net-
work  (PRAN),  particle  swarm  optimization  (PSO),  pipeline  leakage
detection (PLD).
  

I.  Introduction

OVER the decades, the continuous progress of science and
technology  has  promoted  the  rapid  development  of  the

oil  industry.  As  a  long-distance  carrier  of  gas,  oil  pipelines

have become the core equipment of the oil and gas transporta-
tion system benefiting from the advantages of safety, reliabil-
ity and low investment. However, due to the corrosive nature
of  oil  and  prolonged  exposure  to  harsh  working  conditions,
pipeline  leakage  has  become  a  potential  threat  to  transport
systems,  which  inevitably  results  in  energy  waste,  economic
loss,  and even human injury.  Consequently,  it  is  of  vital  sig-
nificance to establish an intelligent pipeline leakage detection
(PLD) to ensure reliable operation of pipelines.

Generally, an intelligent PLD can be treated as a classifica-
tion  task  of  an  abnormal  time  series  implemented  by  using
artificial  intelligence  techniques.  This  line  of  works  can  be
roughly  divided  into  two  categories:  statistical  knowledge-
based  conventional  machine  learning  and  neural  network-
based deep learning. Specifically, the former has been widely
applied  and has  yielded numerous  achievements  [1],  [2].  For
example,  a  Bayesian-based  model  was  employed  in  [1]  to
detect leakage in submarine gas and oil  pipelines,  in which a
Bayesian  network  was  employed  to  calculate  the  probability
of  failure  with  a  mapping relationship.  In  addition,  a  support
vector machine (SVM) classifier was exploited in [2] to iden-
tify  the  leakage  of  gas  pipeline,  where  the  features  prepro-
cessed  by  wavelet  transform  was  used  as  the  input.  Despite
the  considerable  achievements  of  statistical  knowledge-based
machine learning, it still faces the following challenges: 1) the
high  time-complexity  of  the  models  makes  it  intractable  to
handle the explosive volume of  data;  and 2)  the shallow fea-
tures used for training make it difficult to characterize the dis-
tribution of high-dimensional data.

In  this  case,  neural  network-based  deep  learning  has  had
many successful applications in fault detection due to its pow-
erful  representation  ability  without  requiring  much  expert
experience  [3]–[5].  Recently,  a  model  with  a  convolutional
neural  network  (CNN)  was  presented  in  [3]  for  detecting
pipeline  leakage,  where  the  CNN  was  used  to  automatically
extract  leakage  features.  Moreover,  a  deep  belief  network
(DBN)-based  method  was  put  forward  in  [5]  to  detect  the
pipeline  leakage,  where  the  conventional  softmax  layer  was
replaced  by  a  linear  regression  layer  for  obtaining  nonlinear
and unstable features. However, the nodes between each layer
are  disconnected in  the structure  of  the  above models,  which
makes it impossible for them to use temporal information. As
a result, they perform poorly when dealing with pipeline sam-
ples. Compared with these models,  recurrent neural networks
(RNNs)  provide  a  promising  tool  in  processing  time-series
data due to the feedback connections between the hidden layer
and  previous  layer.  As  such,  various  RNN-based  diagnostic
methods  have  been  proposed  to  achieve  higher  accuracy  in
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PLD.
It  is  worth  noting  that  due  to  the  dominance  of  near-range

gradients,  the  RNN  is  inevitably  affected  by  its  gradient
diminishing and exploding when processing long-term depen-
dencies, which severely limits the performance of PLD. In this
case,  as  a  variant  of  the  RNN,  a  long  short-term  memory
(LSTM)  network  has  been  developed  to  achieve  selective
memory for information by adding three types of gates. Until
now,  the  LSTM  has  been  a  popular  research  area  in  various
fields such as text generation and video captioning. Similarly,
the LSTM outperforms other  RNNs in PLD, see [6]–[8].  For
example,  with  the  purpose  of  detecting  leakage  of  pipelines,
an approach combining the LSTM and RNN was developed in
[6], in which the output states of the RNN were employed as
the  input  of  the  LSTM.  Additionally,  a  novel  DCNN-LSTM
method  was  proposed  in  [7]  for  pipeline  crack  prediction,
where  the  LSTM  was  utilized  to  extract  the  pipeline  crack
evolution characteristics. Furthermore, in [8], a leakage detec-
tion  model  combining  the  LSTM  and  generative  adversarial
network (GAN) was designed to predict the pipeline leakage,
where the LSTM was employed to extract temporal features.

Note that the performance of LSTM is highly dependent on
the  selection  of  parameters,  which  can  be  considered  as  an
optimization  problem.  Therefore,  it  makes  practical  sense  to
implement adaptive optimization of LSTM parameters [9]. As
a  typical  evolutionary  computation  algorithm,  the  particle
swarm  optimization  (PSO)  algorithm  has  been  exploited  for
discovering  the  optimal  solution  by  simulating  the  social
behavior  of  birds  flocking  or  fish  schooling  [10].  Thus,  the
PSO algorithm has attracted much research attention due to its
competitiveness  regarding  high  robustness  and  fast  conver-
gence, and has been successfully applied in various areas such
as  sentiment  analysis  and  image  segmentation.  Motivated  by
this, it seems natural to apply the PSO algorithm to the field of
PLD [11]–[14]. Recently, a novel PSO algorithm with mixed
time-delays  was  proposed  in  [12]  to  optimize  the  parameters
of  the  SVM,  which  effectively  improved  the  classification
accuracy  of  PLD.  More  recently,  the  PSO  algorithm  was
employed  in  [13]  for  PLD,  which  optimized  the  penalty  fac-
tor  and  number  of  signal  decomposition  layers  of  variational
modal  decomposition  (VMD).  Moreover,  the  PSO  algorithm
was adopted in [14] to optimize the center, width and weight
of  the  radial  basis  function  (RBF)  for  fault  detection  in  oil
pipelines.

In  our  work,  the  impact  of  natural  properties  of  pipeline
samples  on  the  accuracy  of  PLD also  be  investigated,  where
the dominant  role  of  normal  time points  makes the abnormal
section less distinguishable. Therefore, for the purpose of fur-
ther  improving  the  accuracy  of  PLD,  an  anomaly-attention
mechanism  (AM)  is  proposed  to  amplify  the  normal-abnor-
mal  distinguishable  discrepancy.  As  a  screening  method  for
information  contribution,  the  AM  has  gained  wide  applica-
tions  in  numerous  areas  including  text  filtering  and  machine
translation.  Over  the  past  few  years,  much  efforts  have  been
devoted to studying the application of the AM in fault detec-
tion, and considerable literature has been published [15]–[17].
For example, the AM was employed in [15] to locate informa-

tion  data  segments  by  assigning  different  weights  to  output
states of the LSTM, which improved the fault detection accu-
racy of rolling bearings.  More recently,  a novel fault  diagno-
sis method for a motor was put forward in [16], where the AM
was  utilized  to  highlight  crucial  information  from  the
Adaboost  algorithm through weight  mapping.  Furthermore,  a
method combining the AM, CNN and LSTM was proposed in
[17]  to  detect  the  fault  of  wind  turbine,  where  the  AM  was
exploited  to  assign  different  weights  for  fault  characteristics
extracted from the LSTM.

To  sum  things  up,  this  paper  proposes  a  parameter-opti-
mized recurrent attention network (PRAN) to further improve
the detection accuracy with oil  pipelines.  The main contribu-
tions are outlined as follows:

1)  We present  a  novel  PSO-optimized LSTM for  the PLD.
In  particular,  the  PSO  algorithm  can  be  seamlessly  incorpo-
rated  into  the  detection  model  by  adopting  a  fitness  function
that is consistent with the LSTM. In this way, the selection of
LSTM parameters  is  released  from its  dependency  on  expert
experience,  thus  improving  the  performance  of  the  detection
model.

2) We introduce an anomaly-attention mechanism to obtain
class  discriminative  information  by  weighting  the  hidden
states,  which  is  conducive  to  enlarging  the  normal-abnormal
distinguishable  discrepancy.  The  AM  enhances  the  contribu-
tion of abnormal time points, which is capable of overcoming
poor generalization and enhancing the representational power
of the model.

3) The proposed PRAN algorithm is successfully applied to
the  PLD.  Experimental  results  demonstrate  that  the  proposed
model  outperforms  other  existing  methods  in  terms  of  accu-
racy and convergence.

The rest of this paper is organized as follows. The prelimi-
naries  of  the  LSTM, PSO and AM are  introduced  in  Section
II. A novel parameter-optimized recurrent attention network is
presented in Section III. Experimental results, parameters set-
tings  and  discussions  are  illustrated  in  Section  IV.  Finally,
conclusions and relevant future work are drawn in Section V.  

II.  Preliminaries
  

A.  Long Short-Term Memory Network
Compared  with  conventional  forward  neural  networks,  the

RNN has connections between the hidden layer and previous
layer. Therefore, the RNN is capable of memorizing informa-
tion from the previous moment and applying it to calculate the
output of current moment. In addition, the RNN can be trained
with  continuous  data  and  target  output  by  back  propagation.
For  this  reason,  the  RNN has  the  ability  to  solve  time-series
samples. Till now, the RNN has obtained wide applications in
the areas of machine translation and robot [18]. The structure
of the RNN is presented in Fig. 1.

xt st
ot

As illustrated in Fig. 1, the RNN is composed of three lay-
ers:  an  input  layer,  a  hidden  layer  and  an  output  layer. , 
and  are the input,  hidden state and output of the RNN at t
moment,  respectively. U, W and V represent  the  weights
shared  during  the  training  process.  The  forward  propagation
process of the standard RNN is defined as follows:
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st = tanh(Wst−1+Uxt +bu) (1)
 

ot = V st +bs (2)
tanh

tanh(·) = ex−e−x

ex+e−x bu

bs

where  is  the  non-linear  activation  function  for  the  hid-
den  layer,  which  usually  denoted  by ;  and

 denote  the  biases  of  the  hidden  layer  and  output  layer,
respectively.  Nevertheless,  the  RNN  has  significant  perfor-
mance  degradation  during  backpropagation  due  to  the  weak-
nesses  of  gradient  diminishing  and  exploding,  which  means
that  RNN cannot capture long-term dependencies effectively.
As  such,  as  an  alternating  method,  the  LSTM  was  put  for-
ward  in  [19]  for  avoiding  the  phenomena  above.  The  struc-
ture of the LSTM is depicted in Fig. 2.
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Fig. 2.     The structure of the LSTM.
 

Ft

As presented in Fig. 2, the LSTM consists of an input gate,
an output  gate and a forgetting gate.  The key idea lies  in the
introduction  of  a  memory  cell C as  an  accumulator  of  state
information  to  tackle  long-term dependencies.  The  forgetting
gate  selectively  abandons  redundant  information  from the
previous unit and the principle is described as
 

Ft = σ (WF · [ht−1, xt]+bF) (3)
σ (·) = 1

1+e−x sigmoid WF

bF ht−1 (t−1)
xt

where  is  the  function;  is  the weight
matrix;  is the bias vector;  denotes the output of 
moment;  represents the input at t moment; and · denotes the
matrix multiplication.

ItThe input gate  decides which information is updated and
can be expressed as follows:
 

It = σ (WI · [ht−1, xt]+bI) (4)
 

Ĉt = tanh(WC · [ht−1, xt]+bC) (5)
WI bI Ĉt

WC bC

where  is  the  weight  matrix;  is  the  bias  vector; 
denotes a new candidate state vector;  and  represent the
weight and bias of state, respectively.

Ot
Ct

The output gate  determines the ultimate output informa-
tion on the basis of the immediate cell state , which can be
described as
 

Ct =Ct−1 ∗Ft + It ∗ Ĉt (6)
 

Ot = σ (WO · [ht−1, xt]+bO) (7)
 

ht = Ot ∗ tanh(Ct) (8)
Ct−1 (t−1) WO bO

ht

∗

where  is the cell state of  moment;  and  rep-
resent  the  weight  and  bias,  respectively;  is  the  output  of
LSTM cell at t moment; and  represents the point-wise multi-
plication of two vectors.  

B.  Particle Swarm Optimization Algorithm
Motivated by animal behaviors, the PSO algorithm was pro-

posed  in  [20]  and  referred  to  as  a  swarm-intelligence  opti-
mization  algorithm,  in  which  each  particle  indicates  a  candi-
date  solution  for  target  task.  During  each  iteration,  the  parti-
cle  moves  at  a  certain  velocity  in  the  search space according
to  its  experience  and  that  of  others  for  discovering  the  opti-
mal solution [21].

Vm(l) = (Vm1(l),Vm2(l), . . . ,VmE(l)) Xm(l) = (Xm1(l),Xm2(l),
. . . ,XmE(l))

pbest
PI(l) = (PI1(l),PI2(l), . . . ,PIE(l))

gbest
PG(l) = (PG1(l),PG2(l), . . . ,PGE(l))

pbest gbest

(l+1)

In the PSO algorithm, a swarm contains M particles moving
in  a E-dimensional  search  space.  Then  at l-th  iteration,  the
velocity  and  position  of  the m-th  particle  are  presented  as

 and 
, respectively. During the optimization process, the

personal  best  position  ( )  discovered  by  the  particle  is
represented  as .  In  addition,
the  global  best  position  ( )  of  the  entire  population  is
denoted  as .  Theoretically,
the particle in the swarm automatically adjusts its velocity and
position  according  to  and ,  thereby  approaching
the  globally  optimal  solution  effectively  and  efficiently.  The
velocity and position of the m-th particle at -th iteration
are expressed as [22]
 

Vm(l+1) = ωPVm(l)+ c1r1(PI(l)−Xm(l))

+ c2r2(PG(l)−Xm(l))

Xm(l+1) = Xm(l)+Vm(l+1)

(9)

ωP c1 c2
r1 r2

[0,1]

in which  represents the inertia weight;  and  denote the
acceleration coefficients;  and  are two random numbers in
the interval .  

C.  Attention Mechanism

softmax

Inspired by the  perception system of  humans,  the  AM was
presented in [23] and regarded as an intelligent resource allo-
cation scheme. In the AM, the states of the input samples are
assigned the corresponding weights via the  function.
Generally,  abnormal  information  is  attributed  a  relatively
large weight to amplify the distinguishable discrepancy betw-
een the classes. Subsequently, the informative representations
for  the  samples  are  obtained,  thus  effectively  improving  the
performance  of  the  model. Fig. 3 depicts  the  AM  structure,
where x is  the  input  sample; z and α denote  the  non-linear
state  and  corresponding  weight,  respectively;  and Q is  the
augmented vector.  

III.  Proposed Method

In  this  section,  we  propose  a  novel  PRAN  algorithm  that
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Fig. 1.     The structure of the RNN.
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aims  to  further  improve  PLD accuracy.  The  main  novelty  of
the proposed PRAN algorithm lies in constructing a PSO-opti-
mized recurrent attention network. More specifically, a novel
PSO  with  a  cross-entropy  fitness  function  is  exploited  to
search  for  the  globally  optimal  initial  weights  and  biases  of
the  LSTM.  Moreover,  an  anomaly-attention  mechanism  is
proposed  to  discover  class  discriminative  information  by
weighting  the  hidden  states,  which  contributes  to  amplifying
the normal-abnormal distinguishable discrepancy. As a result,
the proposed PRAN algorithm not only implements the adap-
tive optimization of network parameters, but also enlarges the
contribution  of  normal-abnormal  discrepancy,  thereby  over-
coming the drawbacks of instability and poor generalization.  

A.  Framework of the Proposed PRAN Algorithm
This paper aims to develop a parameter-optimized recurrent

attention  network  (PRAN)  to  improve  the  accuracy  of  PLD.
Concretely,  we  optimize  the  initial  parameters  of  the  LSTM
using the PSO algorithm, thereby reducing the dependency on
expert experience in parameters selection. In addition, we take
the  LSTM  as  the  basic  skeleton  and  introduce  an  anomaly-
attention mechanism to provide more informative representa-
tions of samples, making the model capable of enhancing the
representational power. Fig. 4 illustrates the overall flowchart
of the specific PLD model.  

B.  Parameters Optimization
The selection of initial parameters plays a dominant role in

the  training  process  of  deep  neural  networks,  which  can  be
regarded as an optimization problem [24]. Serving as a power-
ful evolutionary technique, the PSO algorithm is exploited to
search for the optimal solutions of initial weights and biases of
the LSTM via local exploration and global exploitation. Under
this  framework,  the  learning  representation  capability  of  the
model  is  improved  and  the  convergence  rate  is  accelerated.
Specifically,  more  detailed  information  about  the  parameters
optimization can be described as follows:

Ns
Nn = Ni/Ns Ni

xt

Step 1: Preprocess the original  data,  and the corresponding
detail information is displayed in Section IV-A. Furthermore,
in  order  to  locate  the  class  discriminative  information  accu-
rately,  the  processed  data  is  divided  into  segments  with

 data  points,  where  denotes  the  length  of  the
data. The segmented data at t moment ( ) is expressed as
 

xt = [xt(1), xt(2), xt(3), . . . , xt(Ns)] . (10)

ωP

c1 c2
lr

X(0)
WF WI WC WO bF bI bC bO V(0)

Step  2: Initialize  the  parameters:  the  inertia  weight ,
acceleration coefficients  and ,  iteration number,  learning
rate ,  batch  size,  hidden  layer  units,  full-connected  layer
neurons, dropout rate, population size M, the position (  =
[        ]) and velocity ( ) of the parti-
cles.

Step  3: Update  the  velocity  and  position  of  the  particle
swarm as follows:
 

Vm(l+1) = ωPVm(l)+ c1r1(PI(l)−Xm(l))

+ c2r2(PG(l)−Xm(l))

Xm(l+1) = Xm(l)+Vm(l+1).

(11)

Step 4: Calculate  the fitness  of  each particle:  in  this  paper,
the  cross-entropy  function  is  taken  as  the  fitness  function  of
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Fig. 4.     The flowchart of the PRAN algorithm.
 

SUN et al.: A NOVEL PRAN FOR PLD 1067 



the PSO algorithm, which is consistent with the loss function
of the LSTM and calculated as follows:
 

Fit = − 1
K

K∑
t=1

L∑
c=1

ytc× log(ŷtc) (12)

ytc ŷtc

where K represents the number of samples; L is the number of
classes;  and  are the true label and predicted label of t-th
sample, respectively.

As can be seen in (12), each iteration of the PSO algorithm
is  based  on  the  cross-entropy  between  the  predicted  value
from  the  PSO  algorithm  and  the  true  value  at  the  current
moment.  Feeding  the  optimized  parameters  from  the  PSO
algorithm into the LSTM as initial parameters can effectively
improve  model  performance.  Thus  the  PSO  algorithm  is
seamlessly embedded into the LSTM.

pbest
gbest

pbest

gbest

Step  5: Select  the  personal  best  position  and  global
best  position  according to fitness:  1)  for  a  single parti-
cle, if the fitness value of the current position is lower than the
historical optimal value, the current position of this particle is
taken as ; and 2) for the whole particle swarm, the posi-
tion of the particle with the lowest fitness value is regarded as
the global best position. If this fitness value is lower than the
historical  optimal  value,  then  the  position  of  this  particle  is
taken as .

gbest
Step 6: If the iteration termination condition is satisfied, the

global best position  at this time is reshaped according to
the  dimensions  of  initial  weights  and  biases  of  the  LSTM,
respectively. Otherwise, return to Step 3 and continue the exe-
cution until the termination condition is met.

To  sum  up,  the  flowchart  for  the  parameters  optimization
process is depicted in Fig. 5.  

C.  A Recurrent Attention Network

softmax

softmax

In order to locate the class discriminative information of the
samples,  we  design  a  recurrent  attention  network.  As  dis-
played in Fig. 6, the recurrent attention network basically con-
sists of an input layer, an optimized-LSTM layer, an attention
layer  and  an  output  layer.  Specifically,  the  optimized-LSTM
layer  is  employed  to  obtain  the  optimal  states  of  the  input
samples.  In  the  attention  layer,  the  features  of  the  data  seg-
ments are fed into the  function to calculate the corre-
sponding  probability,  and  then  the  enhanced  representation
vectors  are  obtained  via  the  concatenation  operation.  In  the
output layer, the enhanced vectors are taken as the input of the

 function to obtain the final PLD results.

xt fext

The  optimized-LSTM  is  employed  for  extracting  features
from ,  and corresponding process ( )  is  presented as fol-
lows:
 

ht = fext (xt,ht−1) (13)
xt ht

ht

in  which  and  denote  the  input  and  hidden  state  of  the
optimized-LSTM  layer  at t moment,  respectively.  Conse-
quently,  as  the  extracted  feature  set  at t moment,  is
expressed as follows:
 

ht = [ht(1),ht(2),ht(3), . . . ,ht(Ns)] . (14)
αt(i)The  probability  is  calculated  through  the  attention

model. It can be regarded as the importance of the correspond-

tanh
ing  feature  segment.  Note  that  the  attention  model  with  the

 function as the activation function is employed. The cor-
responding process is described as follows:
 

zt(i) = tanh(Waht(i)+ba) (15)
 

αt(i) =
exp(wszt(i)+bs)

Ns∑
r=1

exp(wszt(r)+bs)
(16)

i = 1,2,3, . . . ,Ns Wa ws
ba bs zt

where ;  and  represent the weight matri-
ces;  and  denote the bias coefficients;  denotes the state
of fully connected layer.

Qt(i) αt(i) ht(i)
We can obtain the segment strengthened representation vec-

tor  via  and , which is shown as follows:
 

Qt (i) = αt (i)ht (i) . (17)
Qt(i)

Qt
xt

Then, we concatenate the  to maintain the same dimen-
sion  of  strengthened  representation  vector  and  input  sam-
ple , which can be described as
 

Qt = Concat (Qt (1) ,Qt (2) ,Qt (3) , . . . ,Qt (Ns)) . (18)
In  order  to  achieve high-accuracy classification results,  the
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Fig. 5.     The flowchart of parameters optimization process.
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Qt

softmax

strengthened representation vector  is  taken as the input of
the fully connected layer. The probability of each category is
output through the  function. Finally, the result of the
PLD is carried out, which can be described as follows:
 

ŷt = softmax
(
WQQt +bQ

)
(19)

WQ bQwhere  represents the weight and  denotes the bias.  

IV.  Simulation and Discussion of Proposed Model

In  this  section,  we  first  describe  the  experimental  setups.
Then,  we  introduce  the  five  evaluation  metrics  used  in  this
experiment.  Finally,  the  experimental  results  and  analysis  of
the proposed PRAN algorithm are presented.  

A.  Setups

200

1024 Ni = 1024

1)  Dataset  and  Preprocessing: In  this  paper,  we  evaluate
the  effectiveness  of  the  proposed  PRAN  algorithm  on  the
pipeline dataset,  which is collected from the pipeline leakage
simulation  experimental  platform,  as  shown  in Fig. 7.  The
dataset consists of four different working conditions which are
big leak (labeled as 0), middle leak (labeled as 1), small leak
(labeled as 2) and normal condition (labeled as 3), as shown in
Fig. 8. It should be noted that the pipeline dataset collects 
voltage signals for each working condition, and the sampling
frequency is  Hz (i.e., ).  Here, the first 70% of

Ns = 4

dataset are taken as training samples, and the rest 30% as test-
ing samples. Furthermore, in order to highlight the fault infor-
mation,  a  strip of  data is  divided equally into four parts  (i.e.,

).

[0,1]

Consider  that  the  data  has  different  scales,  which  makes  it
difficult  for  the  model  to  obtain  valid  information.  Thus  the
pipeline  data  is  normalized  to  the  interval .  The  corre-
sponding process is represented as
 

xnor =
x− xmin

xmax− xmin
(20)

xnor
xmax xmin

where  denotes  the  normalized  data; x represents  the  raw
data;  stands for the maximum value; and  is the mini-
mum value.

2)  Baseline  Methods: In  order  to  verify  the  superiority  of
the  proposed  PRAN algorithm,  we  compare  the  performance
of the proposed PRAN algorithm with that of six state-of-the-
art  detection  approaches,  including  RNN  [25],  GRU  [26],
CNN [27], ConvLSTM [28], BiLSTM [29], and BiGRU [30].
Moreover,  to  demonstrate  the  effectiveness  of  each  compo-
nent  in  the  PRAN  algorithm,  an  ablation  experiment  is  per-
formed to compare the performance of PRAN with the LSTM,
the PSO-LSTM, and the LSTM-AM.
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Fig. 6.     The structure of the recurrent attention network at t moment.
 

 

 
Fig. 7.     The pipeline leakage simulation experimental platform.
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Fig. 8.     Four types of pipeline signals.
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3.6
i7 11700 2.50 10 64

3)  Configuration  Environment: All  experiments  are  imple-
mented by employing Python  on a PC with an Intel Core

-   GHz and Microsoft Windows  Enterprise -
bit operating system.

20 ωP 0.5
c1 c2

10

50

4) Parameters Setups: In the experiment, the number of par-
ticles M is set as , the inertia weight  is set as , and the
acceleration  coefficients  and  are  set  as  2.  Additionally,
the iteration number (l) of the PSO algorithm in the PRAN is
set  as .  The  remaining  parameters  of  models  are  presented
in Table I.  To  promote  fair  evaluation,  all  models  share  the
same  parameters.  Moreover,  it  should  be  noted  that  in  the
CNN, the number of convolutional kernels is set as 2, the size
of the pooling layer is set as 2×1, the number of neurons is set
as ,  the stride is  set  as 2,  and the size of the convolutional
kernels is set as 16×1.
 

TABLE I 

Parameter Setups of Models

Parameter Value

Iteration number 3000

lrLearning rate ( ) 0.000012
Batch size 64

Full-connected layer neurons 4

Hidden layer units 32

Dropout rate 0.5

Optimizer Adam
  

B.  Evaluation Metrics

F1 F1
In the experiment,  we utilize the total  accuracy (ACC), the

false  alarm  rate  (FAR),  the -score  ( ),  the  fault  detection
rate (FDR), and the missing alarm rate (MAR) to measure the
classification  performance  of  the  proposed  PRAN  algorithm.
The relevant expressions are described as follows.

The  ACC  is  the  percentage  of  the  number  of  all  samples
correctly predicted among the whole number of samples.
 

ACC =
T P+T N

T P+T N +FP+FN
(21)

where TP and TN denote  the  true  positive  and true  negative;
FP and FN represent  the  false  positive  and  false  negative,
respectively.

F1The  is a comprehensive evaluation metric, which reflects
the harmonic-mean between FDR and precision of the model.
 

F1 =
2T P

2T P+FP+FN
. (22)

The FDR denotes the percentage of the number of samples
correctly classified as positive among all the actually positive
samples.
 

FDR =
T P

T P+FN
. (23)

The FAR refers to the percentage of the number of samples
misjudged  as  positive  among  all  the  actually  negative  sam-
ples.
 

FAR =
FP

FP+T N
. (24)

The MAR represents the percentage of the number of sam-
ples  misjudged  as  negative  among  all  the  actually  positive
samples.
 

MAR =
FN

T P+FN
. (25)

FAR MARIt  is  worth  mentioning  that  except  for  and ,  the
higher  value  of  metrics  indicates  better  performance  of  the
model.  

C.  Experiment Results and Analysis
lr

lr
lr

lr
lr

lr

lr
lr F1

lr
lr

lr F1

lr
lr

In  model  training,  the  controls  whether  and  when  the
objective  function  converges  to  the  minimum.  In  general,  a
large  will  cause  the  model  to  skip  the  global  optimum,
while a small  will lead the model to fall into the local opti-
mum. For  this  reason,  it  is  essential  to  find an appropriate 
for the model training. In this experiment, we select  via the
trial  and error  method,  i.e.,  training the  PRAN with  different

 values and selecting an optimal value based on the experi-
mental results. Table II lists the values of five evaluation met-
rics for the PRAN algorithm with different . We can observe
that:  1)  as  the  decreases,  the  values  of  ACC, ,  and FDR
increase,  while  the  values  of  FAR  and  MAR  decrease.  This
indicates that the smaller the value of , the better the PRAN
performance;  and  2)  when  is  set  as 0.000012,  the  PRAN
obtains the best values among five evaluation metrics. Never-
theless,  as  continues  to  decrease,  the  ACC, ,  and  FDR
begin to decrease, the FAR and MAR begin to increase. This
shows that the model is overfitting at this time, leading to the
performance  degradation.  The  above  experimental  results
demonstrate  that  the  PRAN  performs  the  best  when  is
0.000012, so we set  as 0.000012 in this experiment.

With  the  aim  of  examining  the  effectiveness  of  the  pro-
posed PRAN algorithm, we plot the variation curves for detec-
tion  accuracy  and  loss  of  the  PRAN during  the  training  pro-
cess. Fig. 9 illustrates the detection accuracy variation curves
of the PRAN for training set and testing set,  where the verti-
cal  coordinate  indicates  accuracy  and  horizontal  coordinate
denotes iteration number. We can observe that the accuracy of
the  PRAN gradually  increases  and  then  tends  to  be  stable  as
the iteration number increases.  Note that  the value on testing
set  is  similar  to  that  of  the  training  set,  which  indicates  that
our  algorithm  can  learn  robust  features  and  efficiently  clas-
sify four working conditions. Moreover, the loss curves of the
PRAN are shown in Fig. 10, where the vertical coordinate rep-
resents  the  loss  function  value  and  horizontal  coordinate  is
iteration  number.  It  is  clear  that  the  loss  value  gradually
decreases  until  it  converges  with  the  increase  of  the  iteration
number, indicating that our PRAN algorithm has good gener-
alization ability and effectively avoids overfitting.

In  order  to  validate  the  superiority  of  the  proposed  PRAN
algorithm, we plot  the loss function of  seven models,  as  pre-
sented in Fig. 11. It  can be clearly seen that:  1) the final loss
value of the proposed PRAN algorithm is the lowest in seven
models, which indicates that our algorithm outperforms other
models;  2)  the  loss  curve  of  the  PRAN  algorithm  converges
earlier  than  other  models,  which  indicates  the  convergence
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rate of the PRAN is faster since the PSO algorithm can effec-
tively select the optimal parameters; and 3) the loss curves of
the  GRU,  BiLSTM,  and  BiGRU  model  increase  slightly  by
the end of the iteration, which denotes that these models suf-
fer from overfitting with the same parameters.

It is worth noting that each model is repeated 10 times inde-

F1

F1

F1

pendently  to  avoid  the  accidental  nature  of  a  single  experi-
ment.  In  order  to  validate  the  availability  of  the  proposed
PRAN  algorithm  in  PLD, Table III lists  the  mean  values  of
ACC,  FAR, ,  FDR,  and  MAR  for  seven  models.  We  can
observe  that:  1)  compared  to  other  baselines,  our  algorithm
achieves the highest ACC, , and FDR as well as the lowest
FAR and MAR, which indicates that the PRAN algorithm per-
forms the best in PLD; and 2) compared with the BiGRU (sec-
ond best), our PRAN decreases the FAR and MAR by 0.14%
and  4.91%,  respectively.  Whereas  our  PRAN  increases  the
ACC,  and FDR by 2.94%, 0.95% and 4.91%, respectively.
The  results  above  demonstrate  a  significant  improvement  in
the PLD performance of our proposed PRAN algorithm com-
pared to other baselines.

Additionally, to analyze the performance of models on four
working conditions, we visualize the experimental results and
the  confusion  matrices  are  shown  in Figs. 12−18.  It  is  clear
that  our  algorithm  achieves  the  best  accuracy  with  100%,
98%,  98%,  and  94% for  four  working  conditions.  Neverthe-
less, there is considerable variation in the PLD accuracy of the
model  under  different  working  conditions.  Concretely,  the
RNN  cannot  effectively  identify  Case  0  with  an  accuracy  of
53%, where 2% of the samples for Case 0 are misclassified as
Case 1, 44% are misclassified as Case 2, and 2% are misclas-

 

TABLE II 

lrPerformance Metrics of PRAN Under Different  (%)

lr ACC FAR F1 FDR MAR

0.1 22.92 25.00 9.32 25.00 75.00

0.01 51.67 16.23 44.13 50.74 49.26

0.001 63.75 11.90 56.04 63.89 36.11

0.0001 71.25 9.49 63.57 72.22 27.78

0.000015 89.17 3.60 88.85 89.28 10.72

0.000014 93.33 2.23 91.38 92.42 6.58

0.000013 96.67 1.90 93.64 96.77 3.23

0.000012 96.18 1.83 94.48 98.75 1.25

0.000011 84.17 5.26 83.36 84.49 15.51

0.00001 82.50 5.78 81.22 82.93 17.07
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Fig. 9.     Accuracy curves of the PRAN.
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Fig. 10.     Loss function of the PRAN.
 

 

CNN
RNN
ConvLSTM
GRU
BiLSTM
BiGRU
PRAN

0 500 1000 1500 2000 2500 3000
Iteration number

0.2

0.4

0.6

0.8

1.0

1.2

1.4

1.6

Lo
ss

 fu
nc

tio
n 

va
lu

e

 
Fig. 11.     Loss function of seven models.
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sified as Case 3. Moreover, the ConvLSTM is not able to effi-
ciently detect Case 2 with the accuracy of 64%, where 7% of
the samples for  Case 2 are misclassified as  Case 0,  and 29%
are misclassified as Case 3. Other models are capable of iden-
tifying Case 0 and Case 2 accurately. In addition, the remain-
ing  models  have  difficulties  in  identifying  the  Case  3,  where
the  accuracy  of  the  CNN,  GRU,  BiLSTM  and  BiGRU  are
48%,  71%,  71% and  78%,  respectively.  With  the  proposed

PRAN,  accuracy  is  94%,  indicating  a  significant  improve-
ment.

Furthermore, to verify the effectiveness of each component

 

TABLE III 

Performance Metrics of Each Model (%)

Model ACC FAR F1 FDR MAR

CNN 84.17 8.68 80.39 84.61 15.39

RNN 85.83 6.97 84.66 86.13 13.87

ConvLSTM 87.91 4.08 87.58 87.31 12.69

GRU 90.83 3.04 89.67 90.56 9.44

BiLSTM 91.25 2.89 87.58 91.60 8.40

BiGRU 94.58 1.97 93.53 93.84 6.16

PRAN (ours) 97.52 1.83 94.48 98.75 1.25
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Fig. 12.     Confusion matrix of CNN.
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Fig. 13.     Confusion matrix of RNN.
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Fig. 14.     Confusion matrix of ConvLSTM.
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Fig. 15.     Confusion matrix of GRU.
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Fig. 16.     Confusion matrix of BiLSTM.
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in the PRAN, we conduct an ablation experiment to compare
the  performance  of  the  PRAN  with  the  LSTM,  the  PSO-
LSTM  and  the  LSTM-AM.  Firstly, Fig. 19 depicts  the  loss
function of four models. We can observe that our PRAN algo-
rithm obtains the fastest convergence rate and the lowest loss
function  value.  In  addition, Table IV lists  the  values  of  five
evaluation metrics for four models. It can be clearly seen that
the performance of PSO-LSTM and LSTM-AM are improved
compared to the LSTM, and our PRAN algorithm achieves the
best values among all metrics. Finally, we also plot the confu-
sion matrices for four models, as shown in Fig. 18 and Figs. 20−
22. We can see that the PRAN model achieves the best classi-
fication  accuracy for  all  working conditions  with  the  support
of the PSO algorithm and the AM.  

V.  Conclusions

In  this  paper,  we  have  presented  a  novel  parameter-opti-
mized  recurrent  attention  network  (PRAN)  to  improve  the
classification  accuracy  of  PLD.  A  PSO-optimized  LSTM
model has been proposed to search for globally optimal initial
state  for  extracting  effective  and  robust  features,  which  has

contributed  to:  1)  improving  learning  representation  capabil-
ity;  and  2)  accelerating  the  convergence  rate.  Moreover,  an
anomaly-attention  mechanism  has  been  introduced  to  dis-
cover  class  discriminative  information  by  weighting  the  hid-
den states, which has benefit to amplifying the normal-abnor-
mal  distinguishable  discrepancy.  Under  these  strategies,  the
proposed  PRAN  algorithm  has  not  only  implemented  the
adaptive  optimization  of  network  parameters,  but  also
enlarged  the  contribution  of  normal-abnormal  discrepancy,
thereby  further  improving  classification  accuracy  and  model
generalization  ability.  The  proposed  PRAN  algorithm  has
been  demonstrated  to  be  effective  and  feasible  compared  to

 

TABLE IV 

Performance Metrics of Four Models (%)

Model ACC FAR F1 FDR MAR

LSTM 87.50 4.57 86.85 87.33 12.67

PSO-LSTM 93.33 2.19 90.90 93.87 6.13

LSTM-AM 95.83 2.09 92.03 95.12 4.88

PRAN (ours) 97.52 1.83 94.48 98.75 1.25
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Fig. 17.     Confusion matrix of BiGRU.
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Fig. 18.     Confusion matrix of PRAN.
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Fig. 19.     Loss function of four models.
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Fig. 20.     Confusion matrix of LSTM.
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some  classical  algorithms.  Additionally,  future  research  top-
ics include extension of the proposed model to other research
fields,  such  as  signal  processing  and  telecommunication
[31]–[53].
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