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Tracing Technology Development by Acronyms and Citation Analysis

Student: Yu-pang Lin Advisor : Tsai-pei Wang

Institute of Multimedia Engineering
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National Chiao Tung University

Abstract

Each technology developed in academic research has the possibility for further
improvement or extension in the future."\WWhen-a researcher investigates a certain technology
due to the requirement of his/her own-waork, it usually takes a lot of time and effort for that
researcher in surveying the literature to know the current status of that technology. The
purpose of this thesis is to investigate how the information provided by acronyms and
citations in the documents can be"utilized for.the-automatic screening of documents and the
extraction of helpful information. The goal is to help researchers more efficiently grasp the
current development of the technology they need. We use the “Cited by” function of the
academic search engine Google Scholar to find all the scholarly literature related to some
given technical documents and established three sets of test data. To be able to evaluate our
method, we manually read through all the citing documents to find the ones that are consistent
with our purpose. In this paper, document analysis consists of three main parts: (1) The
extraction and selection of acronyms from the documents; (2) the use the acronyms and
keywords of related to the target technology to automatically screen the collection of citing
documents; (3) citation analysis and co-citation analysis for the selected citing documents. We

will discuss our experimental results on two aspects: to retrieve useful information about the



target technology, and the selection of citing documents that fit our purpose.
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The greatest difference between the FCM-based and PCM-based algorithms is for the case where
there is but one cluster in the data set. In this case there is essentially no difference between the
ECM-based methods and hard methods. Figs. 8 and 9 illustrate this idea. Fig. 8 shows the estimates of
the prototype parameters for a noisy line when the ECV and PCV algorithms are used. The estimates of

the EGK are severely affected by noise. ......(4#+F A possibilistic approach to clustering; 1993)
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This paper focusses on a new clustering method called evidence accumulation clustering with dual

rooted prim treecuts (EAC-DC), based on the principle of cluster ensemble also known as “combining

multiple clustering methods”. ......(&##4 Combining multiple partitions created with a graph-based

construction for data clustering; 2009)
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based on penalized and compensated constraints

[KPCM] Kernel based fuzzy and possibilistic c-means clustering

[PNFCM] A fuzzy clustering based segmentation system as support to diagnosis in medical imaging
[RPCM] On relational possibilistic clustering

[SPCM] A novel similarity-based fuzzy clustering algorithm by integrating PCM and mountain
method

[X]Improved possibilistic c-means clustering algorithms

[X]The possibilistic c-means algorithm: insights and recommendations
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[RCA] A Robust Competitive Clustering Algorithm with Applications in Computer Vision
[ARC] Unsupervised robust clustering for image database categorization
[ARC] Coherence criterion for region labelling and description

[ARC] Region labelling using a Point-Based Coherence Criterion

[ARC] Image database clustering with SVM-based class personalization

[RCA] Robust fuzzy Gustafson-Kessel clustering for nonlinear system identification

ll" v l l

[PCCA] Fuzzy Clustering with Pairwise Constraints for Knowledge-Driven Image

Categorization

[PCCA] Semi-supervised image database categorization using pairwise constraints
L» [PCCA] Some Pairwise Constrained Semi-Supervised Fuzzy c-Means Clustering Algorithms
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[FPCM] A mixed c-means clustering.model
—» [FPCM] [PFCM] A possibilistic fuzzy ¢-means clustering algorithm

——» Improved possibilistic c-means clustering algorithms

[EPCM] An enhanced possibilistic C-Means clustering algorithm EPCM <€——
[PNFCM]

A fuzzy clustering based segmentation system as support to diagnosis in medical imaging

I——» [FPCM][FPHN]Fuzzy possibilistic neural network to vector quantizer in frequency
domains

—— [RPCM] On relational possibilistic clustering

L » [FPCM][PFPCM][CFPCM] Vector quantization in DCT domain using fuzzy possibilistic

c-means based on penalized and compensated constraints
[SPCM] A novel similarity-based fuzzy clustering algorithm by integrating PCM and
mountain method
[KPCM] Kernel based fuzzy and possibilistic c-means clustering
The possibilistic c-means algorithm: insights and recommendations
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Al | ARC 1 1 1
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A3 | ARC 1 1 1
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