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Abstract: Patent deployment has become competition strength
for companies. The intelligence property can keep the com-
petition advantage of a company from opponents through the
patent deployment which can be visualized by the patent map
technique. The patent map is an important strategic tool for
establishing design strategies. Our past efforts studied the visu-
alization transformation techniques in design patent map, and
the comparisons of design patents in United States and Taiwan.
Of types of patents, design patents occupy a unique patent field,
since design patents are not as definitive as other patent fields.
Therefore, the construction of design patent map is extremely
difficult. Current commercial patent map systems visualize the
patents according to non-populace attributes, even some sys-
tems constrain the number of patent to generate a patent map.
Considering these scenarios, such patent map systems are in-
sufficient for providing more objective results from populace to
support more powerful evidences in law courts. A key factor
to support the patent map system adopting the populace opin-
ions is a fast dissimilarity visualization engine which can trans-
late the dissimilarity of patents from the populace opinions to
a patent map. This paper presents a GA-based dissimilarity
visualization engine for the above mentioned purpose. We de-
sign a set of crossover and mutation operations based on the
observations could generate patent maps with better quality. A
comprehensive set of experiments are conducted, and the re-
sults reveal that the GA-based dissimilarity visualization engine
indeed speeds up around 50% than the traditional method. The
performance properties of our proposed method are also stud-
ied. Hence, such the engine is quite suitable for impatient users
on the internet platform. Finally, we also present a case study
of applying our system prototype to an industry-academy coop-
eration project for patent analysis and evasion.
Keywords: genetic algorithm; patent map; industry; web technol-
ogy; visualization;

I. Introduction

With the arrival of knowledge economy era, enterprises are
forced to treat intellectual property rights as efficient strate-
gies in enhancing their competitiveness. Enterprises com-
monly use patents to achieve certain objects, including sup-
porting decision-making, planning the use of new technol-
ogy in future research and development, overcoming diffi-
culties in some technological steps, purchasing equipment,
and performing several intended purposes [9]. The World
Intellectual Property Organization (WIPO) revealed that 90-
95% of all the world’s inventions can be found in patent doc-
uments [15, 6]. The patent literature is an enormous tech-
nical database. Many works on professional patent systems
[10, 20] and patent data analytical techniques [18] are de-
veloped to analyze patent data. Some scholars further apply
patent documents in different field, such patent knowledge
in breast cancer medicine [2], in which authors use patent
paths to establish pharmaceutical management mechanisms
[16]. However, because it is difficult to interpret patent liter-
ature, professionals in different fields stop short of using the
abundant patent data.
In order to cope with the great amount of patent documents,
Shneiderman [17] proposed the concept of information visu-
alization to assist directors of corporations for interpretations
of patent documents. Patent map is a useful tool to exhibit
the technical deployment of specific industries. Through the
patent map technology, corporations can understand the state
of competition or even developmental trends of the industry,
so that corporations can establish their own business or de-
velopment strategies [15].
Notice that the application and protection of patents are
based on the territoriality principle, patent laws in different
countries could be different, and thus, patents can be clas-
sified into many types. For example, in United States, The
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United States Patent and Trademark Office (USPTO) offer
three types of patents [19], including utility patents, design
patents, and plant patents. In this work, we focus on design
patents. Design patents tend to be the protection of forms
and appearances, thus, comparison of design patents is more
difficult than that of invention patents. The reason is that in-
vention patents tend to have objective data for determination,
such as temperature or stress; however, design patents tend
to be subjective determination, such as creativity and homo-
geneity which is still difficult to be evaluated or differentiated
by current computer techniques. Hence, human being plays
the key component to evaluate or differentiate design patents.
Therefore, the design patent map system is a human-machine
cooperation computation. Such characteristic distinguish our
work from other works that focus on invention patents [8].
Following the above mentioned property about design
patents, we observe many judges on patent infringement are
different from populace opinion in practice, because a judg-
ment are decreed by only few justices. More and more patent
experts believe in that collecting the populace opinion of
patents as evidences will assist justices to make more fair
judgments. However, no such system or platform assist bar-
risters or patent experts to collect the statistics of populace
opinion of patents so far. According to experts’ experiences
[7, 3, 4], such the design patent map system should equip the
following two necessary properties.

• The first properties is that users can easily access and
conveniently manipulate the system. The easy access
is proportional to the motivation of using the system,
and the number of success populace investigation would
then increase. Most users has low desire to make the
patent comparisons on the dedicate system and even
with specified time schedule.

• The second properties is the efficiency and scalability of
visualization transformation, that is, the system should
respond users within acceptable response time. The too
long response time would decrease users’ desire on the
system.

In many design courses about modern human-interface de-
sign experiences, the above two points are also important
rules to increase community interaction on Internet, partic-
ularly the cloud-based service [12].
In this paper, we proposed a novel design of a commu-
nity knowledge-based patent map system with an efficient
genetic algorithm-based dissimilarity visualization engine,
which can transform the dissimilarity among patents into a
two-dimensional patent map. Hence, the two-dimensional
patent map generated based on the patent dissimilarity in-
cludes the statistics of common cognition in the community,
and the visual patent map is easy to interpret the patent anal-
ysis and strategy for product designers. Partial content of
algorithm design is extended from our primary version [5]
presented in a conference. In this work, more related top-
ics are covered, such as complete performance study and a
case study of how to apply our designed prototype. For the
kernel of the patent map system, our proposed method uses
a sampling comparison of patents and yet reaches high pre-
cision in a genetic-algorithm framework. Thus, the engine
can generate the patent map within acceptable waiting time.

Therefore, the proposed method can be built in a platform for
public access to increase the acceptance of populace. In addi-
tion, our proposed method can be scalable to large number of
patents in a patent map. In our experiences, we can transform
dissimilarity of hundreds of patents in a patent map, however,
some commercial software packages allow only less than 100
patents, such as SPSS [11]. We also conduct a comprehen-
sive set of performance experiments to study the transforma-
tion performance, and as well as the characteristics of the ge-
netic algorithm to the performance. Our proposed method re-
duced around 50% transformation time cost than traditional
methods. When more patents are transformed in a patent
map, our proposed engine shows more advantage in perfor-
mance. Finally, we also present a case study of applying our
system prototype to an industry-academy cooperation project
sponsored by Creative Service Project of Ministry of Eco-
nomic Affairs, Taiwan and Winton Plastics Industries Co.,
Ltd1. for patent analysis and evasion. The case study shows
how our prototype assists the product designers of Winton to
understand the patent advantage of their products and patent
pressure of product competition.
The rest paper is organized as follows. Section II describes
the system architecture. Then, we present the design of the
GA-based dissimilarity visualization engine in Section III.
Section IV shows the comprehensive set of performance
study of our proposed method. Next, Section V demonstrates
the prototype of our patent map system. In Section VI, we
give a case study of applying our prototype to our industry-
academy project. Finally, we conclude the paper in Sec-
tion VII.

II. System Architecture

Figure 1 instantiates the user scenarios according to our con-
densed practical experience in design patent map systems.
Assume that a number of users (populace) in the community
contribute their knowledge on comparing the design patents
in the web platform. Since users may not have the same
available period for the patent survey, each user can proceed
the comparison any time and anywhere. After comparing a
pair of patents, the comparison result would be sent back to
the patent database. On the other hand, the administrators
can retrieve the up-to-date patent map which will be auto-
matically generated based on the current results of populace
opinions in the patent database by the system.
Figure 2 illustrates the reference architecture for transform-
ing the dissimilarities of patents into a patent map to visual-
ize the differences of patents. Notice that the dissimilarities
of patents can be transformed to multi-dimensional space.
However, in order to be able to clearly identify the differ-
ences of patents in the map, most researchers prefer two-
dimensional space.
For the convenience of public access, the patent map system
is recommended to design by using web technologies. While
users access the system, a set of web interface components
associated with the functions of the patent map systems in-
teract with the users. Two most critical components are pro-
vided in a patent map system. The first component, called

1More details about Winton Plastics Industries Co. can refer to its web
site: http://www.wintontile.com.tw/index.html
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Figure. 1: An illustrative Scenario of populace-used patent
map systems.
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Figure. 2: Reference architecture for populace-used patent
map systems.

dissimilarity collector, is used to collect the dissimilarity of
patents. The collected dissimilarity of patents are maintained
in the patent database which has complete information of
patents. The second component, called patent map engine, is
used to transform the collected dissimilarity of patents into
a map which visualize the relative dissimilarity of patents
in a two-dimensional space. The map transformed from the
dissimilarity of patents is then rendered by the visual render-
ing tool into the visual formatted data for displaying in web
pages.

III. GA-based Dissimilarity Visualization En-
gine

After the dissimilarity matrix of patents are collected, the
GA-based similarity visualization engine can generate a
patent map which consists of points in a space and the dis-
tances of point pairs are similar to the similarity matrix as
possible. Figure 3 shows the flow of our genetic algorithm
design for dissimilarity visualization engine. The genetic al-
gorithm processes as follows.

Step 1. The visualization engine generates the initial popu-
lation according to the number of patents in the dissim-
ilarity matrix.

Step 2. If the generation counter is less than or equal to the
predefined maximal generation (i.e., max gen), goto
Step 3; else goto Step 6.

Step 3. The individuals are selected to generate new off-
springs through the following three operations: 1-parent
crossover, 2-parent crossover, and mutation.

Step 4. Sorting individuals of the old generation and the
new generation according to their mapdist. Only the
predefined size of population are conserved, others are
discarded.

Step 5. The generation counter are increased by one, and
then goto Step 2.

Step 6. Return the best individual as the result.

Step 7. End of the genetic algorithm.

In the following, we describe the components in the above
mentioned genetic algorithm in details.
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Figure. 3: Genetic algorithm flow for similarity visualization
engine.

Gene representation:
A patent map consists of a set of patent locations in a space.
In this work, a genotype is a patent map, and a gene is a
patent location. Figure 4 shows the gene representation of
this work. A genotype is an array of genes, and each of which
is represented as a two-dimension point.
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Figure. 4: Illustration of gene representation.

In the traditional method, a measure to identify whether a
map is similar enough to the dissimilarity matrix is through
stress, whose basic idea is the accumulation of distance of
each node pair between the map and the dissimilarity ma-
trix. A disadvantage of using stress is that the computation
complexity is proportional to the number of patents for com-
parison. Hence, we devise the mapdist which compares a
feature set of node pairs, called signature, in the map com-
parison in order to reduce the computation cost. The signa-
ture sign can be express as the matrix form whose size is
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the same to the dissimilarity matrix. Element (i, j) of sign
is set to 1 if the dissimilarity of patents i and j needs to be
compared in the mapdist; otherwise, element (i, j) is set to
0. We define the mapdist as follows.

mapdist =

√√√√∑N
i=1

∑N
j=i+1(Dij − dist′ij)× sign(i, j)∑N

i=1

∑N
j=i+1(dist

′
ij)× sign(i, j)

where the square root is just a convenience that gives
greater spread to small values. Given a dissimilarity matrix
D, the GA-based similarity visualization engine minimizes
mapdist over all point configurations (p1, · · · , pN ) in the 2-
dimension space. dist′ij is the distance function of points pi
and pj , and can be obtained as

dist′ij =
N∑
i=1

N∑
j=i+1

distij × sfm

where sfm =

∑N
i=1

∑N
j=i+1 Dij∑N

i=1

∑N
j=i+1 distij

sfm is a scaling factor function which can be computed once
and applied to dist′ij computation of all patent pairs. In other
words, sfm would not incur high computation cost. Notice
that calculating the mapdist needs to scan all genes of the sig-
nature, the administrator may constrain the number of popu-
lation in run time to further reduce the computation cost. A
solution to alleviate the above challenge is to develop the en-
gine by using the cloud computing techniques. Such part of
context is beyond the scope of this paper, and thus, we leave
it as the future work.
Figure 5 illustrates the difference of stress and mapdist
from the aspect of the computation complexity. In the tradi-
tional measure stress, all patent pairs are considered. As-
sume N patents are compared in the dissimilarity matrix.
Thus, the computational complexity of calculate stress (re-
ferring to Figure 5(a)) is O(N(N−1)

2 ) = O(N2) [1]. On the
contrast, only the selected patents are compared in comput-
ing mapdist. Assume |sign| denotes the number of the se-
lected patent pair. Then, the computational complexity of
calculate mapdist (referring to Figure 5(b)) is O(|sign|).
In most cases, mapdist needs less computation cost than
stress. mapdist would degrade to stress if all patent pairs
are selected in the signature.

(a) stress (b) mapdist

Figure. 5: Ilusstrating basic idea of computing stress and
mapdist.

1-parent crossover:
The 1-parent crossover operation is used to generate off-
springs by imitating the similarity matrix. Algorith 1 shows
the detailed steps for 1-parent crossover. Assume N is the
total number of patents. For each patent pair (i, j) and the
associated element in signature is marked, the positions of
patents i and j will be adjusted so that the new positions will

be make the patent map structure be more similar to the dis-
similarity matrix. Let p′i and p′j are the adjusted positions in
the new offspring. Then p′i and p′j satisfy

dist(p′i, p
′
j) = dmin + sfc × dist(ai,j , amin)

where sfc means the scalability factor and can be obtained
as

sfc =
dmax − dmin

amax − amin

In the above formula, amax and amin are the maximum and
the minimum elements in the dissimilarity matrix, respec-
tively, and dmax and dmin can be obtained as follows.

dmin = MIN{dist(pi, pj)|i, j ∈ {1, 2, · · · , N}, and i ̸= j.}
dmax = MAX{dist(pi, pj)|i, j ∈ {1, 2, · · · , N}, and i ̸= j.}

Algorithm 1: 1-parent Crossover
Input: a genotype, g1.
Output: new genetype gnew.
// Initialization

1 let N be the number of total patents;
2 gnew = g1 ;
/* The dissimilarity matrix gives the

rule of the spatial-relationship of
patents to g1. */

3 foreach patent pair (i, j) and signature(i, j) == 1 do
4 adjust positions of patents i and j in gnew, such that

dist(p′i, p
′
j) = dmin + sfc × dist(ai,j , amin) ;

5 update the mapdist of gnew;
6 return gnew ;

Figure 6 illustrates the 1-parent crossover operation. Assume
six patents in the comparison set, and the signature includes
one minimum element, one random element, and one max-
imum element, that is, ((1, 2), (5, 6), (3, 4)). Genotype g1
consists six patents and associated positions P1 · · ·P6. For
the first patent pair (1, 2), their positions P1 and P2 are ad-
justed to satisfy

dist(P ′
1, P

′
2) = dmin + sfc × dist(ai,j , amin)

= dist(P1, P2) + sfc × dist(a1,2, a1,2).

Similarly, the same process is applied to other two pairs
((5, 6), (3, 4)) of the signature, then a new offspring gnew
is generated by g1.
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Figure. 6: Illustration of 1-parent crossover operation.
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2-parent crossover:
The implementation of 2-parent crossover is depicted in Al-
gorithm 2. The 2-parent crossover operation is used to gen-
erate offsprings by imitating other better individuals. Each
time the operation is used, two individuals are randomly se-
lected (say, g1 and g2) as the input of the 2-parent crossover
operation. Assume mapdist1 ≤ mapdist2, that is, g1 drives
g2. g1 give the rule of the spatial-relationship of patents to
g2. For each patent, say patent i in g2, this patent is moved
to the middle of patents NN(g1, i) and NN(g2, i) in g2, where
NN(gx, i) means the nearest patent of patent i in genotype
gx. These modifications on g2 are used to generate a new
offspring. In order to keep the diversity, one individual can
be selected to proceed 2-parent crossover process from first
half of the individuals sorted by the mapdist.

Algorithm 2: 2-parent Crossover
Input: two genotypes, g1 and g2 with mapdist mapdist1

and mapdist2, respectively.
Output: new genetype gnew.
// Initialization

1 Assume mapdist1 ≤ mapdist2, that is, g1 drives g2;
/* Patent-wise crossover: in order to

bring the advantage of g1 to g2. */
/* That is, g1 give the rule of the

spatial-relationship of patents to
g2. */

2 for (i = 1 to N ) do
// move g2[i] to the middle of NN(g1[i])

and NN(g2[i]). a1 and a2 are index
keys

3 a1 = NN(g1, i);
4 a2 = NN(g2, i);
5 gnew[i] =

(
g2[a1].x+g2[a2].x

2 , g2[a1].y+g2[a2].y
2

)
;

6 compute mapdist(gnew);
7 return gnew;

Figure 7 shows the basic idea of the 2-parent crossover op-
eration. In the example, genotype g1 has lower mapdist than
g2, thus, the goal of the operation is to improve the quality of
genotype g2 by imitating the relationship of nodes in g1. The
operation would scan each gene of g1 and find out its nearest
neighbor (point), and then, adjust the corresponding point in
g2 such that its nearest neighbor is the same as that in g1, as
shown in the figure.

Mutation:
The mutation operation is designed to avoid local optimum
which is frequent occurred in genetic algorithms. The Gaus-
sian mutation is applied to our designed genotypes to gen-
erate new offsprings. The detailed steps is shown in Algo-
rithm 3. In the beginning, a genotype is considered to pro-
ceed the mutation operation by a random filter. If the geno-
type is selected, the position of each patent is then adjusted
by an offset of a Gaussian random number. Notice that we
generate a Gaussian random number for each patent to in-
crease the diversity of individuals in the genetic algorithm.
Figure 8 shows the idea of the mutation operation. For each
gene of a genotype g, the associated point is moved to a
nearby location with offset generated by a pair of Gaussian
numbers (i.e., for horizontal axis and vertical axis).
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Figure. 7: Illustration of 2-parent crossover operation.

Algorithm 3: mutation()
Input: genotype g.
Output: genotype gnew.
// Initialization

1 gnew=null;
2 δ=

√
min(g);

3 rand seed();
4 if (rand() < mutation threshhold) then
5 for (i = 1 to N ) do
6 gnew[i].x = g[i].x+ (δ ×Gaussian rand());
7 gnew[i].y = g[i].y + (δ ×Gaussian rand());
8 compute mapdist(gnew);
9 else

10 gnew = g;
11 return gnew;

Fitness function:
Recall that one of the rules of thumb for a website design is
to response to users as soon. In order to achieve the goal,
we use the fitness function to control the execution time of
the engine. The fitness function is controlled by a predefined
parameter, called max gen, which stands for the maximal
generation in the evolution process. More specifically, once
the generation count reaches max gen, the fitness function
would terminate the evolution process, and then return the
current results in the genetic algorithm.
An alternative of the fitness function is designed based on
mapdist, and the goal of such design is to generate re-
sults whose accuracy between the dissimilarity matrix and
the patent map is within a predefined standard. Administra-
tors can revise the design of the fitness function according to
their needs. In this work, we only consider the max gen-
based fitness function, and the evaluation of the mapdist-
based fitness function is left as one of our future work.
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Figure. 8: Illustration of mutation operation.

IV. Performance Study

In this section, we conduct a comprehensive set of experi-
ments for studying the performance characteristics of our de-
signed GA-based dissimilarity visualization engine. Before
discussing the experiment results, we describe the simulation
settings used in the simulation.

A. Simulation Settings

In our simulation, we maintained 100 real patents [8, 3] with
their related description and basic information in the patent
database. According to our experience for different needs
of customers, the number of patent set in the experiments
varies from 20 to 100. Notice that current SPSS cannot
transform the dissimilarity visualization with more than 99
patents, thus, the experiments show our system has higher
scalability. The default signature pattern is (9, 0, 0), which
means we select the patent pairs as signature set from 9 min-
imum elements in the dissimilarity matrix. Later, we will
show this setting does not favor our performance, thus, the
results should be under fair comparisons. The prototype is
built on a general personal computer which equips CPU of
Intel Pentium 4 3200 MHz and 2.5GB RAM. The traditional
method for transform the dissimilarity visualization is pro-
posed by Kruscal (denoted as Kruscal method) [14, 13], and
it is implemented in the simulation for comparison.

B. Experimental Results

Figure 9 shows the first experiment on studying the time con-
sumption of the designed GA-based dissimilarity visualiza-
tion engine. Our method is compared to the engine based on
traditional multi-dimensional scaling which is implemented
based on Kruscal’s method [14]. From the figure, we can
see our GA-based dissimilarity visualization engine needs
only one half of computation time than that of Kruscal’s
method. The benefit comes from that our method can control
the computation cost by setting the parameters of initial pop-
ulation and maximal generation. In addition, the increasing
rate of our method is slower than that of Kruscal’s method.
Hence, our method is much more suitable for large number
of patents, and the response time is also acceptable for web
environment.
The second experiment is to study the influence of gener-
ations in the genetic algorithm to the mapdist for different

 0

 100

 200

 300

 400

 500

 600

 20  30  40  50  60  70  80  90  100

e
x
e
c
u
ti
o
n
 t
im

e
 (

s
e
c
.)

number of patents

GA-based
Kruscal method

Figure. 9: Comparison of time consumption between two
engines.

patent sets, and the result is shown in Figure 10. For dif-
ferent patent sets, we can see the each curve can perform
stable within ten generations. This means the designed ge-
netic algorithm can obtain the suboptimal results rapidly. In
addition, we observe the patent set of 100 patents has higher
mapdist than that of 20 patent. Such result is reasonable be-
cause it is more difficult to find a patent map close to a dis-
similarity matrix of large number of patents. In the result,
the difference between 100 patents and 20 patents is limited,
and thus, the quality of generated patent map of 100 patents
is acceptable for most clients.
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Figure. 10: Impact of the generations to mapdist.

The next experiment is to study the quality of the designed
genetic algorithm-based engine compared to that of tradi-
tional Kruscal’s method. Figure 11 shows the comparison
result. In this experiment, we use the stress value as a ba-
sis in comparison. This is because mapdist is invented and
used only in our method. Thus, the patent map generated by
our method is further evaluated to obtain the associated stress
value. As our above mentioned on the relationship between
the mapdist and the number of patent set, we can see the
stress values of both methods increase as increasing number
of patents. Even our method has higher stress value than the
Kruscal’s method, the difference is very limited for various
sizes of patent set. That is, although our method only samples
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some patents (signature) to compare to the dissimilarity ma-
trix, the generated patent is yet close to that generated by the
Kruscal’s method. Therefore, applying the sampling mech-
anism, mapdist to the genetic algorithm obtains remarkable
results.
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Figure. 11: Comparison of stress value between two engines.

The last experiment is designed to observe the influence of
the signature patterns and number of signature to the pro-
posed method, and the result is shown in Figure 12. In or-
der to obtaining more precise results, we again use the stress
value as vertical axis, and further evaluate the stress value
of the generated maps in the experimental results. The sig-
nature patterns in our experiment covers different situation
as possible, thus, distribution of signature pattern includes
all minimum values, all random values, all maximum values,
and mixed values. From the results, we can see that most sig-
nature patterns can reach around 0.4 (while the stress value
of the Kruscal’s method is around 0.35), so, it is very easy
for administrator to choose a signature pattern in our system
for applications. In addition, we found that signature pattern
(X, 0, 0) has worst stress value among all signature patterns.
Hence, our experiment setting (9, 0, 0) is not a prejudice to
our method in the experiments. In case other signature pat-
terns are selected, the better performance results would be
obtained.

V. Demonstration

In this section, we demonstrate our prototype whose design
are described in previous sections. Then, we also give a
real case study about applying this prototype in an industry-
academy cooperation project in the next section. In order
to offer convenient access and usage of a design patent map
system, we develop the prototype by using web program-
ming with a database system. The physical development
platform include PHP 5.2.6 based on Apache server 2.2.8,
and the patent database is built on MySQL 5.0.51a. These
development tools are very popular and can cross platforms,
thus, our prototype can be deployed on almost any kinds
of general PC platforms which have enough computation
capacity, networking module, and support the above men-
tioned tools. Currently, our prototype can be accessed at
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Figure. 12: Impact of the different signature patterns (sig-
pattern).

http://cis.mis.stut.edu.tw/PTMS/.
Figure 13 depicts the patent dissimilarity survey from pop-
ulace. Recall that there are two types of patent pair selec-
tions in our framework, including the table view and the ma-
trix view. In the figure, we show the comparison process by
through the two types of patent pair selections. The first sub-
figure is the screenshot of the patent pair selections by the
table view. A user can select two patents for comparisons
through the assistance of thumbnail patent photos, for exam-
ple, patents 1 and 6 are selected in the first subfigures. Then,
the prototype will guide the user to compare the dissimilar-
ity of selected patent pair, as shown in the second subfigure.
The third subfigure shows the screenshot that a user can de-
termine to select a patent pair by either the table view or the
matrix view. the forth subfigure shows the screenshot of the
matrix view.
Figure 14 shows the patent map with a visual tool. The loca-
tion data in the figure are from the patent transformation en-
gineFrom the patent map, patents that most participants deem
they are similar are placed closely. For example, patents 11
and 5 are very close which means most participants deem
they are very similar.

VI. Case Study: Applying PTMS to Patent
Analysis and Evasion

In this section, we present a real case study of applying our
PTMS to an industry-academy cooperation project which is
sponsored by Creative Service Project of Ministry of Eco-
nomic Affairs, Taiwan and Winton Plastics Industries Co.,
Ltd. (Winton for short) under Grant 110527. Winton Co. is
one of leading companies in producing ground mats, and de-
signs certain products to satisfy market demands every year.
Currently, Winton Co. finds some patents of related tech-
niques are hold in competitors, and these patents would make
their invented products involve in the intellectual property is-
sues. Due to the lack of patent analysis during the design
period, Winton Co. either spent costly expense for patent au-
thorization or abandoned these new products in past years.
Hence, the purpose of this cooperation project is to analyze
the related products and patents, and determine some patent
evasion strategies to avoid the patent authorization for their
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Figure. 13: Screenshots of the patent dissimilarity comparison.

new products by using our proposed PTMS.
Figure 15 shows three design products (namely, D1 ∼ D3)
out of 15 candidates for patent analysis research in the
business meeting hosted by Winton Co. According to our
patent search report for surveying over 2,000 patents, five
US patents are possibly similarly to D1 ∼ D3, including
US7896571B1 (X1), US2740167 (X2), US7856784B2 (X3),
US6516579B1 (X4), US4426820 (X5), where Xi is our as-
signed analysis code number to each patent. From our manu-
ally search report, X1 ∼ X4 are similar to D1, X5 is similar
to D2, and no patent is similar to D3.
In order to explore the relationship among the three prod-
ucts and five patents by using our proposed PTMS, we
collect the community knowledge for each pair of prod-
ucts/patents, and the result is shown in Figure 16. In the
figure, D1/D2/D3/X1/X2/X3/X4/X5 are represented as
1, 2, · · · , 8, respectively. Notice that for confidential issues,
we only show results of few community members to demon-
strate part of our project results. The scale of our actual
investigation is much greater than that in this case study.
After obtaining the above dissimilarity matrix, we can then
obtained the patent map of three products and five patents,
as shown in Figure 17. The patent map is generated by
the underlying GA-based dissimilarity visualization engine

presented in previous sections. From the figure, we found
that these three products and five patents are distributed uni-
formly. This indicates that these products and patents are
not similar to each other according to the cognitions of par-
ticipant community members. Obviously, such information
obtained from PTMS offers a different viewpoint from the
experts in Winton Co., and thus, these results can be further
studied for more details.

Our PTMS also offers additional function for display nearest
patents of a specified patents, as shown in Figure 18. In the
example of the figure, we query for three nearest patents of
D1. Then, PTMS indicates patents 4, 5, and 6 are results with
their distances to D1 in a table, and uses arrows to clearly in-
dicates their relationship in the display area of the web page.
Repeating the process, we can learn the three nearest patents
of D2 and D3, respectively. From these results, designers in
Winton Co. clearly know the novelty of their products. In
addition, designers can further understand which product has
most novelty and suggest the company to apply patents for
this product with the highest priority. These information is
also available for company to manage resources on applying
patents under the limited budget constraint. Finally, PTMS
can be also used to suggest experts certain products that have
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patent map

Figure. 14: Screenshots of the patent map display.

least patent pressure of competition.

VII. Conclusions and Future Work

As the increases of industry competitions, patent deployment
becomes the critical mean of a company to protect the prod-
ucts and expand the market. A patent map system can visu-
alize the similarity of patents, so that users can easily under-
stand the possible infringement according to the generated
patent maps. In this paper, we proposed a novel commu-
nity knowledge-based patent map system equipping with an
efficient genetic algorithm-based dissimilarity visualization
engine, which can transform the collected dissimilarity of
patents into a visual map. Our proposed method is designed
based on the architecture of the genetic algorithm. Further-
more, we provide the improved crossover operations and
mutation operation, including 1-parent crossover, 2-parent
crossover, and mutation, based on the characteristic of the
patent map systems. Compare to the traditional method, our
proposed method reduces almost 50% time cost. Hence, our
proposed method is quite suitable for online public media,
such as world wide web. According to our proposed de-
signs, we develop a prototype of the patent map system. Our
prototype is designed by a popular web programming, PHP,
and thus, it can be easily ported to platforms of different
operating systems. We also present a case study of apply-
ing our system prototype to an industry-academy cooperation
project. We analyze patent relationship among other related
patents and make some patent evasion strategies for their cur-
rent products. Through the industry-academy cooperation
project, the product designers of Winton Company can have
more different business strategies for benefiting their prod-
ucts from the proposed patent map system.
Our future work will continue to study the impact of differ-
ent GA-based operations (i.e., crossover and mutation) to the

quality of generated patent maps. More experiments will be
conducted to verify the best design of GA-based operations.
In addition, we continue to revise the website design based
on the master thesis [21] to increase use experience on our
system [17]. Currently, our prototype is used in Prof. Rain
Chen’s patent courses. The human-server interface will be
improved according to the students’ feedback.
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