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Time Series101: Univariate Time Series

135, 143, 127, 129, …, 172 What’s next?

Model Building and Forecasting (short/long term)
Monitoring (Quality Assurance)
Change Point Problem

Time Series201: Multivariate Time Series



Time Series301: Functional Data (Profile)
Time Series 401: Graphic/Network  
(Link Prediction, Communication Network)

Today’s Talk is about
Monitoring Functional Data (Profile)

In general, there are more than on X.

Process Monitoring
Phase-I

Understand the variation in a process over time.
Evaluate the process stability
Model the in-control process performance
Evaluated by Probability of Signal (POS)

Phase-II
Monitoring the process, using on-line data
Evaluated by Run-Length Distribution (ARL)



Example 1: (Full) VDP Data
Vertical Density Profile (VDP)

The density fiber-board which determines its 
machinability
Walker and Wright (2002)

Y=the density of the wood board
Measured by using a profilometer
Uses a laser device to take measurements

X=the depth of thickness of the board

Monitoring Functional Data (Profile)

Example 2: truncated VDP Data (Edge)

For vertical 
density close 
to the wood 
surface
—only the 
density close 
to the top is 
relevant



Truncated VDP Data 
for vertical density close to the wood surface—only 
the density close to the top is relevant (x<0.02)

Intercept:
Surface 

density in 
each wood 

board
Slope: 

the speed of 
density 

increase as 
depth goes

Truncated VDP Data 
Investigation on the speed of density 
increase as depth goes  (ie, Slope)

Naïve Approach: Simple Linear Model
Model:

yji=A0+A1xij+εij        εij ~ N(o,σ2)

Proposed Method (Zhu and Lin, QE)



ARL Comparison with T2-Chart

Monitoring the Slope of Linear Profiles

Zhu, J.J. and Lin, Dennis K.J.
Quality Engineering

forthcoming

Now, return to the full VDP data Model Setting



Why L-1 Regression? L-1 Regression (Robustness)

Estimation of μ(x) Estimation of s(x)



Modeling the Profile Curves

Key issues to be monitored

Measure for Vertical Deviation Measures for Shape Deviation (1/2)



Measures for Shape Deviation (2/2) The VDP data

Median Vertical Densities for each profile
(median is known to be more robust than mean)

a. Relative Vertical Deviation



b. Centered (by median) VDP Profiles

− =

Post-centering deviations

Choices of α 

For a specified α, we could decide the upper limits.
For example, for α=10%,
Upper Limits are  2.64,  7.02,  and  0.88
for these charts Profiles A6, A3 & B1 were identified!

Upper Limits are  2.64,  7.02,  and  0.88



A6: Lower 
veridical 
density

A3: Stronger
local 
turbulence

B1: Most 
curvature

Further Study

Underlying Model Setup

Simulation Study



Alternative Models

Model (a) represents a shape change (via magnitude A)

Model (b) represents a local spike (via magnitude B) 
while keeping the same shape.

Model (a)

Model (b) Rate of Correct Identifications



Model Setting What is new?
Existing L-1 Regression

Independent and identical distribution (iid)
A longitudinal data structure
Time-series with restrictive dependence 
error structure

A More General Class is needed here
A sufficiently dense measurements (vs
longitudinal) 
Could depend on both left and right 
neighboring measurements (vs time-series 
structure) 

A General Class of Error Structure

The condition states that the contribution decays 
exponentially fast as j, or equivalently the 
distance between two measurements, increases.
This includes m-dependent sequence, vector 
autoregressive moving average (VARMA) 
model, autoregressive conditional heteroscedastic
(ARCH) model, random coefficient (RC) model, 
and vector nonlinear autoregressive conditional 
heteroscedastic (VNARCH) model.

Estimation of μ(x)



Estimation of s(x)

Key issues to be monitored

Measure for Vertical Deviation Measures for Shape Deviation (1/2)



Measures for Shape Deviation (2/2) Theoretical Properties

Theoretical Properties

Choices of α 

For a specified α, we could decide the upper limits.
For example, for α=10%,
Upper Limits are  2.64,  7.02,  and  0.88
for these charts



Summary of the Proposed Method

The proposed method is 
theoretically validated and 
computationally easy!

The search of optimal bandwidth is 
computational expensive, but the proposed 
method is rather insensitive to the choice of 
bandwidth.

Conclusions
Functional data is getting more and 
more popular.
Treating functional data as multivariate 
analysis is ill-advised.
L-1 regression is known to be robust.
A robust control chart for monitoring 
functional data is proposed…it is 
computationally easy with solid 
theoretical support.
Add to your software tools?  We’re on sale!
Call 1-800-spc-help

A general class of 
nonparametric L-1 regression 
with its application to profile 
control chart

Ying Wei, Zhibiao Zhao and Dennis Lin



References
Send $500   to

Dennis Lin
University Distinguished Professor

317 Thomas Building
Department of Statistics
Penn State University

+1 814 865-0377 (phone)

+1 814 863-7114 (fax)

DKL5@psu.edu

(Customer Satisfaction or your money back!)

All my publications can be 
downloaded at the website

http://www.personal.psu.edu/users/j/x/jxz203/lin/Lin_pub/

Save the Earth—No Handout here!


