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Abstract — In order to further enhance the accuracy of Web information extraction, and overcome the shortcomings of the Hidden 
Markov Model (HMM) and its hybrid method in parameter optimization, a novel Web extraction algorithm based on a combined 
and improved particle swarm optimization, ant colony algorithm (IPSO-ACA) and HMM is presented. First, an HMM for 
information extraction is built. Second, an improved hybrid intelligent algorithm combining PSO with ACA is proposed. In the 
new algorithm, inertial weights of particle swarm optimization and parameters of ant colony algorithm such as stimulating factor, 
volatilization coefficients and pheromones are all improved adaptively, and then the fitness function values of particles’ history 
optimal solutions are used to adjust the initial pheromone distribution of the ant colony algorithm. Third, the hybrid intelligent 
algorithm is adopted for the approximate global optimal solution and then Baum-Welch algorithm (BW) is adopted for the local 
modification, which not only solves the BW dependency on initial values and the trapped local optimum problem, but also makes 
full use of the global search ability of the hybrid intelligent algorithm and local development ability of BW. Finally, the Viterbi 
algorithm is used to decode the HMM model. Compared with existing HMM optimization methods, the comprehensive Fβ=1 value is 
averagely increased by 7.3%, which shows that the improved algorithm can effectively enhance optimization performance and 
extraction accuracy. 
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I. INTRODUCTION 
 
With the development of Internet technology, Web 

resources have revealed the increase trend in massive and 
unstructured information. How to recognize those interesting 
data for users from unstructured or semi-structured Web 
information and turn them into a more structured and clearer 
semantic format, which is the technology problem of Web 
information extraction[1]. A large number of experts and 
scholars applied statistical machine learning methods to this 
field. Typical statistical methods mainly include Hidden 
Markov Model (HMM)[2-3] and its hybrid methods[4-8]. 
For instance, Zhang et al.[4] Combined binary HMM and 
SVM to realize the metadata extraction. Lin et al.[5] 
proposed text information extraction method based on 
maximum entropy and HMM, which used the weighting 
sum of observation text feature to adjust HMM transition 
probability. Xiao et al.[6] employed genetic algorithm(GA) 
to optimize HMM parameters and obtained the extraction 
effect superior to traditional HMM, but the approach still 
reflected the precocious shortcoming of GA. Zou et al.[7] 
proposed Web information extraction based on simulated 
annealing(SA) and HMM, but the method did not consider 
HMM context features. Wang et al.[8] presented a web 
extraction algorithm using improved PSO and HMM, its 
improvement embodied in inertia weight and the mutation of 
part particles. By Analysis of these  HMM literatures, there 
is still lots of room for improvement in parameter 
optimization and extraction performance. 

In Inspired by this, this paper proposes a self-adaptive 
hybrid intelligent optimization HMM algorithm for Web 
citation extraction. After constructing an HMM, a self-

adaptive hybrid intelligent optimization algorithm based on 
improved PSO and ACA(or IPSAA for short) is put forward. 

The new algorithm realizes the dynamic self-adaptive 
adjustment in parameters, such as inertial weight of PSO and  
stimulating factor, volatilization coefficients and pheromone  
of ACA, then the fitness function values of particles’ history 
optimal solutions are used to adjust the initial pheromone 
distribution of ant colony algorithm, which is the point cut 
of juncture between PSO and ACA. And then this paper 
maps the approximate global optimal solution, found out by 
IPSAA, as the initial model of BW algorithm and adopts 
BW to continue to modify locally parameters. Finally, the 
improved model uses Viterbi algorithm to decode for the 
optimal state sequences. Experimental results indicate that 
the IPSAA-HMM algorithm greatly improves the accuracy 
of Web information extraction, which proves the feasibility 
and effectiveness of the IPSAA-HMM algorithm. 

 
 
II. WEB INFORMATION EXTRACTION BASED ON HMM 
 
An HMM may be viewed as a five-tuple 

(S,O,Π,A,B),where ①S is a state set containing N states, 
denoted as S={S1,S2,…,SN}；②O is a symbol set including 
M output symbols, denoted as O={O1,O2,…OM}；③Π is the 
initial state probability matrix, denoted as 

11 1N
i i 1 i i ii={ }, =P(q =S ), 1 i N ,0 ,    

     ；④ A 

is the state transition probability matrix; ⑤ B is symbol 
output probability matrix, denoted as 

1
1 1

M
j k j k t k t j j k j k
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When HMM is applied to information extraction, model 
observation layer is the text sequence to be observed, hidden 
layer is state sequence composed of state domains such as 
<Author>, <Title> and <Journal>. Extraction process may 
be described as follows: given the HMM model λ＝(Π,A,B
）and the observe text sequence O=(O1,O2,…OT), initialize 
HMM parameters randomly, and use BW algorithm for 
HMM training so as to build HMM, finally adopt Viterbi 
algorithm to find out the state domain sequence 
q*=(q1,q2,…,qT} with the maximum probability P(q|O).  

 
 

III. HMM TRAINING ALGORITHM BASED ON IPSAA 

A. Particle Swarm Algorithm and Basic Ant Colony 
Algorithm 

 
Particle swarm optimization(PSO) algorithm is a global 

optimization algorithm simulating the movement behavior of 
bird swarm[9-11]. The solution of each problem may be 
seen as a particle in search pace.  Particles update their 
velocity and position by tracking the individual optimal 
solution 

ipbestx and the global optimal solution gbestx  , the 

updating equations are as follows: 
 

1 11
i ii pbestv ( t ) v ( t ) c r ( t )( x       

2 2i gbest ix ( t )) c r ( t )( x x ( t ))                    (1) 

 
1  

ii ix ( t ) x ( t ) v ( t )               (2) 

 
Where, xi(t) and vi(t) represent the location and velocity 

of the ith particle in the tth generation, ω represents non-
negative inertia weight, c1 and c2 are non-negative learning 
factors, and r1、r2 are random numbers in [0,1]. 

Ant colony algorithm is a bionic evolutionary heuristic 
algorithm, which is proposed by Dorigo. Through 
pheromone-induced effect, individual ants make the later 
ants choose the shorter path with stronger pheromone and 
the algorithm gradually converges to the global optimal 
solution. First, m ants are randomly placed in n nodes, the 
probability of which the kth ant in note i selects the next note 
j is as follows: 
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In Eq.(3), ( )ij t represents the amount of pheromones 

between i and j notes at time t. ( )ij t indicates heuristic 

function. Parametersα vs β, pheromone heuristic factor vs 
desired heuristic factor, are used for determining the 

significance between amount of pheromones and distance 
inter-node. kallowed  indicates the next note set that ant k is 
allowed to select. As time goes on, pheromones left before 
gradually disappear. After n moment, ants complete 1 cycle, 
and the amount of pheromones on each path should be 
adjusted according to Eq.(4). 
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Where ( )k

ij t indicates the amount of pheromones left by 

the kth ant in this iteration. ij  indicates the pheromone 

increment between notes i and j in the cycle. ρ is the 
pheromone evaporation coefficient  and Q is a constant. Lk 
and lk respectively indicate the kth ant’s traveled path and 
length in this iteration. 

 

B. Improvement Strategy of PSO 

 
In this article, the improvement of pso is mainly aimed at 

adaptive inertia weight adjustment. 
The value of inertia weight ω has important influence on 

the PSO optimization search. Generally, in order to obtain 
better algorithm performance, usually in the search early 
stage ω should has a greater value to ensure the particle 
swarm's strong global search ability within a larger search 
space and avoid premature. And as iterations increase, ω 
should has a smaller value to ensure the particle swarm's 
local search ability within a smaller search space and 
enhance the convergence precision. Therefore, the 
appropriate control of inertia weight in the iterative process 
can balance the global search and local search of algorithm, 
thereby getting good enough solution on average with less 
iteration. 

Traditional self-adaptive method makes ω linearly 
decrease with the increase of iterations, which improves the 
performance of algorithm, but there are still some 
shortcomings. On the one hand, this kind of PSO algorithm 
can't effectively reflect the complicated non-linear behavior 
in the particle swarm's actual search process, so the 
convergence speed and convergence precision is still not 
ideal. On the other hand, the slope of which ω linearly 
decreases is still problem-dependency, there is no universal 
optimal change slope for all optimization problem. 

By the previous analysis, the change process of ω is 
dynamic and non-linear, therefore, so this paper adopts the 
non-linear function to describe the dynamic change rule of ω 
in the iteration process. The ω value of each iterative step is 
determined by the following exponential function formula: 

max
exp(( ) ( ) )nnow

init

iterw iter w
iter

                  (5) 



RONG LI et al: A NEW HYBRID METHOD BASED ON IMPROVED PARTICLE SWARM OPTIMIZATION, ANT ... 

DOI 10.5013/IJSSST.a.17.45.39                                           39.3                            ISSN: 1473-804x online, 1473-8031 print 

In Eq (5), n is a control power exponent of non-linear 
change rule, particularly when n=2, (5) is often referred to as 
probability curve function. Figure (1) shows the ω iteration 
change curve with different n value. 
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Figure 1. ω Iteration Change Curve with Different n Value. 

 
A shown in Fig.(1)., for the given initial value ωinit and 

the control power exponent n, the non-linear change rule of 
ω with iterations can be uniquely determined. And the 
greater the n value is, the longer the global search duration 
of particle swarm is, while the smaller the n value  is, the 
longer the local search duration of particle swarm is. By 
using d-dimension spherical function ( ) 2

1

d

ii
xf x


  (d=6,xi∈

[-5.12,5.12]) to validate parameter values, the result shows 
that when ωinit value is set in [0.2,0.5], and n value is set in 
[0.5,2], the algorithm has excellent performance. 

 

C.  Improvement Strategy of ACA 

 
Seeking a balance between "exploration" and 

"exploitation" is one of the key issues in the study of ant 
colony algorithm[12]. In order to find a balance between 
obtaining a new path and using priori knowledge, two 
aspects should be considered for the improvements of ACA. 
On the one hand, the search space of ACA can be made as 
large as possible to search the solution region of possible 
optimal solution. On the other side, the current effective 
information within ant colony should be taken full advantage 
of so that the searching emphasis of ant colony algorithm 
focuses on individual intervals with higher fitness value, and 
thus the algorithm may converge to the global optimal 
solution with the greater probability. The convergence speed 
of ant colony algorithm should be improved as far as 
possible under the premise of finding the global optimal 
solution. In this paper, an adaptive strategy is adopted to 
resolve the main contradiction between performance and 
convergence rate. 

1) Adaptive adjustment of pheromone heuristic 
factorαand desired heuristic factor β 

When α=0, only path pheromone works, the algorithm is 
equivalent to the shortest path searching, which is the 
traditional greedy algorithm. And when β=0, the heuristic 
function of path pheromone is 0, the algorithm is equivalent 
to the blind random search, which is purely heuristic 
algorithm with positive feedback. At first the ants do not 

understand the situation of the link, the pheromone on the 
link has little effect on wayfinding ants. Along with the 
increasing of iteration times, the pheromone on the link is 
more and more important to wayfinding ants, In the end, the 
probability of which the winner link is selected is larger and 
larger, thus the convergence speed of the winner link is 
faster and faster, and finally the optimal path is found. So the 
α and the β value may be adaptively adjusted according to 
Eq.(6), such incentive mechanism can speed up convergence  
and improve search quality. 
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2) Adaptive improvement of evaporation coefficient ρ 

When the problem scale is large, the pheromone 
evaporation coefficient ρ makes the amount of information 
of solution, which has never been searched, be reduced to 
close to zero, and reduces the global search ability of 
algorithm. If ρ is too large, then when the amount of 
information of the solution increases, the selected likelihood 
of those previous solutions is too large, the global search 
ability of algorithm will decline. If ρ is too small, the 
convergence speed of algorithm will be too slow. Based on 
the comprehensive consideration for the global search ability 
and convergence speed, ρ may be changed to threshold 
function, namely when the algorithm optimum value does 
not significantly improve within N cycles, ρ is updated 
according to the following function. 

 

 min

min

( ), ( )( ) t tt n else
                      (7) 

 
Where, the initial value of ρ is 1. The minimum value of 

ρ, min , can prevent too small a ρ value from reducing the 
convergence speed of algorithm. γ indicates volatile 
constraint coefficient and γ∈ (0,1].  In order to reasonably 
select  ρ value, γ is expressed as a gradual process, which 
can makeγ value dynamically reduce with increasing number 
of iterations. Its function is as follows: 
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In Eq.(8), 0 is  an initial maximum of  .φ is a positive 

coefficient of adjusting the changing speed of  . Iter is the 
iteration steps or search times. itermax  is total number of 
iterations. 

3) Adaptive improvement of pheromone 
The existence of pheromone evaporation coefficient 

makes the amount of pheromone on those paths, which have 
never been searched, close to zero, thereby reducing the 
search ability on these paths. On the contrary, when 
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pheromone on a path is larger, the amount of information on 
these paths increases, the opportunity of again selecting 
those paths will become larger, which also affects the global 
search ability of algorithm. In allusion to the problem, the 
pheromone value may be changed and updated according to 
formula (9). 
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       (9) 

 
Where ψ(m) is a function proportional to the number of 

convergence m, the more the number of iterations is, the 
greater the value of ψ(m) is, such as ψ(m)=m/ct,  where ct is 
a constant and m indicates the number of continuous 
convergence. In this way, the algorithm dynamically updates 
pheromone according to the distribution of solutions, 
consequently dynamically adjusts the pheromone intensity 
on each path, so that the ants neither too concentrated nor 
too decentralized, and thus avoiding premature and local 
convergence and improving the global search capability. 

D. HMM Optimization Training of Improved Particle 
Swarm-Ant colony Algorithm (IPSAA) 

Particle swarm optimization algorithm has better 
searching ability and faster convergence speed, but it has no 
advantage in the combinatorial optimization problems. Ant 
colony algorithm can make up for this shortcoming, but it 
has the shortcomings such as blindness and slow search 
speed in the initial search. This paper combines them and 
gives play to the complementary advantages to optimize 
HMM parameter λ = (π, A, B). 

1)  Connection  of  PSO and ACA 
In the IPSAA algorithm, the initial position of ant 

corresponds to the optimal position of each particle in PSO. 
The fitness function value of each particle’s history optimal 
solution is used to adjust the initial distribution of 
pheromone in ant colony algorithm ACA, and the ACA 
initial pheromone formula is shown as follows. 

 
( )

min
if x

s k a              (10) 

 
In Eq.(10), 

min indicates the minimum pheromone 

constant. xi indicates the ant position corresponding to the 
optimal particle position, and f(xi) is its fitness function. 

( )if xk a  is the pheromone value converted from the PSO 
result，k is a constant greater than zero, 0<a≤1. And thus, 
the greater f(xi) is, the more pheromones is here. 

2)  Coarse search of PSO for HMM parameters’ rough 
optimization      

In the first phase, particle swarm optimization is used to 
optimize HMM parameters. A particle corresponds to an 
HMM, and the elements of particles’ position vector X is the 
linear arrangement of HMM parameter λ = (π, A, B). 
Therefore, the dimension of particles’ search space is the 
sum of number of A, B andπelements, a total of 

N+N*N+N*M dimensions, and each particle is a real coded 
string of N+N*N+N*M dimensions. The optimal solution 
with the maximum fitness, Xbest, can be obtained by PSO 
coarse search. In this algorithm, In order to make all the 
sequence with the maximum probability, to make the model 
better explain the observed sequence, the logarithmic mean 
of probability of the observed sequence is used to measure 
the quality of the model. The fitness function is as follows: 

 

1

1( ) ( ) ln( ( | ))
L

k
i i i

k

f x f p o
L

 


                             (11) 

 
Where, λi is a composite HMM corresponding to the ith 

particle. L is the number of sequence observations, Ok 
indicates one of the observation sequences, whose length is 
T. The probability value p(O|λi) can be calculated by 
forward-backward algorithm of HMM. Taking logarithm of 
the probability is to avoid an underflow probability 
multiplication of. Definition (11) of fitness function can also 
be applied to the subsequent colony algorithm. 

Constraints of HMM’s probability parameters λ is non-
negative, [0,1], and that sum of probabilities should be one. 
Those particles of dissatisfying the constraints in each 
generation need to be normalized., that is, negative 
probability should be set to 0, all the probabilities aij should 
be replaced by 

1

N

i j i j i jj

a a a


 /  to meet the requirement that sum 

of all probabilities should be one. The parameters of 
Vectorπand matrix B are normalized in the same way. 

3)  Fine search of ACA for HMM parameters’ elaborate  
optimization  

In the second stage, ant colony algorithm is used to 
search elaborately for the further optimal solution of HMM 
parameters. Finally, Baum-Welch algorithm is adopted for 
local modification, and the final HMM optimization 
parameter λ is obtained. 

In Ant colony algorithm, a continuous search space Ω, 
on behalf of a set of all HMM parameters A, B, π, is firstly 
established. The dimension of search space is the sum of 
dimensions of A, B and π, that is N*M+N*N+ N dimensions. 
It can be expressed as x=[π1,…,πN,a11,…,aNN,b11,…,bNM]T,, 
whose parameters are the same as the HMM’s parameters. X 
can also be simply expressed as: x= (x1,x2,…,xn), 0≤xi≤1,i 
=1,2,…,n。A point in the space represents a solution, once 
the corresponding x is determined, the values of HMM’s A, 
B and π can be determined. According to the forward 
backward algorithm, the value of corresponding P(O|λ) can 
be calculated. Let 

1

1( ) ( ) ln( ( | ))
L

k
i i i

k

f x f p o
L

 


    , the algorithm 

uses it to search the corresponding point, so that the value of 
f(x) is the maximum, then the corresponding λ value of 
HMM can be determined. 

In ant colony algorithm, the search is mainly divided into 
two operations: searching solution and updating pheromone. 
The IPSAA algorithm in the paper was improved and 
extended mainly for the two operations. Ants search globally 
according to regional probability selection rules, and search 
locally and randomly within the radius of δ at the same time, 
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through which ants move to find the optimal feasible 
solution. Once an ant finds a better solution, it modifies the 
relevant pheromone concentration to attract other ants to 
further search. 

a) Search operation 
IPSAA algorithm assumes the existence of the ant 

colony Q consisting of 'm  ants, its task is to find the current 
optimal point Xbest ,whose function F(Xbest) is the largest, in 
the solution space composed of HMM parameters. By Eq.(9), 
the pheromone content is assigned to the initial value in the 
region initialization phase, and each region is represented by 
its center point position x’. Ants traverse these areas instead 
of searching the entire space, assuming that the set of the 
regional midpoint is XR. In each round of search, 'm  ants are 
allocated to each region for the optimal solution search. Ants 
choose the area according to the probability decision rule 
which is a function of the local available pheromone and 
heuristic information. The improvement is as follows: 

（1）Decision Rules for Regional probability 
 

' [( ( ')] [ ( ')]
( ' | )

[( ( ')] [ ( ')]
f

x x
p x X

x x

 

 
 
       (12) 

 
Where ( ( ')x  indicates the pheromone content of 

regional center. ( ')x  indicates the heuristic information, 
which is f(x’) corresponding to the regional center point  x’. 
It can be calculated by Eq.(12), α, β are all positive 
parameters which determine the role of pheromone and 
heuristic information on the role of the selection probability. 
The larger α value is, the more the algorithm is inclined to 
the development of known search experience. Whereas the 
larger β value is, the stronger exploratory ability the 
algorithm has. Ants choose the area according to the 
probability decision rule and ants first are located on the 
center point of the selected area. Based on the idea of API 
algorithm[13], the area center point is regarded as an ant nest, 
several points in the region are selected as hunting spots. To 
ensure that the generated hunting points also satisfy the 
constraints of HMM learning problems, the paper introduces 
a feasible solution generation rule to generate the relevant 
hunting spots and other search points. 

（2）Generation Rule for Feasible Solutions 
Let input point be 1 2

' ' '' ( , , ..., )nx x x x , where '
ix is the 

vector element of the point, i is the current dimension, and 
vibration variable δ∈ [0,r]. For '

ix when i∈ [1,N], the 

algorithm selects p
NC  feasible points and makes each  

' '
i ix x   ,then selects p

NC  feasible points and makes each 
' '
i ix x   ,p∈[0,N/2]. For '

ix when i∈[N+1,N+N], the 
algorithm does the same thing. Then the algorithm 
postpones the interval n bits, and then does the same thing, 
and so on, until i≥N*N+N. For '

ix when i∈[N*N+N+1, 

N*N+N+N], the algorithm selects p
MC  feasible points and 

makes each  ' '
i ix x   ,then selects p

MC  feasible points and 

makes each ' '
i ix x   ,p∈[0,M/2]. The algorithm postpones 

the interval n bits and does the same thing, and so on, until 
i≥N*N+N*M+N+1. And then the algorithm will analyze 
whether each vector value of the newly generated point x 
meets the conditions ' ' '

i i i i ix r x x r    , those points which 
don’t meet the conditions will be abandoned. 

Based on Rule 2, a point set Ω composed of 
2 2

0 0

/ /

( ) ( )
N N

P P P P
N N M M

P P
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   dots can be generated. The δ 

value is enlarged or reduced in a certain vibration order to 
make the selection of the point be uniformly distributed 
throughout the region. The new algorithm randomly selects 
p points as hunting spots from Ω. 

b) Pheromone update operation 
At the beginning of each round of search, ants first select 

the region in accordance with the pheromone distribution of 
each region. Regional pheromone content is equal to the sum 
of pheromone contents of each hunting points in the region. 
Ant departures from the nest, randomly selects a hunting 
point to start the search. In the search process, if the 
operation of  s bx x happens, which means the ant finds the 
better hunting point than the current one at the end of search 
near the hunting point, the algorithm replaces the original 
hunting point with the current point and increases the 
pheromones corresponding to the current hunting spot. The 
update formula of pheromone increment is as shown in 
Eq.(13). 

 

j j Q                                              (13) 

 
In the IPSAA algorithm, ants select area to search based 

on the region pheromone content, and in the area different 
ants also exchange information. The internal information 
interaction guides ants to search near the hunting point of 
better fitness function. 

4) HMM Training algorithm based on IPSAA 
The concrete steps of HMM training algorithm based on 

IPSAA are as follows: 
STEP 1: Define the fitness function F(x) and initialize 

PSO parameters: including population size S, the largest 
cycle times Itermax1, learning factors c1 and c2, inertia 
weight W, and random initialization for particle’s position 
and velocity within the allowable range; // random 
initialization for HMM parameters; 

STEP 2: Calculate the function value of each particle 
according to Eq.(11). 

STEP 3:  Compare the fitness value of each particle 
respectively with Individual extremum Pbest and global 
extremum Gbest, and if better, then respectively substitute, 
otherwise, remain unchanged; 

STEP 4: Adaptively update velocity and position of 
particles according to Eq.(1),(2), 

STEP 5: Restrict and normalize particles’ position;// 
Restrict and normalize HMM parameters. 

STEP 6: If the termination condition is satisfied (error is 
good enough or the algorithm reaches PSO’s largest cycle 
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times Itermax1), terminate PSO’s optimization process, and 
obtain the best history position of each particle, otherwise, 
return to STEP 2; 

STEP 7: Initialize the ant colony’s maximum cycle times 
itermax2 and ants’ search radius δ , initialize the position of 
ant colony according to the optimal history position of each 
particle, and initialize pheromone based on Eq.(9), let 

0j   ，iter2=1, and find the best fitness value and the 

corresponding position 
STEP 8: Each ant selects area according to the region 

probability decision rules in Eq.(6),(12) and locally searches 
the hunting spot within the radius of δ, if a good solution is 
searched locally, then it is replaced, and then the 
pheromones of hunting point is adaptively increased 
according to the equation (7), (8), (9) and (13). 

STEP 9: Update the optimal fitness value and the 
corresponding position. 

STEP 10: Expand the search radius of ants, iter2 ++, if 
iter2 <itermax2, then go to STEP 8; 

STEP 11: Output the optimal solution after ACA’s fine 
search; 

STEP 12: Take the above IPSAA optimization solution 
as the input parameters of Baum-Welch, and locally revise 
B-W algorithm to obtain the final HMM parameter results. 

 
Figure. 2. Flowchart of IPSAA Parameter Training 

The flowchart of IPSAA algorithm is illustrated in 
Fig.(2). 

 
IV. WEB INFORMATION EXTRACTION BASED ON 

IPSAA-HMM 

A.  Extraction process based on IPSAA-HMM 

This paper builds an improved IPSAA-HMM model. By 
Using citations in Web research papers as treatment objects, 
the model extracts state domains in reference such as 

<Author>、<Book>、<Title>、<Journal>. The extraction 
process of the improved model is as follows: 

(1)Information preprocessing. This article first uses the 
peweb tool from 
www.jaist.ac.jp/~hieuxuan/softwares/peweb website for 
Web citation record extraction; and then utilizes delimiter 
such as punctuation and text features for information 
chunking pretreatment. Among them, the deterministic text 
features are characteristic word “Journal” corresponding to 
journal state domain <Journal>, characteristic words 
“Conference”, “Proceedings” and “Symposium” 
corresponding to conference proceedings state domain  
<Conference> and characteristic words  “Press”, 
“Publishers” corresponding to press state domain < Press > 
and so on. 

(2)Model training. After initialing HMM parameters 
randomly, the IPSAA algorithm is adopted to optimize 
HMM parameters and then BW algorithm is used to modify 
HMM parameters locally, which builds an improved HMM. 

(3)Information extraction. Viterbi algorithm is employed 
to obtain the optimal state sequence of test sample. 

The specific extraction process is shown in Fig.(3).  
 

 
Figure 3. Web extraction process. 

 

B. Experimental results and analysis 

2800 unlabeled research paper citations are used as 
experimental samples, a part of which are 800 citation data 
sets (http://www.cs.cmu.edu/~kseymore/ie.html) from the 
United States Carnegie Mellon University (CMU), the other 
part of which are 2000 literature records from 398 research 
papers extracted randomly from online journal database. We 
select 1900 citation records as training sets, totaling 45,102 
words, the other 900 citation records as open test sets, 
totaling 16,104 words. 

In HMM optimization training process, the hybrid 
training parameters are as follows: the population size S＝30
，Itermax=200, the initial inertia weight ωinit=0.5, the control 
parameter of self-adaptive inertia weight n=1.25, the 
learning factors c1=c2=2, the maximum volatile constraint 
coefficient 0 1  , the positive coefficient of adjusting  , 
φ=2.5, the minimum pheromone 0 0001min .  , 900max  , Q=1, 

30'm  ， 0 5.  , BW iteration threshold ε＝1e-5, the HMM 
state number N=11, the initial value of λ is selected 
randomly. We use PSO-HMM, ACA-HMM and IPSAA-
BW algorithm in this paper to train HMM and analysis the 
convergence of three algorithms, their sampling error 
formula is defined in (14). 
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Where ˆ( ( | )p O  is the probability of training model, 

( | )p O    is the probability of sample generation model. The 
comparison results are illustrated in Fig.(4).  
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Figure 4. Standard devitation comparison of three algorithms 

As shown in Fig.(4), the standard error of PSO-HMM 
and ACA-HMM begin to converge close to 0.18 and 0.11, 
respectively, while that of IPSAA-BW begins to converge 
only close to 0.04, its standard error reduces respectively by 
about 14% and 7% compared with the previous two 
algorithms. It proves that the improved algorithm has 
stronger search ability, convergence speed and very low 
error, can more accurately train HMM model, so as to 
improve system quality. At the same time, Fig.5 shows the 
improved algorithm has better stability. 

The information extraction results of three optimization 
algorithms are shown in Table.1. 

TABLE.1. EXTRACTION PRECISION AND RECALL COMPARISON OF 
THREE ALGORITHMS 

State 
PSO-HMM ACA-HMM IPSAA-HMM 

Precision Recall Precision Recall Precision Recall 

Author 0.91367 0.91413 0.91945 0.92219 0.96749 0.95342 

Title 0.75854 0.80937 0.83156 0.84101 0.9074 0.92167 

Book 0.80480 0.79412 0.83167 0.80467 0.84823 0.89582 

Journal 0.79430 0.81583 0.81042 0.86312 0.90267 0.92551 

Conference 0.76784 0.78756 0.82357 0.85382 0.85991 0.92491 

Press 0.85668 0.87337 0.85945 0.88057 0.91108 0.94702 

City 0.85493 0.85568 0.85462 0.85998 0.87672 0.88523 

Volume 0.82558 0.85801 0.82962 0.81034 0.91945 0.93792 

No. 0.89330 0.91080 0.90357 0.88382 0.91516 0.92359 

Year 0.86318 0.90436 0.88164 0.89314 0.92871 0.95909 

Pages 0.87008 0.85989 0.86245 0.87158 0.91455 0.94965 

Average 0.83663 0.85301 0.85527 0.86220 0.90488 0.929439

 

TABLE.2.  AVERAGE FΒ=1 COMPARISON OF THREE ALGORITHMS 

 PSO-HMM ACA-HMM IPSAA-HMM 

Fβ=1 0.83597 0.86031 0.92145 
 

TABLE.3.  TIME PERFORMANCE COMPARISON OF THREE ALGORITHMS  

 PSO-HMM ACA-HMM IPSAA-HMM 

t/s 13.57 18.54 14.89 

 
As shown in Table.1, 2, the extraction precision and 

recall of IPSAA-HMM are all much higher than the previous 
two algorithms. Measuring from the average comprehensive 
index Fβ=1 value, IPSAA-HMM increases respectively by 
8.5% and 6.1% than the previous two. The precision and 
recall of states <Journal>, <press> and <conference> 
increase significantly, mainly because the combination of 
deterministic feature information with hybrid optimization 
model enhances extraction performance. The interference of 
state fields such as <book> versus <title> ,<Journal> versus 
<conference> is strongest, but due to text features and the 
improved HMM, the precision rates of states <title>, 
<Journal> and the recall rates of states 
<book>,<conference> are greatly enhanced. While the 
interference of <Author> is smaller, its accuracy rate 
reached 0.96749. Table.3 shows that the improved hybrid 
algorithm has the better time performance especially than 
ACA, which is mainly because the new algorithm can avoid 
the blindness in early phrase of ACA and can quickly 
converge, which also reflects the efficiency of the hybrid 
algorithm. Synthesizing the above data, it can be seen that 
the validity of IPSAA-HMM algorithm. 

 
 

V.  CONCLUSIONS 
 
In view of the defects of the traditional HMM hybrid 

method for Web information extraction, this paper proposes 
a self-adaptive hybrid intelligence training algorithm based 
on IPSAA-BW for citation extraction. The IPSAA-BW 
training algorithm adjusts adaptively parameters of PSO and 
ACA, and takes advantage of the PSO’s strong global search 
capability to generate the initial information distribution 
(Rough search), and then uses the ACA’s positive feedback 
mechanisms to obtain the exact solutions (fine search)—thus 
greatly improving the performance of HMM parameter 
optimization. And then the algorithm uses BW to revise 
parameters locally, which considers the influence of the 
information contained in training sequence and social 
information on HMM global optimization. So the new 
hybrid algorithm enhances the probability of model global 
optimization, effectively overcomes premature, quickly 
converges with extremely low error and has stronger 
optimization ability. Experimental results show that 
compared with the traditional PSO-HMM and ACA-HMM 
optimization method, IPSAA-HMM reflects the strong 
advantage in optimal performance and extraction accuracy, 
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which proves the effectiveness of the improved algorithm. 
Future researches can focus on: use new hybrid intelligent 
algorithms to development HMM optimization method with 
better performance and lower complexity, and then apply it 
to the actual intelligent information processing system. 
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