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Abstract
The focused crawler grabs continuously web pages related to the given topic according to priorities of unvisited hyperlinks.
In many previous studies, the focused crawlers predict priorities of unvisited hyperlinks based on the text similarity models.
However, the representation terms of the web page ignore the phenomenon of polysemy, and the topic similarity of the text
cannot combine the cosine similarity and the semantic similarity effectively. To address these problems, this paper proposes a
focused crawler based on semantic disambiguation vector spacemodel (SDVSM). TheSDVSMmethod combines the semantic
disambiguation graph (SDG) and the semantic vector space model (SVSM). The SDG is used to remove the ambiguation
terms irrelevant to the given topic from representation terms of retrieved web pages. The SVSM is used to calculate the topic
similarity of the text by constructing text and topic semantic vectors based on TF × IDF weights of terms and semantic
similarities between terms. The experiment results indicate that the SDVSM method can improve the performance of the
focused crawler by comparing different evaluation indicators for four focused crawlers. In conclusion, the proposed method
can make the focused crawler grab the higher quality and more quantity web pages related to the given topic from the Internet.

Keywords Focused crawler · Semantic disambiguation graph · Semantic vector space model · Semantic similarity

Introduction

Traditional web crawlers start from the initial URLs and
obtain the web pages corresponding to these initial URLs.
In the crawling process, the traditional web crawlers contin-
uously extract new hyperlinks from the retrieved web pages
and put them in the queue including unvisited hyperlinks
until the specified conditions are met [1, 2]. But with the
rapid growth of web pages in the Internet, web crawlers need
to consume more time and space resources. In response to
these problems, a topic-orientedweb crawler is proposed and
a topic-oriented search engine appeared. This topic-oriented
web crawler only downloads web pages related to a given
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topic, and determines the priority of unvisited URLs based
on the topic similarities of the retrieved web pages. The
topic-oriented web crawler called as focused crawler greatly
reduces resources such as storage space and indexing time,
and improves the accuracy of retrieval results [3, 4].

The focused crawler uses the initial URLs to predict
the priorities of unvisited URLs through the text similar-
ity model. The focused crawler continuously crawls web
pages related to a given topic from the Internet according to
these priorities in descending order [5, 6]. Firstly, the focused
crawler selects web pages related to a given topic through
the manual screening or machine recognition, and construct
the term vector representing the given topic through the text
processing technology [7, 8]. Secondly, the focused crawler
downloads web pages corresponding to initial URLs in turn,
and extracts the terms and hyperlinks from each web page
using the text processing and hyperlink analysis technology
[9]. As a result, the term vector and the effective hyperlinks
are obtained from the downloaded web page [10]. Then, the
text similarity model is used to obtain the similarity between
each web page and the given topic, and the similarity value
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is used to predict the topic similarity of each effective hyper-
link in web pages [11]. Effective hyperlinks are added to
the queue of unvisited URLs based on their topic similarity
values. Finally, the focused crawler downloads web pages
corresponding to unvisited hyperlinks from the queue in turn,
and adds the web pages to the specified database. The above
processes are repeated until a given number of downloaded
web pages is reached or the database storage space is full.

The focused crawler utilizes the text contents ofweb pages
or the link structure among web pages to predict the priori-
ties of unvisitedURLs [12, 13]. In the focused crawlers based
on the text content, the vector space model (VSM) is a clas-
sic model that utilizes the text content to obtain the similarity
betweendifferent texts [14]. In addition, the semantic similar-
ity retrieval model (SSRM) is a semantic model that utilizes
the semantic similarity between terms to obtain the similarity
between different texts [15]. In the focused crawlers based on
the hyperlink analysis, the PageRank algorithm is a classic
algorithm that utilizes the link structure to obtain the prior-
ities of unvisited URLs [16]. The above classic algorithm
models utilize the text content or the hyperlink structure to
make focused crawlers grab web pages related to the given
topic. But the text content and the hyperlink structure are not
used together to achieve the focused crawler. The focused
crawler based on the context graph utilizes the link structure
and text contents of the web pages to predict the priorities of
unvisitedURLs [17]. The crawling strategy guide the focused
crawler to retrieve web pages related to the given topic from
the Internet.

The focused crawlers based on above methods utilize the
text content and the link structure to predict the priorities of
the unvisited URLs. These methods can guide the focused
crawlers to grab high quality and large number of topic-
relevant web pages from the Internet. However, the above
topic crawling methods still have some problems and defi-
ciencies in determining representation terms and calculating
the text similarity. These problems are described as follows:

(1) The representation terms of the web page ignore the
phenomenon of polysemy. The focused crawler utilizes
the text processing methods including word segmenta-
tion, stem extraction and stop word removal to obtain
representation terms of the web page, and compute the
TF × IDF weights of representation terms. To achieve
the description of the web page, the web page is finally
represented as a term vector. However, the phenomenon
of polysemous terms is common in the text natural lan-
guage. For example, the term “apple” can refer to a kind
of fruit or a smart phone. The polysemous terms in web
pages generally have a specific single semantic. If the
specific semantic of the polysemous term in the web
page cannot be accurately recognized, this will mislead
the focused crawler to grab the web pages. Therefore,

the crawling performance of the focused crawler will be
reduced.

(2) The topic similarity of the text cannot combine the
cosine similarity and the semantic similarity effectively.
In the focused crawler based on the VSM, if there are
no common terms between the text and the given topic,
the topic similarity of the text will be the minimum zero
by using the cosine similarity. This makes the focused
crawler unable to retrieve web pages that are seman-
tically similar to the given topic. In addition, in the
focused crawler based on the SSRM, if the text and
topic terms are the same or synonyms and the TF× IDF
weights of these terms is very different, the topic simi-
larity of the text will be the maximum one by using the
semantic similarity. As a result, the above methods can-
not obtain the accurate similarity between the text and
the given topic. Therefore, the crawling performance of
the focused crawler is also reduced.

To solve the aboveproblems, this paper proposes a focused
crawler based on the semantic disambiguation vector space
model (SDVSM). The SDVSMmethod combines the seman-
tic disambiguation graph (SDG) and the semantic vector
space model (SVSM). Firstly, the semantic disambiguation
graph (SDG) is built to remove the ambiguation terms irrel-
evant to the given topic in the representation terms of the
web pages. Then, the semantic vector space model (SVSM)
is utilized to calculate the similarity between the text and
the given topic. Finally, the priority of each unvisited hyper-
link is predicted based on the topic similarities of full text
and anchor text of this unvisited hyperlink. The experi-
ment results demonstrate that the proposed SDVSMCrawler
improve the evaluation indicators compared with the BF
Crawler, theVSMCrawler and theSSRMCrawler. In conclu-
sion, the proposed method can make the focused crawler to
grab the higher quality and more quantity web pages related
to the given topic from the Internet.

The contributions of this paper are as follows:

(1) This paper proposes a focused crawler based on the
semantic disambiguationvector spacemodel (SDVSM).
The SDVSM method combines the semantic disam-
biguation graph (SDG) and the semantic vector space
model (SVSM). This focused crawler utilizes the SDG
to remove the ambiguation terms irrelevant to the given
topic from representation terms of retrieved web pages.
Meanwhile, this focused crawler utilizes the SVSM to
calculate the similarity between the text and the given
topic to combine the VSM method and the SSRM
method.

(2) The experiment has implemented the four focused
crawlers including the BF Crawler, the VSM Crawler,
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the SSRM Crawler and the SDVSM Crawler. The per-
formance of the four focused crawlers is evaluated based
on three indicators including the harvest rate, the aver-
age topic similarity and the average error.

The remainder of this paper is organized as follows: “Re-
lated works” introduces the fuzzy inference model and the
concept semantic similarity. In the next section, a focused
crawler based on the SDVSM is proposed; experimental
results are displayed and analyzed in “Experiment”. The
next section puts forward the paper’s conclusions and fur-
ther research works.

Related works

Fuzzy inferencemodel

The fuzzy inference model transforms the fuzzy input into
the clear output based on the fuzzy inference mechanism
[18, 19]. In this model, the clear input is firstly fuzzed by
themembership function and the correspondingmembership
degree is obtained. Then, the effective results of fuzzy rules
are obtained by using the fuzzy if–then rules which make
the membership function values of different input variables
implement the T-normal operator operation. The all fuzzy
rule results are combined to form the final fuzzy inference
result by using the fuzzy inference mechanism. Finally, the
inference result is used to produce the clear output based on
the defuzzification method. This defuzzification process is
the inverse process of the fuzzification.

The Fuzzy Inference Model mainly contain the fuzzifica-
tion, fuzzy rules, fuzzy inference mechanism and defuzzifi-
cation. The details are described in the following.

(1) Fuzzification

The fuzzification transforms the clear input variables
into the corresponding membership degree values by
the membership functions of different language labels.
In the fuzzification, the common membership func-
tions include the Trigonometric membership function,
Gaussian membership function and Piecewise Linear
membership function [20]. In this paper, the Piecewise
Linear membership function is used as follows:

μ(x) �

⎧
⎪⎨

⎪⎩

0 or 1 x < a
x−a
b−a or x−b

a−b a ≤ x ≤ b

1 or 0 x > b

(1)

where μ(x) is the membership degree of a clear input
variable x , a and b are the parameters corresponding to
different language labels.

(2) Fuzzy rules
The fuzzy rules are consisted of if–then language rules.
In these rules, the if-part is the conditional statement part
of fuzzy rules which includes logical connectives such
as ‘and’, ‘or’, and ‘not’,while then-part is the conclusion
statement part of fuzzy rules. The fuzzy rules transform
essentially membership degree values into the effective
fuzzy rule results based on the fuzzy logic operations
[21]. The common fuzzy rules include the Mamdani
fuzzy rule and Takagi Sugeno Kang fuzzy rule (TSK
fuzzy rule) [22]. The Mamdani fuzzy rule has the sim-
ple expression, and is often used in the imprecise fuzzy
inference model. In this paper, the Mamdani fuzzy rule
is used as follows:

Rr : IF x1 is A1 and x2 is A2 and · · · and xn is An ,

THEN yr is B r � 1, 2, · · · , R, (2)

where Rr is the r-th fuzzy rule, xi (1 ≤ i ≤ n) is the
i-th input variable, Ai (1 ≤ i ≤ n) is the i-th fuzzy set
of xi , n is the number of the fuzzy input variables, yr is
the fuzzy variable, B is the fuzzy set of yr , and R is the
total number of fuzzy rules.

(3) Fuzzy inference mechanism

The fuzzy inference mechanism is used to obtain the
fuzzy inference result. The fuzzy inference mechanism
transforms the membership degrees of clear inputs into
rule results, and then the rule results are combined by the
fuzzy logic operations to form the final fuzzy inference
result [23]. The common fuzzy inference mechanisms
include the Mamdani minimum and Larsen product
[24]. In this paper, the Mamdani minimum is used as
follows:

μB (y) � R
max
r�1

{min (μA1(x1), μA2(x2), · · · · · · , μAn(xn))},
(3)

where μB(y) is the fuzzy inference result, B is the
fuzzy set of y, R is the total number of fuzzy rules,
μAi (xi ) (1 ≤ i ≤ n) is the membership degree of the
clear input xi , Ai (1 ≤ i ≤ n) is the i-th fuzzy set of xi ,
and xi (1 ≤ i ≤ n) is the i-th input variable.

(4) Defuzzification

The defuzzification transforms the fuzzy inference
result formed by the fuzzy inference mechanism into
the clear output. The defuzzification can be considered
as the inverse process of the fuzzification. In the fuzzy
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inference model, the defuzzification essentially trans-
forms the fuzzy variable into the clear variable which
is used to make the appropriate decision in the fuzzy
inference domain [25]. The common defuzzification
methods include the maximum membership method,
area equipartition method and gravity center method
[26]. In this paper, the maximum membership method
is used as follows:

xmax � 1

N

N∑

i�1

x Bimax (4)

where xmax is the clear output called as the ambiguity
value, x Bimax is the abscissa corresponding to the maxi-
mum membership degree for the fuzzy set Bi , Bi is the
i-th fuzzy set of the ambiguity variable x .

Concept semantic similarity

The concept semantic similarity refers to the semantic simi-
larity of two concepts in the ontology. In addition, the concept
semantic similarity needs to consider the contexts and word
semantics. The WordNet is widely used in calculating the
concept semantic similarity. The concept semantic similar-
ity can be calculated based on the three different methods
including path distance method, information content method
and attribute feature method in the WordNet [27]. This
paper utilizes the information content method to calculate
the semantic similarity between concepts. The details are
described as follows:

(1) Path distance method

The path distance method calculates the semantic sim-
ilarity between two concepts through the shortest dis-
tance and depths in the relationship tree of two con-
cepts in the WordNet. The path distance method believes
that the closer the distance between two concepts is,
the higher the semantic similarity between concepts
is [28]. The calculation formula is described as fol-
lows:

simPD(c1, c2) � 1 − len (c1, c2)

len (c1, c2) + 2 × depth (lso(c1, c2))
,

(5)

where simPD(c1, c2) is the semantic similarity between two
concepts c1 and c2, len (c1, c2) is the shortest path distance
of two concepts c1 and c2, lso (c1, c2) is the deepest common
parent nodeof twoconcepts c1 and c2, anddepth (lso(c1, c2))
is the depth of the node lso (c1, c2) in theWordNet. The com-
putational complexity of the path distance method is simple
and small.

Table 1 Concept semantic similarity calculation methods from typical
literature

Authors Methods Classification

Wu et al. Method based on path
between concepts and
depth of common parent
node [28]

Path distance method

Fellbaum
et al.

Method based on number
of nodes between
concepts and maximum
depth [31]

Path distance method

Fellbaum
et al.

The number of direction
changes in traversing
path [32]

Path distance method

Lin Method based on
information
commonness and total
information [29]

Information content
method

Resnik Method based on
maximum information
of common ancestor
[33]

Information content
method

Jiang et al. Method based on
maximum semantic
similarity of word pairs
[34]

Information content
method

Tversky Method based on number
of public attributes [30]

Attribute feature
method

Xun et al. Method based on
synonyms and vector
space model [35]

Attribute feature
method

(2) Information content method

The information contentmethod calculates the semantic sim-
ilarity between two concepts through the information content
(IC) values. The information content method believes that
there are common points among concepts, and meanwhile
each concept has its own information capacity [29]. The cal-
culation formula is described as follows:

simIC (c1, c2) � 2 × IC(lso (c1, c2))

IC(c1) + IC(c2)
, (6)

where simIC (c1, c2) is the semantic similarity between two
concepts c1 and c2 in theWordNet, lso (c1, c2) is the deepest
common parent node of two concepts c1 and c2, IC(c1) and
IC(c2) are, respectively, the IC values of two concepts c1 and
c2, and IC(lso (c1, c2)) is the IC value of the node lso (c1,
c2). The IC value is calculated as follows:

IC(c) � − log(c) � 1 − log(|hypo(c)| + 1)

log(max _nodes)
, (7)

where IC(c) is the IC value of the concept c, hypo (c) is the
number of all child nodes of the concept c, and max _nodes
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Fig. 1 The flowchart of the
focused crawler based on
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is the maximum number of concepts contained in the classi-
fication tree in the WordNet.

(3) Attribute feature method

The attribute feature method calculates the semantic similar-
ity between two concepts through the attribute features of the
two concepts [30]. The calculation formula is described as
follows:

simAF (c1, c2) � γ f (c1 ∩ c2) − α f (c1 − c2) − β f (c2 − c1),
(8)

where simAF (c1, c2) is the semantic similarity between two
concepts c1 and c2 in theWordNet, f (c1∩c2) is the number of
common attribute features of two concepts c1 and c2, f (c1 −
c2) is the number of attribute features that belong to concept
c1 and do not belong to concept c2, f (c2 − c1) is the number
of attribute features that belong to concept c2 and do not
belong to concept c1, γ , α and β are the parameters which,
respectively, indicate the influence degrees of the common
and non-common attribute features of two concepts c1 and
c2.
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As mentioned above, there are three kinds of methods to
calculate the concept semantic similarity from previous lit-
eratures. The three kinds of methods including path distance
method, information content method and attribute feature
method are visually shown in the following Table 1 from
typical literature.

Focused crawler based on SDVSM

In this section, this paper proposes a focused crawler based on
the semantic disambiguation vector space model (SDVSM).
The SDVSMmethod combines the semantic disambiguation
graph (SDG) and the semantic vector space model (SVSM).
Figure 1 shows the flowchart of the focused crawler based on
SDVSM. In Fig. 1, the flowchart of this focused crawler is
divided into three main modules: semantic disambiguation
graph, semantic vector space model and hyperlink priority
prediction. Firstly, the semantic disambiguation graph (SDG)
is constructed by using the training web pages related to the
given topic. Then, the semantic vector space model (SVSM)
combines the cosine similarity in the VSM and the semantic
similarity in the SSRM to calculate the similarity between
the text and the given topic. Finally, the hyperlink priority
prediction obtains the priorities of unvisited hyperlinks to
guide the focused crawler to grab web pages related to the
given topic based on the SDG and the SVSM. The above
three modules are described in the following.

Semantic disambiguation graph

The semantic disambiguation graph (SDG) construction is
divided into three steps including the topic graph construc-
tion, ambiguation term identification and disambiguation
term extraction. The SDG is used to remove the ambiguation
terms irrelevant to the given topic from the representation
terms of retrieved web pages [36]. In short, the SDG further
optimizes the representation terms of retrieved web pages.

Topic graph construction

The topic graph is constructed by using the topic terms and
co-occurrence degrees between these topic terms. In the topic
graph, the topic terms are regarded as nodes, and the co-
occurrence degrees between the topic terms are regarded as
the weights of the edges in the topic graph. The topic graph
cannot only reflect the topic characteristics, but also provide
the search range of topic terms for ambiguation term identi-
fication and disambiguation term extraction.

The topic terms are extracted from the representation
terms of training web pages related to the given topic. The
topic terms are determined based on the weights of the rep-
resentation terms of training web pages. The term weights

are calculated based on the TF × IDF [37]. The TF × IDF
weights are calculated as follows:

wi j � t fi j × id fi j � fi j

f j
max

log
NS

Ni
, (9)

wherewi j is the TF× IDFweight of the term i in the training
web page j, t fi j is the term frequency (TF) of the term i in the
training web page j, id fi j is the inverse term frequency (IDF)
of the term i in the training web page j, fi j is the frequency

of the term i in the training web page j, f j
max is the maximum

frequency of all terms in trainingweb page j, Ni is the number
of web pages containing the term i in the training web pages,
and NS is the total number of the training web pages.

The co-occurrence degrees express the relationship
strengths between topic terms. The co-occurrence degree
between two topic terms is the proportion of the number
of topic-relevant and co-occurrence web pages to the num-
ber of retrieved web pages containing either of two topic
terms. The number of retrieved web pages is obtained by
inputting either of two topic terms into the general search
engine such as Bing, Google. The number of topic-relevant
and co-occurrence web pages are the number of retrieved
web pages related to the given topic and containing both of
two topic terms. The co-occurrence degree between two topic
terms is calculated as follows:

cd(k1, k2) � Nrel - coo(k1, k2)

N (k1, k2)
, (10)

where cd(k1, k2) is the co-occurrence degree between two
topic terms k1 and k2, Nrel - coo(k1, k2) is the number of topic-
relevant and co-occurrence web pages containing both of the
topic terms k1 and k2, and N (k1, k2) is the total number
of retrieved web pages containing either of two topic terms
k1 and k2. The certain number of retrieved web pages are
randomly selected to simplify the co-occurrence degree cal-
culation because N (k1, k2) may be very large in practice.

The topic graph is an undirected graph composed of topic
terms and co-occurrence degrees between the topic terms.
Figure 2 gives an example of the topic graph construction.
In Fig. 2, there are five topic terms k1, k2, k3, k4 and k5.
The maximum TF × IDF weight in all nodes is the value
0.62 of the topic term k3, and indicates that the contribution
of the topic term k3 to the given topic is the greatest in all
topic terms. The values on edges are the weights between
nodes corresponding to the co-occurrence degrees between
topic terms in Fig. 2. The maximumweight in all edges is the
co-occurrence degree 0.86 between two topic terms k2 and
k4, and indicates that the relationship strength between two
topic terms k2 and k4 is the strongest in all topic term pairs.
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Fig. 2 An example of the topic
graph construction
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Ambiguation term identification

The ambiguation term identification obtains ambiguation
terms from the topic terms in the topic graph based on the
topic indicators and the fuzzy inference model. This iden-
tification process is divided into two steps including the
indicator calculation and ambiguity resolution. The ambigua-
tion term identification determines the ambiguation terms
and further clarifies the search range of topic terms for the
disambiguation term extraction. The following will describe
the above two steps.

Indicator calculation The indicator calculation obtains the
topic relevance, topic popularity and topic importance of all
topic terms to describe the membership degrees of all topic
terms with ambiguity. Normally, the higher the three topic
indicators of a topic term are, the lower the membership
degree of the topic term with ambiguity is. The topic rel-
evance (TR) refers to the relevance of the topic term related
to the given topic, and is calculated by the ratio of the occur-
rence frequencies of the topic term in topic-relevant and
topic-irrelevant web pages. The topic popularity (TP) refers
to the popularity of the topic term related to the given topic,
and is calculated by the ratio of the numbers of topic-relevant
and topic-irrelevant web pages containing the topic term. The
topic importance (TI) refers to the importance of the topic
term related to the given topic, and is calculated by the ratio
of the occurrence frequency of the topic term and the total
occurrence frequency of other topic terms in training web
pages of the topic graph.

The following will describe the calculation method of the
three topic indicators of each topic term. The topic item k as a
query word is initially inputted into the general search engine
to obtain the certain number of retrieved web pages. Then the
numbers of topic-relevant and topic-irrelevant web pages are
determined by using the VSM. The three topic indicators are
calculated as follows:

(11)
T R(k) � RF(k)

C +UF(k)

T P(k) � RP(k)

C +U P(k)
T I (k) � log

Nothers

Nk
,

where T R(k), T P(k) and T I (k) are, respectively, the topic
relevance, topic popularity and topic importance of the topic
term k, RF(k) and UF(k) are, respectively, the occurrence
frequencies of the topic term k in topic-relevant and topic-
irrelevant web pages, RP(k) and U P(k) are, respectively,
the numbers of topic-relevant and topic-irrelevant web pages
containing the topic term k, C is the parameter which is
greater than 0 and is equal to 1 in general to ensure that
the denominator is not 0, Nk is the occurrence frequency of
the topic term k in the training web pages of the topic graph,
and Nothers is the occurrence frequency of other topic terms
in the training web pages of the topic graph.

Ambiguity resolution The ambiguity resolution utilizes the
three topic indicators of the topic term to judge whether
the topic term is an ambiguation term based on the fuzzy
inference model. For example, the term “Amazon” is an
ambiguation term and obviously has two different semantics
“shoppingwebsite” and “tropical rain forest”. The ambiguity
resolution contains three processes including the input fuzzi-
fication, fuzzy inference engine and output defuzzification.
The following will describe the above three processes.

(1) Input fuzzification
The input fuzzification fuzzes the three topic indicators
of topic terms by the membership function. The input
fuzzification mainly involves language labels and the input
membership function. The larger the three topic indicators of
the topic term are, the lower the membership degree of the
topic termwith ambiguity is. In this paper, the language labels
include “Low (L)” and “High (H)” which correspond to two
different fuzzy sets for the three topic indicators. The Piece-
wise Linear function is selected as the input membership
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Table 2 The fuzzy rules for three
topic indicators Rule number Topic relevance (TR) Topic popularity (TP) Topic importance (TI) Rule result

1 L L L H

2 L L H H

3 L H L H

4 H L L H

5 L H H L

6 H L H L

7 H H L L

8 H H H L

function for the three topic indicators. The input member-
ship function for the three topic indicators are described as
follows:

(12)

μi
L (x) �

⎧
⎪⎨

⎪⎩

1 x < ai
x−bi
ai−bi

ai ≤ x ≤ bi
0 x > bi

μi
H (x) �

⎧
⎪⎨

⎪⎩

0 x < ai
x−ai
bi−ai

ai ≤ x ≤ bi
1 x > bi

i � 1, 2, 3,

whereμi
L (x) andμi

H (x) are two input membership functions
of the two fuzzy sets “Low” and “High” for the i-th topic
indicator, respectively, ai and bi are parameters of two input
membership functions for the i-th topic indicator, the i-th
( i � 1, 2, 3) topic indicator is the topic relevance, topic
popularity and topic importance, respectively.

(2) Fuzzy inference engine
The fuzzy inference engine mainly involves the fuzzy rules
and fuzzy inference mechanism. The fuzzy rules are com-
posed of language rules in the form of if–then. The if-part is
the conditional part which is composed of language labels of
the three topic indicators and the logical conjunction “AND”,
while the then-part is the conclusion partwhich is obtained by
performing the fuzzy operations for the membership degrees
of the three topic indicators. The fuzzy rules are shown in
Table 2. In Table 2, there are eight fuzzy rules for three topic
indicators, and L and H are two different fuzzy sets of two
language labels “Low” and “High”. For example, for the first
fuzzy rule, the if-part is the conditional part “L AND LAND
L” for all three topic indicators of a topic term, and the then-
part is the conclusion part that the rule result is H for the
topic term. Other fuzzy rules are similar to the first fuzzy
rule.

The fuzzy inference mechanism converts all rule output
results into the final fuzzy inference results. In this paper, the
Mamdani minimum inference mechanism is utilized, and the

formula is shown as follows:

μL , k � max
r∈RL

min{μ(T R(k)), μ(T P(k)), μ(T I (k))},
μH , k � max

r∈RH
min{μ(T R(k)), μ(T P(k)), μ(T I (k))}, (13)

where μL , k and μH , k are the fuzzy inference results of two
fuzzy sets “L” and “H” for the topic term k, respectively, RL

is the fuzzy rule set with the rule result “L” including the
fifth, sixth, seventh and eighth fuzzy rules in Table 2, RH is
the fuzzy rule set with the rule result “H” including the first,
second, third and fourth fuzzy rules in Table 2, r refers to
a fuzzy rule, μ(T R(k)) is the membership degree of topic
relevance T R(k) of the topic term k for the fuzzy set “L” or
“H”,μ(T P(k)) is the membership degree of topic popularity
T P(k) of the topic term k for the fuzzy set “L” or “H”,
and μ(T I (k)) is the membership degree of topic importance
T I (k) of the topic term k for the fuzzy set “L” or “H”.

(3) Output defuzzification

The output defuzzification involves the ambiguous member-
ship function and the defuzzification method. The Piecewise
Linear function is selected as the ambiguous membership
function. The ambiguous membership function is showed as
follows:

(14)

μAV
L (av) �

⎧
⎪⎨

⎪⎩

1 av < aAV
av−bAV
aAV −bAV

aAV ≤ av ≤ bAV
0 av > bAV

μAV
H (av) �

⎧
⎪⎨

⎪⎩

0 av < aAV
av−aAV
bAV −aAV

aAV ≤ av ≤ bAV
1 av > bAV

,

where μAV
L (av) and μAV

H (av) are the ambiguous member-
ship functions for two fuzzy sets “L” and “H”, respectively,
av is the ambiguity variable for the two fuzzy sets “L” or
“H”, and aAV and bAV are the parameters of two member-
ship functions μAV

L (av) and μAV
H (av) for two fuzzy sets “L”

and “H”, respectively.
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Fig. 3 An example of the
ambiguation term identification

The defuzzification method converts the fuzzy inference
results into a clear output called as the ambiguity value. In
this paper, themaximummembershipmethod is utilized. The
defuzzification method is shown as follows:

avoutput, k � avL , k + avH , k

2
, (15)

where avoutput, k is the clear output called as the ambigu-
ity value of the topic term k, and avL , k and avH , k are the
ambiguity values obtained by using the formula (14) and two

fuzzy inference resultsμL , k andμH , k for two fuzzy sets “L”
and “H”, respectively. The ambiguity value avoutput, k is used
to directly judge whether the topic term k is an ambiguation
term by comparingwith an ambiguation threshold value. The
ambiguation threshold value is equal to the average of two
parameters aAV and bAV in the formula (14). If the ambi-
guity value avoutput, k of the topic term k is higher than or
equal to the ambiguation threshold value, the topic term k is
an ambiguation term. On the contrary, the topic term k is not
an ambiguation term.
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Disambiguation Term Extraction

0.36  

0.61  
0.35  

0.86  

Fig. 4 An example of the disambiguation term extraction

Figure 3 gives an example of the ambiguation term iden-
tification. In Fig. 3, the topic relevance, topic popularity and
topic importance of the topic term k are firstly calculated as
7.1, 3.4 and 5.7, respectively. The table in Fig. 3 indicates
the fuzzy inference results for two fuzzy sets “Low” and
“High” are, respectively, μL , k � 0.3 and μH , k � 0.575 by
using the formula (13) based on Table 2. The ambiguation
threshold value is the average value 15 of two parameters
aAV and bAV . The two ambiguity values avL , k and avH , k

are calculated based on the formula (14), i.e., avL , k � 17 and
avH , k � 15.75. According to the formula (15), the clear out-
put avoutput, k called as the ambiguity value of the topic term
k is the average value 16.375 of two ambiguity values avL , k
and avH , k . Obviously, the ambiguity value avoutput, k of the
topic term k is higher than the ambiguation threshold value.
Therefore, the topic term k is identified as an ambiguation
term.

Disambiguation term extraction

The disambiguation term extraction obtains other topic terms
with strong sematic relationships for each ambiguation term
from the topic graph. The other topic terms are called dis-
ambiguation terms which have the strong semantic relation-
ships with the ambiguation term. The semantic relationship
strength can be directly measured by the co-occurrence
degrees between topic terms which can be calculated based
on the formula (10) in the topic graph. The disambiguation
term extraction can be described by the simple formula as
follows:

dt(k) �
{
1 cd(at , k) ≥ Tcd
0 cd(at , k) < Tcd

, (16)

where dt(k) is the comparison result, cd(at , k) is the co-
occurrence degree between the ambiguation term at and
the topic term k, and Tcd is the given co-occurrence degree
threshold which can be equal to the average value of all co-
occurrence degrees between the ambiguation term at and

other topic terms. If dt(k) is equal to 1, the topic term k is
the disambiguation term of the ambiguation term at .

Figure 4 gives an example of the disambiguation term
extraction. In Fig. 4, the topic term k2 is an ambiguation
term, and the given co-occurrence degree threshold Tcd is
set as 0.4. The co-occurrence degrees between topic k2 and
other topic terms k1, k3, k4 and k5 are, respectively, 0.36,
0.35, 0.86 and 0.61. According to formula (16), it can judge
that disambiguation terms of the ambiguation term k2 include
two topic terms k4 and k5.

Semantic vector spacemodel

The semantic vector space model (SVSM) utilizes the rep-
resentation terms of texts optimized based on the SDG to
calculate the similarities between these texts and the given
topic in this paper. In previous studies, there are two typi-
cal text similarity models including the vector space model
(VSM) and the semantic similarity retrieval model (SSRM).
The SVSM combines the advantages of the VSM and the
SSRM. The SVSM constructs the text semantic vector and
topic semantic vector, and the cosine value between two
semantic vectors is considered as the similarity between the
text and the given topic. The VSM, the SSRM and the SVSM
are outlined in the following.

(1) VSM
The VSM is the classic text similarity model widely
applied to the natural language processing. The VSM
constructs the text and topic term vectors based on the
TF × IDF weights of terms. Then, the VSM calculates
the cosine value between two term vectors to obtain the
similarity between the text and the given topic [14]. The
VSM formula is shown as follows:

Sim (d, t) �
∑n

i�1 wdiwti
√∑n

i�1 w2
di

√∑n
j�1 w2

t j

, (17)

where Sim (d, t) is the similarity between text d and
topic t, wdi and wt j are the TF × IDF weights of two
terms i and j in text d and topic t, respectively, calculated
based on the formula (9), andn is the number of common
terms in text d and topic t.

(2) SSRM
The SSRM utilizes the semantic similarity between
terms to calculate the similarity between the text and the
given topic. The SSRMobtains the TF× IDFweights of
terms and the semantic similarities between terms based
on the lexical ontology. Then, the SSRM normalizes the
sum value of the products among semantic similarities
and TF × IDF weights to obtain the similarity between
the text and the given topic [15]. The SSRM formula is
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shown as follows:

Sim (d, t) �
∑n

i�1
∑m

j�1 semi jwdiwt j
∑n

i�1
∑m

j�1 wdiwt j
, (18)

where Sim (d, t) is the similarity between text d and
topic t, semi j is the semantic similarity between two
terms i and j in text d and topic t, respectively, calculated
based on the formula (6), wdi and wt j are the TF ×
IDF weights of two terms i and j in text d and topic t,
respectively, and n andm are the total numbers of terms
in text d and topic t, respectively.

(3) SVSM
The SVSM is an improved semantic text similarity
model. The SVSM combines the cosine similarity
and the semantic similarity to calculate the similarity
between the text and the given topic [38]. The SVSM
obtains firstly the TF × IDF weights of terms and
the semantic similarities between terms. Secondly, the
SVSM constructs the text and topic semantic vectors
based on TF × IDF weights of terms and semantic sim-
ilarities between terms. Finally, the SVSM calculates
the cosine value between two semantic vectors to obtain
the similarity between the text and the given topic. The
SVSM formula is shown as follows:

Sim (d , t) � −−→
DSV · −−→

T SV

�
∑m

i�1
∑n

j�1 wdiwt j (semi j )2
√∑m

i�1
∑n

j�1 (wdi semi j )2
√∑m

i�1
∑n

j�1 (wt j semi j )2
,

(19)

where Sim(d, t) is the similarity between text d and
topic t,

−−→
DSV and

−−→
T SV are the text semantic vector and

topic semantic vector, respectively, semi j is the semantic
similarity between two terms i and j in text d and topic
t, respectively, wdi and wt j are the TF × IDF weights
of two terms i and j in text d and topic t, respectively,
and n and m are the total numbers of terms in text d and
topic t, respectively.

Figure 5 gives an example of the SVSM. In Fig. 5, the
text semantic vector

−−→
DSV is (0.18, 0.13, 0.3, 0.24, 0.15,

0.03), and the topic semantic vector
−−→
T SV is (0.26, 0.16, 0.6,

0.52, 0.28, 0.19). The similarity between text d and topic t is
0.98 based on the SVSM in the formula (19). In summary,
the SVSM utilizes the cosine similarity and the semantic
similarity to obtain the similarity between the text and the
given topic. In the SVSM, the semantic similarity is used to
construct the text and topic semantic vector, and the cosine
similarity between two semantic vectors is considered as
between the text and the given topic. TheSVSMcombines the
advantages of theVSMand the SSRM to obtain the similarity

between the text and the given topic more reasonably. There-
fore, the SVSM is used to calculate the similarity between
the text and the given topic in this paper.

Hyperlink priority prediction

The hyperlink priority prediction utilizes the SDG and the
SVSM to predict the priorities of unvisited hyperlinks. The
hyperlink priority prediction can be divided into two pro-
cesses including web term disambiguation and hyperlink
priority estimation. The above two processes are described
in detail in the following.

Web term disambiguation

The web term disambiguation removes ambiguation terms
irrelevant to the given topic to optimize representation terms
of web pages based on the SDG. Each ambiguation terms is
judged to remove from representation terms of web pages
by comparing the average co-occurrence degree between
each ambiguation term and its disambiguation terms in web
pages with the given threshold parameter. If the average
co-occurrence degree is smaller than the given threshold
parameter, the ambiguation term is removed from represen-
tation terms of web pages. The web term disambiguation can
be described by the formula as follows:

(20)

ATP , SDG � RTP ∩ ATSDG , kamb ∈ ATP , SDG ,

DT kamb
P , SDG � RTP ∩ DT kamb

SDG

cd(kamb) � 1

N

N∑

i�1

cd(dti , kamb) dti ∈ DT kamb
P , SDG

rt(kamb) �
{
1 cd(kamb) < T P
0 cd(kamb) ≥ T P

,

where P is a retrieved web page, RTP is the represen-
tation term set of web page P , ATSDG is the ambiguation
term set in the SDG, ATP , SDG is the intersection of the
ambiguation term set ATSDG and the representation term
set RTP , kamb is an ambiguation term in the set ATP , SDG ,
DT kamb

SDG is the disambiguation term set of the ambiguation

term kamb in the SDG, DT kamb
P , SDG is the intersection of the dis-

ambiguation term set DT kamb
SDG and the representation term set

RTP , dti is the i-th disambiguation term in the set DT kamb
P , SDG ,

cd(dti , kamb) is the co-occurrence degree between the dis-
ambiguation term dti and the ambiguation term kamb, N is
the number of disambiguation terms in the set DT kamb

P , SDG ,

cd(kamb) is the average co-occurrence degree between all
disambiguation terms in the set DT kamb

P , SDG and the ambigua-
tion term kamb, r t(kamb) is the judgment result which is used
to judge whether the ambiguation term kamb is removed from
the representation term set RTP , and T P is the given thresh-
old parameter which is equal to the average co-occurrence
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Fig. 5 An example of the SVSM

degree between the ambiguation term kamb and its disam-
biguation terms in the SDG. If r t(kamb) is equal to 1, i.e., the
average co-occurrence degree cd(kamb) is smaller than the
given threshold parameter T P , the ambiguation term kamb

is removed from the representation term set RTP of the web
page P .

Hyperlink priority estimation

The hyperlink priority estimation predicts the priorities of
unvisited hyperlinks based on the SDG and the SVSM. The
SDG is firstly used to remove the ambiguation terms irrele-
vant to the given topic and optimize the representation terms
of web pages. Then, the SVSM is used to calculate the topic
similarities of full texts and anchor texts of unvisited hyper-
links. Finally, the topic similarities of full text and anchor
text of each unvisited hyperlink are linearly combined as the
priority of unvisited hyperlink which determines the visit-
ing order of unvisited hyperlinks in the focused crawler. The
priority of each unvisited hyperlink is calculated as follows:

P(l) � λ Sim ( fl , t) + (1 − λ) Sim (al , t), (21)

where P(l) is the priority of the unvisited hyperlink l, λ is a
weighted factor, Sim ( fl , t) is the topic similarity of full text
fl of the unvisited hyperlink l, and Sim (al , t) is the topic
similarity of anchor text al of the unvisited hyperlink l.

Figure 6 gives the example of downloading web pages
for the proposed focused crawler. In Fig. 6, there are three

initial seed URLs including URLs1, URLs2 and URLs3 with
the same priorities, and these URLs are added into the queue
of unvisited URLs. Firstly, the head URLhead in the queue is
selected and visited to download the correspondingweb page
marked as the i-th web page, and this web page will be added
into Web Page Database. In addition, there are p hyperlinks
extracted from the i-th web page including URLi1, URLi2,
URLip, etc. Meanwhile, there are n terms extracted from the
i-th web page including Termi1, Termi2, Termin, etc. Sec-
ondly, the web term disambiguation generates m optimized
representation terms of the i-th web page including Term’i1,
Term’i2 Term’im, etc. Thirdly, for p unvisited hyperlinks in
the i-th web page, the SVSM is used to calculate the topic
similarities of full text and anchor texts including Sim (f i, t),
Sim (ai1, t), Sim (ai2, t), Sim (aip, t), etc. Then, according
to the formula (21), the priorities of p unvisited hyperlinks
are predicted as P(URLi1), P(URLi2), P(URLip), etc. Finally,
according to the priorities, the p unvisited hyperlinks in the
i-th web page are added into the queue of unvisited URLs
to ensure that hyperlinks with higher priority are in front of
the queue. The above processes are repeated until a given
number of Web Page Database is reached.

Experiment

The experiment system for focused crawlers with different
algorithms is constructed to further indicate that the SDVSM
method can improve the performance of the focused crawler.
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Fig. 6 The example of
downloading web pages for the
proposed focused crawler

The experiment design describes different focused crawlers,
provides initial data, and select evaluation indicators to com-
pare the performance of different focused crawlers. The
experiment system for focused crawlerswill obtain the exper-
imental results of different focused crawlers for the given
different topics. The experimental results show that the pro-
posed focused crawler in this paper can grab more and better
web pages related to the given topic from the Internet.

Experimental design

The experimental design includes the experimental focused
crawlers, the experimental initial data and the experimental
evaluation indicators. The following will describe the above
three contents in detail.

Experimental focused crawler

The experiment designs focused crawlerswith different algo-
rithms and achieves the performance comparison for these
focused crawlers. There are four different focused crawlers in
this experiment including the BF Crawler, the VSMCrawler,

the SSRMCrawler and theSDVSMCrawler. TheBFCrawler
is the web crawler based on the breadth-first algorithm and
does not predict the priorities of unvisited URLs. The VSM
Crawler and the SSRM Crawler obtain the topic similari-
ties of full texts and anchor texts of unvisited hyperlinks
based on the VSM and the SSRM, respectively. The SDVSM
Crawler is proposed based on the SDG and the SVSM in this
paper. Specially, the SDVSMCrawler removes the ambigua-
tion terms irrelevant to the given topic in representation terms
of retrieved web pages based on the SDG. In addition, the
SDVSM Crawler obtains the topic similarities of full texts
and anchor texts of unvisited hyperlinks by using the SVSM.

Experimental initial data

The experimental initial data are given for four focused
crawlers to comprehensively compare the performance of
these focused crawlers. To enhance the experiment persua-
sion, the four focused crawlers grab ten different topics
including fifth-generation mobile networks, artificial neural
networks, information retrieval, web search engine, driver-
less, distributed computing, virtual reality, data mining, data
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analysis and network security. The experimental initial data
mainly contain the topic page set, the initial seed set and the
training data set. In addition, the number of crawling web
pages is restricted within 5000. The following explains the
topic page set, the initial seed set and the training data set.

The topic page set can be used to calculate topic simi-
larities of texts. In order to reduce the time complexity, the
topic page set size is set as 20 in this experiment. Firstly, ten
different topics are inputted into the general search engine
like Bing or Google, respectively. Then, many topic-relevant
web pages are retrieved and sorted in the result list for each
topic. The top 20 topic-relevant URLs in the result list are
recorded into the topic URL file for each topic. Finally, the
topic-relevant web pages are downloaded to form the topic
page set by using topic-relevant URLs for each topic.

The initial seed set contains the initial URLs of different
topics. Table 3 shows the initial URLs of ten different topics,
and each topic has three different initial URLs at the start. To
comprehensively compare the performance of four focused
crawlers, ten different topics are divided into two groups,
and each group has five different topics. The first group is
composed of the top five topics, and the initial URLs of these
topics are relevant to the corresponding topics. The second
group is composed of the last five topics, and the initial URLs
of these topics are irrelevant to the corresponding topics.

The training data set includes topic terms of different top-
ics and training parameters to construct the SDG. The topic
terms are extracted from the topic page set, and each topic
page obtains two topic terms with the highest and the sec-
ond highest TF × IDF weights, respectively. For the training
parameters, the number of topic terms is set as 40 to consti-
tute the nodes of the SDG. The number of training web pages
is set as 20 to calculate the co-occurrence degrees between
topic terms in the SDG.

Experimental evaluation indicator

The experiment obtains three evaluation indicators including
the harvest rate, the average topic similarity and the average
error to compare four focused crawlers. The three indicators
can better measure the performance of each focused crawler
[39]. The harvest rate can measure the crawling efficiency of
the focused crawler. The average topic similarity canmeasure
the crawling effectiveness of the focused crawler. The aver-
age error can measure the crawling accuracy of the focused
crawler. These three evaluation indicators are calculated as
follows:

(22)

HR � nT R

n
AS � 1

nT R

nT R∑

i�1

ASi

ASi ≥ Ttr AE � 1

n

n∑

i�1

|ASi − P(i)|,

where HR is the harvest rate indicator, nT R is the number
of topic-relevant retrieved web pages, n is the number of
retrieved web pages, AS is the average topic similarity indi-
cator, ASi is the topic similarity of the i-th web page obtained
based on the VSM, Ttr is the threshold to judge whether a
web page is topic relevant, AE is the average error indicator,
and P(i) is the priority of the i-th hyperlink corresponding to
the i-th web page obtained based on the above formula (21).

Experimental crawling results

In the experiment, the above ten topics are divided into two
groups based on whether the initial URLs are relevant to
the topic. The experiment divides the crawling results into
three groups. The crawling results for three groups will be
shown in the following tables. In addition, the number of
retrieved pages starts with 100 and consecutively increases
by 100 until 5000 for each topic in this experiment. Specially,
there are no average errors in the crawling results for the BF
Crawler because the BF Crawler dose not predict priorities
of unvisited hyperlinks.

First group results

The first group results are obtained by crawling the initial
URLs of the first five topics for all four focused crawlers.
Table 4 displays that the first group results are the average
crawling results of the top 5 topics for four focused crawlers.
In Table 4, there are three evaluation indicators including
the harvest rate (HR), the average topic similarity (AS) and
the average error (AE) for the first group results. Figures 7,
8, 9 show the comparison of the three evaluation indicators
for all four focused crawlers based on the first group results,
respectively.

Figure 7 shows the comparison of the harvest rate for four
focused crawlers based on the first group results. In Fig. 7,
when the number of retrieved web pages exceeds 500, the
harvest rate for the SDVSM Crawler is significantly higher
than for other three focused crawlers. Figure 7 indicates that
the SDVSM Crawler can retrieve topic-relevant web pages
faster than other three focused crawlers. Figure 8 shows the
comparison of the average topic similarity for four focused
crawlers based on the first group results. In Fig. 8, when
the number of retrieved web pages exceeds 3900, the aver-
age topic similarity for the SDVSM Crawler is significantly
higher than for other three focused crawlers. Figure 8 indi-
cates that the SDVSM Crawler can retrieve topic-relevant
web pages better than other three focused crawlers. Figure 9
shows the comparison of the average error for three focused
crawlers based on the first group results. In Fig. 9, for each
number of retrieved web pages, the average error for the
SDVSM Crawler is significantly smaller than for other two
focused crawlers. Figure 9 indicates that theSDVSMCrawler
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Table 3 The initial URLs for ten
different topics Topics Initial URLs

1. Fifth-generation mobile networks https://www.dsxhub.org/5g-the-ultimate-guide-everything-you-
need-to-know-about-the-fifth-generation-mobile-network/

https://www.thalesgroup.com/en/markets/digital-identity-and-
security/mobile/inspired/5G

https://www.techradar.com/news/what-is-5g-everything-you-
need-to-know

2. Artificial neural networks https://www.elprocus.com/artificial-neural-networks-ann-and-
their-types/

https://blog.quantinsti.com/deep-learning-artificial-neural-
network-tensorflow-python/

https://www.tutorialandexample.com/artificial-neural-network-
tutorial/

3. Information retrieval https://www.searchtools.com/info/info-retrieval.html

https://ischool.illinois.edu/research/areas/information-retrieval

https://www.asindexing.org/about-indexing/history-of-
information-retrieval/

4. Web search engine https://www.digitalgyd.com/best-search-engines/

https://cybersguards.com/10-best-hidden-deep-dark-web-search-
engines/

https://qpsoftware.net/blog/top-chinese-search-engines

5. Driverless https://wiki.debian.org/CUPSDriverlessPrinting

https://www.nasdaq.com/articles/driverless-race-accelerates%
3A-who-is-leading-the-game-2020-10-20

https://vittana.org/20-pros-and-cons-of-driverless-cars

6. Distributed computing https://coin-or.github.io/OS/distributedComputingBackground.
html

https://boole.cs.qc.cuny.edu/li/computing.html

https://www.packtpub.com/product/distributed-computing-with-
python/9781785889691

7. Virtual reality https://stanford.edu/class/ee267/

https://builtin.com/edtech/virtual-reality-in-education

https://www.verywellfit.com/is-virtual-reality-the-future-of-
exercise-4768181

8. Data mining https://insights.sap.com/what-is-data-mining/

https://www.popularmechanics.com/military/a9465/nsa-data-
mining-how-it-works-15910146/

https://www.investopedia.com/tech/how-does-bitcoin-mining-
work/

9. Data analysis https://www.dbta.com/Editorial/Trends-and-Applications/What-
is-Data-Analysis-and-Data-Mining-73503.aspx

https://ebn.bmj.com/content/3/3/68

https://www.excite.com/education/business/data-analysis

10. Network security https://intellipaat.com/blog/what-is-network-security/

https://www.itjones.com/blogs/2019/11/1/the-ultimate-network-
security-checklist

https://techtalk.gfi.com/the-ultimate-network-security-checklist/
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Table 4 The first group results including HR, AS and AE for four focused crawlers

Numbers of retrieved pages BF crawler VSM crawler SSRM crawler SDVSM crawler

HR AS HR AS AE HR AS AE HR AS AE

100 0.464 0.448 0.442 0.407 0.399 0.459 0.459 0.246 0.504 0.416 0.148

200 0.459 0.425 0.460 0.412 0.411 0.449 0.449 0.239 0.476 0.418 0.148

300 0.432 0.440 0.486 0.414 0.453 0.447 0.447 0.213 0.471 0.416 0.139

400 0.439 0.431 0.472 0.416 0.470 0.445 0.445 0.194 0.462 0.414 0.131

500 0.438 0.424 0.472 0.418 0.476 0.437 0.437 0.181 0.474 0.412 0.125

600 0.425 0.422 0.460 0.419 0.485 0.435 0.435 0.178 0.489 0.413 0.124

700 0.421 0.420 0.455 0.419 0.484 0.434 0.434 0.177 0.483 0.414 0.123

800 0.436 0.431 0.447 0.419 0.473 0.432 0.432 0.177 0.470 0.415 0.123

900 0.446 0.428 0.450 0.420 0.463 0.432 0.432 0.180 0.465 0.416 0.122

1000 0.439 0.425 0.451 0.419 0.452 0.430 0.430 0.183 0.473 0.415 0.121

1500 0.427 0.412 0.449 0.422 0.403 0.425 0.425 0.205 0.476 0.418 0.118

2000 0.423 0.416 0.446 0.422 0.372 0.425 0.425 0.233 0.468 0.421 0.127

2500 0.420 0.422 0.464 0.424 0.369 0.424 0.424 0.240 0.475 0.425 0.129

3000 0.444 0.417 0.461 0.422 0.378 0.425 0.425 0.228 0.474 0.423 0.124

3500 0.436 0.414 0.458 0.421 0.391 0.423 0.423 0.212 0.465 0.423 0.122

4000 0.448 0.413 0.461 0.421 0.403 0.423 0.423 0.202 0.463 0.424 0.121

4500 0.452 0.413 0.462 0.422 0.411 0.422 0.422 0.196 0.463 0.423 0.118

5000 0.448 0.409 0.465 0.422 0.411 0.421 0.421 0.194 0.471 0.424 0.117

Fig. 7 The comparison of the
harvest rate for four focused
crawlers based on the first group
results

can predict more accurate priorities of unvisited hyperlinks
than other two focused crawlers.

Second group results

The second group results are obtained by crawling the initial
URLs of the last 5 topics for all four focused crawlers. Table
5 displays that the second group results are the average crawl-
ing results of the last five topics for four focused crawlers. In
Table 5, there are three evaluation indicators including HR,

AS and AE like Table 4 for the second group results. Fig-
ures 10, 11, 12 show, respectively, the comparison of the three
evaluation indicators for all four focused crawlers based on
the second group results.

Figure 10 shows the comparison of the harvest rate for
four focused crawlers based on the second group results. In
Fig. 10, when the number of retrieved web pages exceeds
1700, the harvest rate for the SDVSM Crawler is signifi-
cantly higher than for other three focused crawlers. Figure 10
indicates that the SDVSMCrawler can retrieve topic-relevant
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Fig. 8 The comparison of the
average topic similarity for four
focused crawlers based on the
first group results

Fig. 9 The comparison of the
average error for three focused
crawlers based on the first group
results

web pages faster than other three focused crawlers. Figure 11
shows the comparison of the average topic similarity for
four focused crawlers based on the second group results. In
Fig. 11,when the number of retrievedwebpages exceeds 700,
the average topic similarity for the SDVSMCrawler is signif-
icantly higher than for other three focused crawlers. Figure 11
indicates that the SDVSMCrawler can retrieve topic-relevant
web pages better than other three focused crawlers. Figure 12
shows the comparison of the average error for three focused
crawlers based on the second group results. In Fig. 12, for
each number of retrieved web pages, the average error for
the SDVSM Crawler is significantly smaller than for other
two focused crawlers. Figure 12 indicates that the SDVSM
Crawler can predict more accurate priorities of unvisited
hyperlinks than other two focused crawlers.

Third group results

The third group results are obtained by crawling the initial
URLs of all 10 topics for all four focused crawlers. Table 6

displays that the third group results are the average crawling
results of all 10 topics for four focused crawlers. In Table 6,
there are three evaluation indicators including HR, AS and
AE like Table 4 for the third group results. Figures 13, 14,
15 show, respectively, the comparison of the three evaluation
indicators for all four focused crawlers based on the third
group results.

Figure 13 shows the comparison of the harvest rate for four
focused crawlers based on the third group results. In Fig. 13,
when the number of retrieved web pages exceeds 1200, the
harvest rate for the SDVSM Crawler is significantly higher
than for other three focused crawlers. Figure 13 indicates that
the SDVSM Crawler can retrieve topic-relevant web pages
faster than other three focused crawlers. Figure 14 shows the
comparison of the average topic similarity for four focused
crawlers based on the third group results. In Fig. 14, when
the number of retrieved web pages exceeds 1500, the aver-
age topic similarity for the SDVSM Crawler is significantly
higher than for other three focused crawlers. Figure 14 indi-
cates that the SDVSM Crawler can retrieve topic-relevant
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Table 5 The second group results including HR, AS and AE for four focused crawlers

Numbers of retrieved pages BF crawler VSM crawler SSRM crawler SDVSM crawler

HR AS HR AS AE HR AS AE HR AS AE

100 0.532 0.405 0.434 0.419 0.401 0.444 0.430 0.216 0.350 0.431 0.169

200 0.468 0.417 0.433 0.427 0.464 0.416 0.429 0.213 0.377 0.438 0.176

300 0.412 0.411 0.439 0.427 0.505 0.407 0.431 0.201 0.388 0.434 0.159

400 0.407 0.417 0.407 0.429 0.543 0.390 0.434 0.184 0.379 0.435 0.145

500 0.398 0.413 0.389 0.426 0.552 0.382 0.435 0.181 0.376 0.434 0.135

600 0.408 0.414 0.392 0.425 0.542 0.382 0.437 0.185 0.367 0.435 0.130

700 0.386 0.410 0.390 0.427 0.528 0.379 0.436 0.189 0.361 0.437 0.128

800 0.371 0.407 0.380 0.426 0.510 0.384 0.435 0.196 0.361 0.436 0.128

900 0.385 0.411 0.381 0.428 0.495 0.382 0.435 0.204 0.364 0.436 0.130

1000 0.400 0.408 0.387 0.430 0.475 0.381 0.436 0.213 0.371 0.438 0.134

1500 0.436 0.404 0.400 0.433 0.489 0.403 0.443 0.214 0.413 0.451 0.141

2000 0.391 0.402 0.414 0.442 0.528 0.405 0.444 0.199 0.415 0.450 0.130

2500 0.369 0.397 0.411 0.444 0.543 0.410 0.442 0.198 0.412 0.449 0.123

3000 0.357 0.392 0.415 0.443 0.537 0.411 0.442 0.200 0.420 0.449 0.122

3500 0.337 0.392 0.421 0.441 0.514 0.416 0.442 0.200 0.423 0.448 0.118

4000 0.336 0.392 0.417 0.441 0.498 0.417 0.444 0.202 0.425 0.448 0.115

4500 0.344 0.394 0.419 0.441 0.484 0.414 0.443 0.204 0.426 0.446 0.114

5000 0.361 0.400 0.426 0.439 0.472 0.418 0.443 0.208 0.426 0.444 0.114

Fig. 10 The comparison of the
harvest rate for four focused
crawlers based on the second
group results

web pages better than other three focused crawlers. Figure 15
shows the comparison of the average error for three focused
crawlers based on the third group results. In Fig. 15, for
each number of retrieved web pages, the average error for
the SDVSM Crawler is significantly smaller than for other
two focused crawlers. Figure 15 indicates that the SDVSM
Crawler can predict more accurate priorities of unvisited
hyperlinks than other two focused crawlers.

The experiment obtains the crawling results including
three evaluation indicators to compare the performance of

four focused crawlers. First of all, the experiment results
indicate that the SDVSM Crawler can retrieve topic-relevant
web pages faster and better than other three focused crawlers
including the BF Crawler, the VSM Crawler and the SSRM
Crawler from the Internet. In addition, the SDVSM Crawler
can predict more accurate priorities of unvisited hyperlinks
than other two focused crawlers including the VSM Crawler
and the SSRM Crawler. The experiment results indicate that
the SDG can acquire the more accurate representation terms
ofwebpages.Meanwhile, the experiment results indicate that
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Table 6 The third group results including HR, AS and AE for four focused crawlers

Numbers of retrieved pages BF Crawler VSM Crawler SSRM Crawler SDVSM Crawler

HR AS HR AS AE HR AS AE HR AS AE

100 0.498 0.426 0.438 0.413 0.400 0.440 0.445 0.231 0.427 0.423 0.158

200 0.464 0.421 0.447 0.419 0.437 0.447 0.439 0.226 0.427 0.428 0.162

300 0.422 0.425 0.463 0.421 0.479 0.438 0.439 0.207 0.430 0.425 0.149

400 0.423 0.424 0.439 0.422 0.507 0.420 0.439 0.189 0.421 0.425 0.138

500 0.418 0.419 0.431 0.422 0.514 0.410 0.436 0.181 0.425 0.423 0.130

600 0.416 0.418 0.426 0.422 0.513 0.412 0.436 0.181 0.428 0.424 0.127

700 0.403 0.415 0.423 0.423 0.506 0.411 0.435 0.183 0.422 0.426 0.126

800 0.404 0.419 0.414 0.423 0.492 0.412 0.433 0.187 0.416 0.426 0.125

900 0.415 0.420 0.416 0.424 0.479 0.413 0.433 0.192 0.414 0.426 0.126

1000 0.420 0.416 0.419 0.425 0.463 0.412 0.433 0.198 0.422 0.427 0.128

1500 0.431 0.408 0.425 0.428 0.446 0.424 0.434 0.210 0.445 0.434 0.129

2000 0.407 0.409 0.430 0.432 0.450 0.426 0.434 0.216 0.442 0.436 0.129

2500 0.394 0.410 0.438 0.434 0.456 0.433 0.433 0.219 0.443 0.437 0.126

3000 0.401 0.405 0.438 0.433 0.457 0.430 0.433 0.214 0.447 0.436 0.123

3500 0.387 0.403 0.439 0.431 0.453 0.428 0.433 0.206 0.444 0.435 0.120

4000 0.392 0.403 0.439 0.431 0.451 0.426 0.433 0.202 0.444 0.436 0.118

4500 0.398 0.404 0.440 0.431 0.447 0.423 0.432 0.200 0.444 0.435 0.116

5000 0.405 0.405 0.445 0.430 0.441 0.424 0.432 0.201 0.449 0.434 0.115

Fig. 11 The comparison of the
average topic similarity for four
focused crawlers based on the
second group results

the SVSM can acquire the more accurate topic similarity of
the text than the VSM and the SSRM. The experiment results
indicate that the SDVSM method combining the SDG and
SVSM can improve the performance of the focused crawler.

Conclusion and future work

In many previous studies, the representation terms of the
web page ignore the phenomenon of polysemy for focused

crawlers. In addition, the topic similarity of the text cannot
combine the cosine similarity and the semantic similarity
effectively. To address these problems, this paper proposes a
focused crawler based on the SDVSMmethod. The SDVSM
method combines the SDG and the SVSM. The SDG is used
to remove the ambiguation terms irrelevant to the given topic
from representation terms of retrievedweb pages. The SVSM
is used to calculate the topic similarity of the text by con-
structing the text and topic semantic vectors based on TF
× IDF weights of terms and semantic similarities between
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Fig. 12 The comparison of the
average error for three focused
crawlers based on the second
group results

Fig. 13 The comparison of the
harvest rate for four focused
crawlers based on the third group
results

Fig. 14 The comparison of the
average topic similarity for four
focused crawlers based on the
third group results
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Fig. 15 The comparison of the
average error for three focused
crawlers based on the third group
results

terms. The experiment results indicate that the SDVSM
method can improve the performance of the focused crawler
by comparing different evaluation indicators for four focused
crawlers. In addition, the experiment results indicate that the
SDG can acquire the more accurate representation terms of
web pages. Meanwhile, the experiment results indicate that
the SVSM can acquire the more accurate topic similarity of
the text than the VSM and the SSRM. In conclusion, the
proposed method can make the focused crawler retrieve the
higher quality and more quantity web pages related to the
given topic from the Internet.

In the future, some research works are still worth to fur-
ther study. First of all, the SDG construction fuzzes three
different indicators of topic terms by using the Piecewise
Linear membership function in this paper. But the Trigono-
metric membership function and the Gaussian membership
function can be studied to fuzz three different indicators
of topic terms. Secondly, the ambiguation term identifica-
tion is realized by using the fuzzy inference method in this
paper. But the supervised approaches and knowledge-based
ones can be studied to realize the ambiguation term iden-
tification. Thirdly, the semantic similarity between terms is
obtained based on thecontent information of concept nodes
in WordNet in this paper. But the structure information of
these concept nodes can be studied to obtain the semantic
similarity between terms. Finally, the topic similarities of
texts of unvisited hyperlinks is used to predict priorities of
unvisited hyperlinks. But the link structure among unvisited
hyperlinks can be studied to predict priorities of unvisited
hyperlinks.
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