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Fast maximum variance unfolding algorithm and its application
for process monitoring based on hierarchical technique

WEI Chihangl, SONG Zhihuan', CHEN Junghui2

(1. College of Control Science and Engineering, Zhejiang University, Hangzhou 310027, China;
2. College of Engineering, Chung Yuan Christian University, Taoyuan, Taiwan 32023, China)

Abstract: In this paper, a learning framework for fast maximum variance unfolding (FMVU) algorithm
based on hierarchical technique is proposed to learn a scalable approximate kernel that helps to reduce
computational complexity and storage requirements for large-scale datasets, as well as minimize the
sacrificed accuracy. The hierarchical construction of FMVU from the collected data is achieved by the good
localization characteristics and sparsity of data. The mathematical framework for the development of FMVU
algorithm and quantitative derivation on the accuracy, computational complexity as well as storage
requirements are presented in this paper. The feasibility and efficiency of the proposed method is illustrated
through a numerical case and the continuous stirred tank heater (CSTH) process.
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Fig. 3 Training samples of FMVU algorithm in global level (a) and local level (b)
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Tab. 1 Parameters, training time and accuracy of numerical simulation

Sk = 5 2R P PR S [Epli=% 4 YIRS /3 O MHHE
MVU - 360 2 5.692 3 0
FMVU 42 16 2 0.204 7 0"/320> =0.512 0
JRE 20 2 11253 0?/320% =0.466 7

w2 5% MVUEEM FMVU BERIE N %
Tab. 2 Detection rate of traditional MVU algorithm and FMVU algorithm

MVU FMVU
s

T Q T Q
IDVO 0.00 0.01 0.01 0.02
IDV1 0.75 0.81 0.73 0.83
IDV2 0.45 0.68 0.45 0.67
IDV3 1.00 1.00 1.00 1.00
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Fig. 4 Detailed detection results of IDV1 dataset using traditional MVU algorithm (a) and FMVU algorithm (b)
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