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Dynamic Sampling Design for
Characterizing Spatiotemporal
Processes in Manufacturing
Fine-scale characterization and monitoring of spatiotemporal processes are crucial for
high-performance quality control of manufacturing processes, such as ultrasonic metal
welding and high-precision machining. However, it is generally expensive to acquire
high-resolution spatiotemporal data in manufacturing due to the high cost of the three-
dimensional (3D) measurement system or the time-consuming measurement process. In
this paper, we develop a novel dynamic sampling design algorithm to cost-effectively
characterize spatiotemporal processes in manufacturing. A spatiotemporal state-space
model and Kalman filter are used to predictively determine the measurement locations
using a criterion considering both the prediction performance and the measurement cost.
The determination of measurement locations is formulated as a binary integer program-
ming problem, and genetic algorithm (GA) is applied for searching the optimal design. In
addition, a new test statistic is proposed to monitor and update the surface progression
rate. Both simulated and real-world spatiotemporal data are used to demonstrate the
effectiveness of the proposed method. [DOI: 10.1115/1.4036347]

Keywords: spatiotemporal processes, dynamic sampling design, intelligent sensing,
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1 Introduction

Spatiotemporal processes exist widely in manufacturing. For
example, ultrasonic metal welding is adopted for battery joining
in electric vehicle manufacturing [1–4]. The surface geometry of
the welding tools progresses over time [2,3,5], as illustrated by
Fig. 1. In the machining of automobile engine components,
machined surfaces exhibit varying spatial variation patterns as
cutters wear out [6].

Fine-scale characterization of spatiotemporal processes is
essential for process monitoring and control in manufacturing,
because the spatiotemporal evolution could significantly affect the
process dynamics or directly reflect the product quality. As an
example, in ultrasonic metal welding of batteries for electric vehi-
cle manufacturing, tool surface degradation critically affects the
process dynamics, e.g., the vibration frequency [2,3], and is an
important root cause for low-quality joints in production. In the
example of high-precision machining processes for automotive
engine components, surface quality is of great importance for
assembly performance and the overall engine quality [7,8]. The
spatial variations in both examples evolve over time and fall into
the category of spatiotemporal processes. High-resolution charac-
terization of such processes is crucial for both understanding the
underlying process mechanism and enabling high-performance
monitoring and control.

Critical challenges exist in efficient and effective characteriza-
tion of spatiotemporal process in manufacturing. First, high-
resolution measurement data are expensive and time-consuming
to acquire. For instance, a 3D microscope is used by an electric
vehicle manufacturer for tool wear monitoring of ultrasonic metal
welding [2,3,5]. It takes the microscope approximately 8 h to mea-
sure a single tool surface with the dimension of 43 mm� 8 mm.
The low measurement efficiency not only leads to a large amount
of production downtime but also greatly delays the decision-
making in tool condition monitoring. Hence, the high cost has

limited the usage of high-resolution surface measurement systems
for online process monitoring.

Spatial interpolation is one possible solution to reducing the
cost induced by high-resolution measurement systems [7–12]. In
spatial statistics, interpolation refers to the procedure of estimat-
ing the value of properties, e.g., surface height, at unsampled loca-
tions using measurement data from their vicinities. Examples of
spatial interpolation techniques include kriging, cokriging, and
regression kriging. The accuracy and precision of interpolation
largely depend on the number of sampling/measurement sites and
the distribution of measurement points. Therefore, sampling
design is critically needed to achieve satisfactory interpolation
results.

Sampling design has received extensive attention in the fields
of natural resources and environmental science [13–20] and is
recently investigated in manufacturing [21]. A sampling design
problem can be generally formulated as follows. Assume the loca-
tion set of interest is denoted by S, and the measured location set
is So ¼ fs1;…; sng �S. The goal is to adaptively select So such
that the inference at unobserved locations, denoted as Su ¼SnSo,
is optimized according to some design criterion. Prediction error
variance has been popularly used as a performance measure of
one sampling design. Suppose the prediction error variance is
denoted by V, then the design target can take the form of the fol-
lowing equation:

min
So�S

f Vð Þ (1)

where f �ð Þ is some function of the prediction error variance.
Examples of f �ð Þ include minimum, maximum, and average.

In general, sampling design approaches can be divided to two
main categories according to whether temporal dependence is
considered: (1) static sampling design and (2) dynamic sampling
design. Static sampling design is often adopted when one is inter-
ested in characterizing a spatial process at a fixed time point (e.g.,
Refs. [13–16] and [22]) or the temporal dependence of spatial var-
iations is negligible (e.g., Ref. [21]). Furthermore, based on the
extent to which spatial variability is taken into consideration,
static sampling design methods may be classified into random
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sampling, spatial variability-based method, and sequential design
approaches based on computer experiment methods. For a
detailed comparison of three types of methods, refer to Ref. [6].

Static sampling design methods are applicable for a single spa-
tial process or multiple processes with high similarities, but can-
not be directly applied to the sampling design problem of
spatiotemporal processes. As a matter of fact, there is relatively
limited work on sampling designs for spatiotemporal processes
[23]. For a spatiotemporal process, the spatial structure varies
over time, and therefore the optimal design at an earlier time may
not always be optimal in the future. In order to cost-effectively
characterize a spatiotemporal process, the sampling design is sup-
posed to be determined according to the time-variant spatial varia-
tion pattern. Those approaches are generally referred to as
“dynamic sampling design.” Wikle and Royle [24] is one of the
earliest studies on this topic. In this study, a space–time dynamic
model is used to describe spatiotemporal processes, and Kalman
filter is applied to obtain the prediction covariance matrix condi-
tional on the measurements at the current time and all historical
data in a recursive manner. Then, measurement locations are
determined by minimizing some design criterion based on the pre-
diction error variance. Following this study, dynamic sampling
design methods have been developed for ecological monitoring
with both Gaussian [25] and non-Gaussian (e.g., Poisson or log-
normal) data [26].

Existing dynamic sampling methods are mostly focused on the
applications of environmental monitoring [23,24] and ecological
monitoring [25,26]. However, there is a lack of studies on spatio-
temporal processes in manufacturing. Compared with environ-
mental or ecological monitoring, manufacturing processes have
some unique characteristics making the design problem more
complicated. Specifically,

(1) Multiple measurement systems with varied resolutions and
precisions are often jointly used in manufacturing. For
instance, in tool condition monitoring for ultrasonic metal
welding, a microscope has various lenses with different
measurement ranges and resolutions. In surface quality
control for high-precision machining of automotive engine
components, a coordinate measuring machine (CMM) and
a profilometer are adopted to measure a path following the
edges of a rectangle and several rectangular regions,
respectively [7]. Therefore, the dynamic sampling design
should take the measurement capability of all the gages
into consideration.

(2) Existing methods have seldom considered the measurement
cost during the design process. In ecological and environ-
mental monitoring, the total number of measurement loca-
tions or monitoring devices is often determined based on
budget constraints [25]. However, in manufacturing, it is
desirable to achieve a balance between measurement cost
and prediction precision.

(3) An algorithm for monitoring and updating the model
parameters is necessary. Model parameters of spatiotempo-
ral processes in manufacturing are generally time-variant.
For example, in a process where tool wear is the major
cause for the spatiotemporal variation, the tool degradation
rate is often time-variant. It is critical to monitor and update
the model parameters, as inaccurate parameters will likely
result in nonoptimal designs and inaccurate interpolation.

To address the aforementioned challenges, this study develops a
new dynamic sampling design approach to cost-effectively charac-
terize spatiotemporal processes in manufacturing. The remainder
of this paper is organized as follows. Section 2 introduces a formu-
lation of the dynamic sampling design problem, a state-space spa-
tiotemporal model, and recursive prediction error estimation based
on Kalman filter. Then, Sec. 3 presents an innovative dynamic
sampling design approach which consists of a new design crite-
rion, a GA-based searching method, and a novel algorithm for esti-
mating and monitoring the temporal progression rate. In Sec. 4, a
simulation study and a case study using spatiotemporal data col-
lected from an ultrasonic metal welding process are presented to
demonstrate the effectiveness of our method. Finally, Sec. 5 con-
cludes the paper.

2 Problem Formulation

This section formulates the dynamic sampling design problem
for spatiotemporal processes using a state-space spatiotemporal
model and Kalman filter.

2.1 Spatiotemporal Model. Various spatiotemporal models
have been developed over the recent years, among which a state-
space approach has attracted considerable attention [24–27]. One
advantage of this model is that empirical Bayesian or spatiotem-
poral Kalman filter can be used to conveniently implement such
models [24]. We will briefly review the model as follows.

Let Zt ¼ Z s1; tð Þ;…; Z sn; tð Þð Þ> be an n� 1 vector for an unob-
servable spatiotemporal process at some fixed set of locations
S ¼ s1;…; snf g. In manufacturing applications, s is normally a
two-dimensional coordinate vector, namely, s ¼ x; y½ �. Moreover,
in manufacturing, the location set S of interest is often a constant
grid. The spatiotemporal model is given by the following state
equation:

Zt ¼ UtZt�1 þ gt (2)

where Ut is a first-order Markov parameter matrix, and gt is a spa-
tiotemporal process with covariance matrix Rgt

. In spatiotemporal
processes where the spatial variation is induced by tool degrada-
tion, Ut represents the tool degradation dynamics and can be
time-variant.

At a particular time t, a subset of S is measured, and the mea-
surement data are given by Mt ¼ M �s1; tð Þ;…;M �smt

; tð Þ
� �>

, which
is an mt � 1 vector. The measurement locations are �s1;…;�smtf g.
Supposing the measurements are acquired with errors, a measure-
ment equation can be written as the following equation:

Mt ¼ DtZt þ et (3)

where Mt is a vector of mt measurement data; Dt is an mt � n
matrix that maps the true process, Zt, to the data at observed loca-
tions, Mt; and et reflects the gage capability and is a zero-mean
measurement error process with covariance matrix Ret

. Dt deter-
mines which locations in Zt are observed and it is a sparse matrix
of 0’s and 1’s [28]. Consequently, the dynamic sampling design is
equivalent to the determination of Dt.

In the context of manufacturing processes, we make the follow-
ing assumptions regarding models (2) and (3).

Fig. 1 Tool surface evolution in ultrasonic metal welding [3]
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ASSUMPTION 1 (Parameter Assumptions for the Spatiotemporal
Model).

(1) The transition matrix takes the form of

Ut ¼ /tI (4)

where /t is the surface progression rate and should be
monitored and updated, and I is an n� n identity matrix. In
spatiotemporal processes where tooling degradation is the
dominant factor, /t can be viewed as the tooling degrada-
tion rate.

(2) Ret
is a diagonal matrix and is fully determined by the gage

repeatability and the design Dt.
(3) Rgt

is time-invariant, i.e., Rgt
¼ Rg, and the parameters

can be estimated and updated over time.

The rationale behind Assumption 1 is that the global change of
the spatial pattern is captured by /t, and the local variation is
quantified by the spatiotemporal term gt in Eq. (2). In manufactur-
ing, /t represents the dominant effect of the physics factors, e.g.,
tooling degradation in ultrasonic metal welding or machining. The
assumption of Eq. (4) manifests twofold benefits. First, the simple
form could enable convenient monitoring and diagnosis based on
engineers’ expert knowledge; thus, it is appealing to manufactur-
ing practitioners. Second, compared with the matrix Ut, we only
need to estimate one parameter /t at time t, which significantly
reduces the computational complexity. Meanwhile, gt takes the
natural spatiotemporal variation into account. Therefore, the
model still has sufficient generosity to characterize spatiotemporal
processes.

2.2 Prediction Error Estimation. Given the state-space
model (2) and the measurement equation (3), a state-space Kal-
man filter can be developed either by Bayesian arguments [29] or
projection arguments [30]. Then, we can obtain recursive equa-
tions for the prediction error covariance, as shown by the follow-
ing equations:

At � Var ẐtjMt;…;M1

� �
¼ Bt � BtD

>
t DtBtD

>
t þ Ret

� ��1
DtBt

(5)

Bt � Var ẐtjMt�1;…;M1

� �
¼ UtAt�1U

>
t þ Rgt

(6)

To start the recursion, A0 needs to be specified and is typically
chosen to be the unconditional variance–covariance matrix of the
spatiotemporal process [24]. Moreover, by Assumption 1, Ret

is
jointly determined by Dt and the gage repeatability; Rgt

¼ Rg is
constant and will be updated after each sampling; the calculation
of Bt can be further simplified as the following equation:

Bt ¼ /2
t At�1 þ Rg (7)

3 Dynamic Sampling Design

This section presents a dynamic sampling design approach. Par-
ticularly, the design problem is first formulated; a new design cri-
terion simultaneously considering the prediction precision and the
measurement cost is then presented; finally, a binary integer pro-
gramming problem is formulated and GA is proposed for the solu-
tion search.

3.1 Measurement System Setting. For the measurement and
monitoring of spatial variations in manufacturing, various mea-
surement devices are available, including CMMs, profilometers,
3D microscopes, laser holographic interferometers, and touching
probe sensors. Simultaneous adoption of multiple gages with dif-
ferent measurement resolutions is a common practice. For

instance, in high-precision machining of automobile engine com-
ponents, a CMM and a profilometer are used in combination to
monitor the surface quality; in tool condition monitoring of ultra-
sonic metal welding, different lenses of a 3D microscope may be
used together for surface measurement.

In this study, we assume a 3D measurement system with two
resolution levels, i.e., level 1 and level 2, is applied to measure a
spatiotemporal process. At each sampling time, two levels are
used in combination for measurement. It is worth noting that our
approach is flexible and applicable to the settings when more lev-
els are used together. Here, we use the example of two levels as
an illustration. The following assumptions are made regarding
levels 1 and 2.

ASSUMPTION 2 (Measurement System Setting).

(1) Level 1 is able to measure the whole surface with one-time
scanning but it has a relatively poor precision, which is
reflected by a large measurement error variance, or a poor
repeatability. We denote the measurement error variance
of level 1 as r2

1.
(2) The measurement locations of level 1 are fixed.
(3) Level 2 has a smaller measurement error variance, denoted

as r2
2, but the measurement range is small. We have

r2
1 > r2

2 (8)

(4) The measurement locations of level 2 are programmable.
(5) When designing the sampling locations for level 2 measure-

ment, a surface needs to be segmented into a number of
grids, and each grid is measured by one single scan. The
“grid segmentation” process will be explained later. The
design problem is then equivalent to selecting a subset of
the predefined grids.

(6) The unit measurement costs of level 1 and level 2 are
assumed to be c1 and c2, respectively. Level 2 measurement
is more expensive to acquire, so we have

c1 < c2 (9)

Figure 2 illustrates the process of grid segmentation. The points
in the prediction location set S are assumed to align with an
equally spaced grid, the size of which is Nx � Ny, as represented
by the dots in Fig. 2. The measurement range of level 2 is
nd;x � nd;y, indicating that one single scan of level 2 can measure
nd;x � nd;y points. Then, the total number of grids is calculated as

Ng ¼
�

Nx

nd;x

�
�
�

Ny

nd;y

�
(10)

where Ng is the total number of grids, and d�e is a ceiling function.
In the example illustrated by Fig. 2, Nx ¼ Ny ¼ 11; nd;x

¼ nd;y ¼ 2, so the total number of grids is Ng ¼ d11
2
e � d11

2
e ¼ 36,

and the grids are indexed as 1; 2;…; 36.
The sampling design is to select a certain number of grids from

the Ng grids. The design target is to determine (1) the number of
measurement grids (ng) and (2) where to allocate these grids. The
number of all possible designs, Ndesign, is calculated by the follow-
ing equation:

Ndesign ¼
XNg

ng¼0

Ng

ng

� 	
¼ 2Ng (11)

For the example in Fig. 2, the number of all possible designs is
236 � 687� 106.

The design matrix, Dt, can be rewritten as

Dt ¼
D1

D2;t


 �
(12)
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where D1 is time-invariant, but D2;t is time-variant and is designed
predictively.

The number of measurement points of level 1 and level 2 can
be calculated as

m1 ¼ trace D1D>1
� �

m2;t ¼ trace D2;tD
>
2;t

�  (13)

where m1 and m2;t are the number of measurement points of levels
1 and 2, respectively.

Then, the total measurement cost, Ct, is given by the equation
below

Ct ¼ c1m1 þ c2m2;t (14)

With the representation of Eq. (12), the measurement equation,
i.e., Eq. (3), is rearranged, and we obtain the following equation:

Mt ¼
M1;t

M2;t


 �
(15)

where M1;t and M2;t are the measurements of level 1 and level 2,
respectively. M1;t and M2;t can be obtained using

M1;t ¼ D1Zt (16)

M2;t ¼ D2;tZt (17)

Accordingly, the covariance matrix of the measurement error
process, et, can be estimated with the following equation:

Ret
¼ r2

1Im1�m1
0m1�m2;t

0m2;t�m1
r2

2Im2;t�m2;t


 �
(18)

where Im1�m1
and Im2;t�m2;t

are identity matrices, and 0m1�m2;t
and

0m2;t�m1
are zero matrices.

Note: if some locations are measured by both level 1 and level
2, we will only use the measurement from level 2 due to its supe-
rior precision. Meanwhile, the specific rows corresponding to
these locations will be removed from D1, and we denote the modi-
fied design matrix as D01;t. Moreover, the formulation in the equa-
tions above will be revised accordingly.

3.2 Design Criterion. The design criterion can be con-
structed using some function of the prediction covariance matrix,
At, such as average or maximum prediction error variance [24].

Then, the design can be conducted using the following two-step
procedure.

DESIGN PROCEDURE

Step 1: Calculate Bt based on At�1.
Step 2: Minimize the prespecified design criterion over all pos-
sible designs D.

Average or maximum prediction variance is easy to implement
in practice; however, there are two major limitations in using
these criteria. First, the measurement cost cannot be incorporated
in the design process. Although it may be reasonable in environ-
mental and ecological monitoring to predetermine the total num-
ber of observations according to budget constraints, it is not
desirable to use such criteria in manufacturing. Second, these cri-
teria cannot accommodate the scenario where one has varying
precision requirement on a surface. For example, in tool condition
monitoring for ultrasonic metal welding, the knurl peaks are of
more concern because these areas affect the weld quality more
critically than other areas [3].

Here, we propose a new design criterion to simultaneously con-
sider the measurement cost and the “weighted average prediction
variance.” The weighted average prediction variance is defined as

Vt ¼ trace AtWð Þ (19)

where At is the prediction covariance matrix and W is an n� n
weight matrix, and it is given by the following equation:

W ¼

w1 0 … 0

0 w2 … 0

… … … …

0 0 … wn

2
664

3
775 (20)

where the diagonal entry of W, Wii, is the weight assigned to the
ith location in Z. Higher weight corresponds to stricter precision
requirement. If the precision requirement is time-variant, one can
instead adopt a varying weight matrix, Wt.

Note: Expert knowledge on manufacturing processes should be
incorporated to determine the values in the weight matrix. Loca-
tions that more significantly affect the product quality are gener-
ally assigned higher values. For instance, in ultrasonic metal
welding, knurl peaks are directly involved in the bonding forma-
tion mechanism [2,3]; hence, it is important to obtain high-
precision estimation of such areas. Larger values can be assigned
to those locations such that the design search algorithm is guided
to yield better prediction precision accordingly.

Fig. 2 Illustration of grid segmentation for level 2
measurement Fig. 3 Flowchart for the estimation and monitoring of /t
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The design criterion is defined by a loss function, Lt, as given
by the following equation:

Lt ¼ Ct þ kVt (21)

where k is a tuning parameter. Larger k places more emphasis on
the prediction precision and will generally lead to better precision
but higher measurement cost. In practice, k can be determined
based on expert knowledge.

3.3 GA-Based Binary Integer Programming. The dimen-
sion of the design space D in manufacturing could be extremely
high. In the example shown by Fig. 2, there are 687� 106 possi-
bilities in selecting measurement grids for level 2. This number
will increase exponentially with the number of grids. Exchange
algorithms, which have been commonly applied in existing stud-
ies on dynamic sampling design, might not be effective in dealing
with such a high-dimensional design space. Therefore, a more
effective programming technique is needed. In this section, we
first formulate the design process as a binary integer programming
problem and then use GA to search for the solution.

The design problem is essentially equivalent to determining
whether to conduct measurement at a certain grid, which is a
binary decision. Assume there are in total Ng grids in the surface
of interest. We define an Ng � 1 design vector dt, and each ele-
ment can only take the values of 0 or 1. A “0” value indicates that
there is no measurement at the corresponding grid, while “1” sug-
gests that a level 2 measurement is performed at that grid. Note
that the design vector dt and the level 2 design matrix, D2;t, are
one-to-one mapped. Additionally, given that the level 1 design
matrix, D1, is fixed, dt and Dt are also one-to-one mapped. Hence,
the dynamic sampling design problem can be formulated as a
binary integer programming problem.

Fig. 4 Heat map of the weight matrix in the simulation study

Table 1 Summary of candidate sampling design methods

Method Monitoring /t ? Dynamic or random

1 No Random
2 Yes Random
3 No Dynamic
4 Yes Dynamic

Fig. 5 Performance comparison of candidate sampling methods in the simulation study: (a)
measurement cost, (b) prediction precision, (c) loss, and (d) prediction RMSE
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There are various techniques available in the literature to solve
integer programming problems [31], including exact methods,
such as branch-and-bound [32], branch-and-reduce [33], and heu-
ristic methods, which may be based on tabu search [34] and GA
[35,36]. This study adopts a GA-based integer programming
approach due to its computational efficiency. Furthermore, if
more computationally intensive design problems are encountered,
e.g., larger surfaces, higher resolution, and larger design space,
we provide three suggestions to improve the computational effi-
ciency: (1) adopting sparse matrix representation, (2) parallelizing
GA, and (3) using high-performance computing.

3.4 Estimation and Monitoring of the Temporal Transi-
tion Parameter. Accurate estimation of the temporal transition
parameter, /t, is crucial in dynamic sampling design, as an inac-
curate estimation will lead to incorrect evaluation of At and Bt,
and the error will accumulate over time, deteriorating the overall
design and prediction performance. Therefore, an algorithm for
estimating and monitoring /t is critically needed.

In the dynamic sampling design literature, Hooten et al. [25]
suggest using a method of moments estimator for /t using all his-
torical measurement data. Nevertheless, the estimator is devel-
oped based on the assumption that the transition parameter is
constant, which may not be a valid assumption in manufacturing.
On the monitoring of transition parameters, possible solutions
include system identification techniques for state-space models
[37] and methods for monitoring autoregressive parameters in

time series models [38]. However, these methods cannot be
directly applied in dynamic sampling design either because of
their high-complexity or large detection delays.

In the rest of this section, we will develop an algorithm to mon-
itor and update the temporal transition parameter, /t, based on
hypothesis testing using the measurement data.

We first define the set of locations measured by level 1 to be
S1, which is time-invariant by assumption. At time t, we denote
the set of locations measured by level 2 as S2;t. Then, at time
t� 1, the level 1 and level 2 measurement locations are S1 and
S2;t�1, respectively. The locations mutually measured by level 2 at
both time t� 1 and t can be obtained by

S2;t t�1ð Þ ¼ S2;t�1 \ S2;t (22)

where S2; t�1ð Þt represents the set of mutually measured locations
by level 2 at both time t� 1 and t. Then, we denote the measure-
ments at locations of S2; t�1ð Þt at time t� 1 and t to be Mt�1

2; t�1ð Þt and
Mt

2; t�1ð Þt, respectively.
The mutual measurements at time t – 1 and t can be represented

as stacked measurement vectors of level 1 and level 2, i.e.,

Mt�1
t�1ð Þt ¼

M1

Mt�1
2; t�1ð Þt

" #

Mt
t�1ð Þt ¼

M1

Mt
2; t�1ð Þt

" # (23)

Fig. 6 Heat map of level 2 measurement distribution in the simulation study: (a) method 1, (b) method 2, (c)
method 3, and (d) method 4
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where Mt�1
t�1ð Þt and Mt

t�1ð Þt are the measurement data at mutually
measured locations at time t� 1 and t, including both level 1 and
level 2 measurements.

Statistics are defined as the average height of the measurements
at these mutually locations at time t� 1 and t, as given by the fol-
lowing equation:

ut�1; t�1ð Þt ¼ avg Mt�1
t�1ð Þt

� 
ut; t�1ð Þt ¼ avg Mt

t�1ð Þt

�  (24)

where avg �ð Þ is an average function.
A one-time temporal transition parameter, which is denoted by

ht, is defined as follows:

ht ¼
ut; t�1ð Þt

ut�1; t�1ð Þt
(25)

When no shift occurs in the temporal transition parameter, /t, it
is estimated using the following equation:

/̂t ¼
1

t� t0

Xt

i¼t0

hi ¼
1

t0
t� t0ð Þ/̂t�1 þ ht

h i
(26)

where t0 is the time right after the previous shift occurs. When no
shift has occurred, t0 ¼ 1.

When a shift is detected, we will estimate /t using the one-time
temporal transition parameter, ht, namely

/̂t ¼ ht (27)

The monitoring of /t is conducted using the following hypothe-
sis test.2

SHIFT DETECTION TEST FOR /t.

Conclude that H0: ht ¼ /̂t�1 is not supported when����� ut; t�1ð Þt � ût; t�1ð Þtffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ /̂

2

t�1

� 
r2

e; t�1ð Þt

r
����� > Za=2 (28)

where Za=2 is the standard normal critical value, and

ût; t�1ð Þt ¼ /̂t�1ut�1; t�1ð Þt

r2
e; t�1ð Þt ¼

m1r2
1

m1 þ m2; t�1ð Þtð Þ2
þ

m2; t�1ð Þtr
2
2

m1 þ m2; t�1ð Þtð Þ2
m2; t�1ð Þt ¼ jS2;t t�1ð Þj

(29)

The estimation and monitoring procedure is summarized by Fig. 3.

4 Case Studies

This section shows two case studies to demonstrate the effec-
tiveness of the proposed method. The first case study uses

Fig. 7 Heat map of the average prediction variance in the simulation study: (a) method 1, (b) method 2, (c)
method 3, and (d) method 4

2Detailed derivation of the hypothesis test is given in the Appendix.
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simulated data to compare four candidate methods, and the second
case study utilizes real-world spatiotemporal data from an electri-
cal vehicle battery manufacturing plant.

4.1 Simulation Study. A spatiotemporal process is simulated
and used to compare different sampling design methods. A sum-
mary of the candidate methods is given by Table 1. For the con-
venience of comparison, when conducting random sampling, we
predetermine the number of level 2 measurements as the same
with the dynamic sampling design and randomly allocate these
points on the surface. Therefore, methods 1 and 3 (same with
methods 2 and 4) will always have the same measurement cost.

The experiment setting is summarized as follows:

Nx ¼ Ny ¼ 16; nd;x ¼ nd;y ¼ 2

r2
1 ¼ 1; r2

2 ¼ 0:1; c1 ¼ 1; c2 ¼ 1:5

k ¼ 1:3; t ¼ 1; 2;…; 10

(30)

Additionally, level 1 measures 16 points, the coordinates of
which are as given below

1; 1ð Þ; 1; 6ð Þ; 1; 11ð Þ; 1; 16ð Þ
6; 1ð Þ; 6; 6ð Þ; 6; 11ð Þ; 6; 16ð Þ
11; 1ð Þ; 11; 6ð Þ; 11; 11ð Þ; 11; 16ð Þ
1; 16ð Þ; 16; 6ð Þ; 16; 11ð Þ; 16; 16ð Þ

(31)

Fig. 8 Spatiotemporal progression of an anvil surface in ultrasonic metal welding

Fig. 9 Anvil surface: (a) contour plot and (b) weight heat map
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The weight matrix is given by Eq. (32) and visualized by Fig. 4

Wii ¼
3 if 61 	 i 	 70 or 201 	 i 	 220

1 otherwise

�
(32)

The temporal transition parameter is assumed to be a piecewise
function, as given in Eq. (33). The surface degradation rate is 0.8
in the first half and becomes 0.95 afterwards

/t ¼
0:8 1 	 t 	 5

0:95 6 	 t 	 10

�
(33)

The results are illustrated by Figs. 5–7. Figure 5 depicts the
temporal trends of measurement costs, prediction precisions, loss
function values, and the prediction root mean squared errors
(RMSEs). With the monitoring algorithm, methods 2 and 4 are
able to detect the shift of /t starting from t¼ 6 and devote more
measurement efforts accordingly (Fig. 5(a)). It is shown that
methods 2 and 4 generally yield smaller prediction variances (Fig.
5(b)) and loss function values (Fig. 5(c)). Additionally, the accu-
rate monitoring and estimation of /t enable superior prediction
accuracy, as indicated by Fig. 5(d). Finally, when pairwise com-
parison is performed between random and dynamic sampling,
namely, method 1 versus method 3 and method 2 versus method

4, it is shown that dynamic sampling methods yield better predic-
tion precision (Fig. 5(b)) and smaller loss function values (Fig.
5(c)), and thus preferable predictions.

The heat maps of spatial distributions are presented for level 2
measurement frequency in Fig. 6 and average prediction variances
in Fig. 7. In both figures, the color represents the variable magni-
tude: dark corresponds to small values and light indicates large
values. Figure 6 shows that when adopting dynamic sampling
approaches (Figs. 6(c) and 6(d)), the measurements are clustered
at the high-weight locations; and in contrast, random sampling
methods (Figs. 6(a) and 6(b)) assign measurements randomly.
The average prediction variance at a certain location is calculated
as the average values of prediction variances over all stages. Heat
maps are then plotted to display the distributions of this index for
all sampling methods. As seen from Fig. 7, methods 3 and 4 have
lower variances at high-weight locations, whereas the distribu-
tions of methods 1 and 2 appear random. Moreover, the overall
prediction variances are smaller for method 4, indicating better
prediction performance.

4.2 Case Study for Ultrasonic Metal Welding. In this sec-
tion, a case study is presented to show the effectiveness of our
method using spatiotemporal data collected from a real-world
ultrasonic metal welding process. Ultrasonic metal welding has
been used for joining lithium-ion batteries of electric vehicles
[1,4,39–41], e.g., Chevrolet Volt manufactured by General
Motors. Surface degradation of anvils is a major concern in this
process [2,3,5]. In an electrical vehicle battery manufacturing
plant, an anvil was measured six times in the tool life. In this
study, a part of the anvil surface is utilized, the spatiotemporal
progression of which is shown by Fig. 8.

The knurl peak areas significantly affect the joining quality [3];
thus, higher weights are assigned to such locations. The weight
matrix is shown by Fig. 9, where Fig. 9(a) is the contour plot of the
first stage, and Fig. 9(b) is the heat map of the weight matrix. The
peak areas in the center two knurls are assigned weights of 3, the
surrounding peaks have weights of 2, and all other locations have
weights of 1. Suppose we are interested in 25� 25¼ 625 points on
the surface; thus, the design space is a 25� 25 lattice grid. Addi-
tionally, level 1 has a step size of 6 in both x and y directions. Other
assumptions are summarized by the equation set below

nd;x ¼ nd;y ¼ 3; k ¼ 1:3; t ¼ 1; 2;…; 6

r2
1 ¼ 1; r2

2 ¼ 0:1; c1 ¼ 1; c2 ¼ 5
(34)

In this case study, we compare the random sampling and
dynamic sampling approaches, and both methods are equipped

Fig. 10 Precision comparison of dynamic and random sam-
pling approaches for ultrasonic metal welding

Fig. 11 Heat map of level 2 measurement distribution for ultrasonic metal welding: (a) random sampling and
(b) dynamic sampling
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with a monitoring algorithm to update /t. Since random sampling
cannot automatically determine the number of measurement
points, we use the numbers from dynamic sampling for random
sampling. Consequently, two methods have exactly the same mea-
surement costs. The temporal trend of the precision index is dis-
played by Fig. 10. Clearly, the dynamic sampling design method
has better prediction performance than the random sampling
approach.

The heat maps depicting the spatial distributions of level 2 mea-
surement frequency and average prediction variances are given by
Figs. 11 and 12, respectively. In both figures, the variable magni-
tude is represented by the color. More specifically, dark corre-
sponds to small values and light indicates large values. Figure 11
shows that while the random sampling allocates measurement
efforts randomly, our method systematically distributes the meas-
urements and places more samples at high-weight areas. More-
over, Fig. 12 indicates that the dynamic sampling method is able
to achieve overall smaller prediction variances. Particularly, high
precision is obtained at the high–weight regions.

5 Conclusion

In this paper, a generic framework for dynamic sampling design
is developed to cost-effectively characterize spatiotemporal proc-
esses in manufacturing. Specifically, a new design criterion is pro-
posed to jointly consider the prediction precision and the
measurement cost, and GA is proposed for solution search. In
addition, an innovative monitoring algorithm is developed to esti-
mate, monitor, and update the surface evolution rate based on
hypothesis testing. The proposed framework is flexible and appli-
cable to generic spatiotemporal processes and different gage set-
tings in manufacturing.

Appendix: Hypothesis Testing for Monitoring the

Temporal Transition Parameter

ut�1; t�1ð Þt and ut; t�1ð Þt in Eq. (24) can be rewritten as below

ut�1; t�1ð Þt ¼
1

m1 þ m2; t�1ð Þt

� sum M1;t�1ð Þ þ sum Mt�1
2; t�1ð Þt

� � 
ut; t�1ð Þt ¼

1

m1 þ m2; t�1ð Þt

� sum M1;tð Þ þ sum Mt
2; t�1ð Þt

� � 
(A1)

where sum �ð Þ is a summation function; m1 is the number of level
1 measurement points, and it is time-invariant; and m2; t�1ð Þt is the
number of measurement locations which are measured by level 2
at both time t� 1 and t.

It is known that the measurement error variances of level 1 and
level 2 are r2

1 and r2
2, respectively, according to Assumption 2.

Therefore, we can assume the level 1 measurement points are
independent normal random variables with mean as the true
height and variance as the measurement error variance, r2

1. Simi-
larly, level 2 measurement points are also independent normal
random variables with mean as the true height and variance r2

2.
Both ut�1; t�1ð Þt and ut; t�1ð Þt are normal random variables. Their

variances are equal and determined by the repeatability of level 1
and level 2 measurements. We denote their variances as

r2
e; t�1ð Þt � Var ut�1; t�1ð Þtð Þ ¼ Var ut; t�1ð Þtð Þ (A2)

r2
e; t�1ð Þt can be calculated using the following equation:

r2
e; t�1ð Þt ¼

1

m1 þ m2; t�1ð Þtð Þ2
m1r

2
1 þ m2; t�1ð Þtr

2
2

� 

¼ m1r2
1

m1 þ m2; t�1ð Þtð Þ2
þ

m2; t�1ð Þtr
2
2

m1 þ m2; t�1ð Þtð Þ2
(A3)

Define ût; t�1ð Þt as the estimation of ut; t�1ð Þt using ut�1; t�1ð Þt and
/̂t�1, as shown by the following equation:

ût; t�1ð Þt ¼ /̂t�1ut�1; t�1ð Þt (A4)

A statistic is further defined as the difference between ut; t�1ð Þt and
ût; t�1ð Þt

Du t�1ð Þt ¼ ut; t�1ð Þt � ût; t�1ð Þt (A5)

Under H0: /̂t�1 ¼ ht in the shift detection test for /t

E Du t�1ð Þt
� �

¼ E ut; t�1ð Þt � /̂t�1ut�1; t�1ð Þt

� 
¼ E htut�1; t�1ð Þt � /̂t�1ut�1; t�1ð Þt

� 
¼ ht � /̂t�1

� 
E ut�1; t�1ð Þtð Þ ¼ 0

(A6)

Var Du t�1ð Þt
� �

¼ Var ut; t�1ð Þt � /̂t�1ut�1; t�1ð Þt

� 
¼ Var ut; t�1ð Þtð Þ þ /̂

2

t�1Var ut�1; t�1ð Þtð Þ
¼ 1þ /̂

2

t�1

� 
r2

e; t�1ð Þt

(A7)

Fig. 12 Heat map of the average prediction variance for ultrasonic metal welding: (a) random sampling and (b)
dynamic sampling
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Consequently

Du t�1ð Þt 
N 0; 1þ /̂
2

t�1

� 
r2

e; t�1ð Þt

� 	
(A8)

Since Du t�1ð Þt follows a normal distribution, we can test H0

using two-tailed hypothesis test for normal distributions and reject
H0 if the following condition holds:

����� Du t�1ð Þtffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ /̂

2

t�1

� 
r2

e; t�1ð Þt

r
����� > Za=2 (A9)

w

References
[1] Shao, C., Paynabar, K., Kim, T. H., Jin, J. J., Hu, S. J., Spicer, J. P., Wang, H.,

and Abell, J. A., 2013, “Feature Selection for Manufacturing Process Monitor-
ing Using Cross-Validation,” J. Manuf. Syst., 32(4), pp. 550–555.

[2] Shao, C., Guo, W., Kim, T. H., Jin, J. J., Hu, S. J., Spicer, J. P., and Abell, J. A.,
2014, “Characterization and Monitoring of Tool Wear in Ultrasonic Metal
Welding,” Ninth International Workshop on Microfactories (IWMF), Honolulu,
HI, Oct. 5–8, pp. 161–169.

[3] Shao, C., Kim, T. H., Hu, S. J., Jin, J. J., Abell, J. A., and Spicer, J. P., 2016,
“Tool Wear Monitoring for Ultrasonic Metal Welding of Lithium-Ion
Batteries,” ASME J. Manuf. Sci. Eng., 138(5), p. 051005.

[4] Lee, S. S., Shao, C., Kim, T. H., Hu, S. J., Kannatey-Asibu, E., Cai, W. W.,
Spicer, J. P., and Abell, J. A., 2014, “Characterization of Ultrasonic Metal
Welding by Correlating Online Sensor Signals With Weld Attributes,” ASME
J. Manuf. Sci. Eng., 136(5), p. 051019.

[5] Zerehsaz, Y., Shao, C., and Jin, J., “Tool Wear Monitoring in Ultrasonic Weld-
ing Using High-Order Decomposition,” J. Intell. Manuf., epub.

[6] Shao, C., 2016, “Data-Based Spatial and Temporal Modeling for Surface Variation
Monitoring in Manufacturing,” Ph.D. thesis, University of Michigan, Ann Arbor, MI.

[7] Suriano, S., Wang, H., Shao, C., Hu, S. J., and Sekhar, P., 2015, “Progressive
Measurement and Monitoring for Multi-Resolution Data in Surface Manufac-
turing Considering Spatial and Cross Correlations,” IIE Trans., 47(10), pp.
1033–1052.

[8] Shao, C., Ren, J., Wang, H., Jin, J. J., and Hu, S. J., 2017, “Improving Machined
Surface Shape Prediction by Integrating Multi-Task Learning With Cutting
Force Variation Modeling,” ASME J. Manuf. Sci. Eng., 139(1), p. 011014.

[9] Yang, T.-H., and Jackman, J., 2000, “Form Error Estimation Using Spatial
Statistics,” ASME J. Manuf. Sci. Eng., 122(1), pp. 262–272.

[10] Zhao, H., Jin, R., Wu, S., and Shi, J., 2011, “PDE-Constrained Gaussian Pro-
cess Model on Material Removal Rate of Wire Saw Slicing Process,” ASME J.
Manuf. Sci. Eng., 133(2), p. 021012.

[11] Cressie, N., 2015, Statistics for Spatial Data, Wiley, New York.
[12] Du, S., and Fei, L., 2016, “Co-Kriging Method for Form Error Estimation

Incorporating Condition Variable Measurements,” ASME J. Manuf. Sci. Eng.,
138(4), p. 041003.

[13] McBratney, A., Webster, R., and Burgess, T., 1981, “The Design of Optimal
Sampling Schemes for Local Estimation and Mapping of Regionalized Varia-
bles—I: Theory and Method,” Comput. Geosci., 7(4), pp. 331–334.

[14] McBratney, A., and Webster, R., 1981, “The Design of Optimal Sampling
Schemes for Local Estimation and Mapping of Regionalized Variables—II:
Program and Examples,” Comput. Geosci., 7(4), pp. 335–365.

[15] Brus, D., and De Gruijter, J., 1997, “Random Sampling or Geostatistical Model-
ling? Choosing Between Design-Based and Model-Based Sampling Strategies
for Soil (With Discussion),” Geoderma, 80(1), pp. 1–44.

[16] Anderson, A., Wang, G., and Gertner, G., 2006, “Local Variability Based
Sampling for Mapping a Soil Erosion Cover Factor by Co-Simulation With
Landsat TM Images,” Int. J. Rem. Sens., 27(12), pp. 2423–2447.

[17] Wang, J.-F., Stein, A., Gao, B.-B., and Ge, Y., 2012, “A Review of Spatial
Sampling,” Spat. Stat., 2, pp. 1–14.

[18] Hoban, S., and Strand, A., 2015, “Ex Situ Seed Collections Will Benefit From
Considering Spatial Sampling Design and Species’ Reproductive Biology,”
Biol. Conserv., 187, pp. 182–191.

[19] Hinckley, E.-L. S., Bonan, G. B., Bowen, G. J., Colman, B. P., Duffy, P. A.,
Goodale, C. L., Houlton, B. Z., Mar�ın-Spiotta, E., Ogle, K., Ollinger, S. V.,
Paul, E. A., Vitousek, P. M., Weathers, K. C., and Williams, D. G., 2016, “The
Soil and Plant Biogeochemistry Sampling Design for the National Ecological
Observatory Network,” Ecosphere, 7(3), p. e01234.

[20] Hanks, E. M., Hooten, M. B., Knick, S. T., Oyler-McCance, S. J., Fike, J. A.,
Cross, T. B., and Schwartz, M. K., 2016, “Latent Spatial Models and Sampling
Design for Landscape Genetics,” Ann. Appl. Stat., 10(2), pp. 1041–1062.

[21] Jin, R., Chang, C.-J., and Shi, J., 2012, “Sequential Measurement Strategy for
Wafer Geometric Profile Estimation,” IIE Trans., 44(1), pp. 1–12.

[22] Zhu, Z., and Stein, M. L., 2006, “Spatial Sampling Design for Prediction With
Estimated Parameters,” J. Agric., Biol., Environ. Stat., 11(1), pp. 24–44.

[23] Fanshawe, T. R., and Diggle, P. J., 2013, “Adaptive Sampling Design for
Spatio-Temporal Prediction,” Spatio-Temporal Design: Advances in Efficient
Data Acquisition, Wiley, New York, pp. 249–268.

[24] Wikle, C. K., and Royle, J. A., 1999, “Space–Time Dynamic Design of Environ-
mental Monitoring Networks,” J. Agric., Biol., Environ. Stat., 4(4), pp. 489–507.

[25] Hooten, M. B., Wikle, C. K., Sheriff, S. L., and Rushin, J. W., 2009, “Optimal
Spatio-Temporal Hybrid Sampling Designs for Ecological Monitoring,” J. Veg.
Sci., 20(4), pp. 639–649.

[26] Wikle, C. K., and Royle, J. A., 2005, “Dynamic Design of Ecological Monitor-
ing Networks for Non-Gaussian Spatio-Temporal Data,” Environmetrics, 16(5),
pp. 507–522.

[27] Huang, H.-C., and Cressie, N., 1996, “Spatio-Temporal Prediction of Snow
Water Equivalent Using the Kalman Filter,” Comput. Stat. Data Anal., 22(2),
pp. 159–175.

[28] Wikle, C. K., Berliner, L. M., and Cressie, N., 1998, “Hierarchical Bayesian
Space-Time Models,” Environ. Ecol. Stat., 5(2), pp. 117–154.

[29] Harrison, J., and West, M., 1999, Bayesian Forecasting & Dynamic Models,
Springer, New York.

[30] Hamilton, J. D., 1994, Time Series Analysis, Vol. 2, Princeton University Press,
Princeton, NJ.

[31] Burer, S., and Letchford, A. N., 2012, “Non-Convex Mixed-Integer Nonlinear
Programming: A Survey,” Surv. Oper. Res. Manage. Sci., 17(2), pp. 97–106.

[32] Hendy, M. D., and Penny, D., 1982, “Branch and Bound Algorithms to Deter-
mine Minimal Evolutionary Trees,” Math. Biosci., 59(2), pp. 277–290.

[33] Ryoo, H. S., and Sahinidis, N. V., 1996, “A Branch-and-Reduce Approach to
Global Optimization,” J. Global Optim., 8(2), pp. 107–138.

[34] Exler, O., Antelo, L. T., Egea, J. A., Alonso, A. A., and Banga, J. R., 2008, “A
Tabu Search-Based Algorithm for Mixed-Integer Nonlinear Problems and Its
Application to Integrated Process and Control System Design,” Comput. Chem.
Eng., 32(8), pp. 1877–1891.

[35] Luo, Y., Yuan, X., and Liu, Y., 2007, “An Improved PSO Algorithm for Solv-
ing Non-Convex NLP/MINLP Problems With Equality Constraints,” Comput.
Chem. Eng., 31(3), pp. 153–162.

[36] Schl€uter, M., Egea, J. A., and Banga, J. R., 2009, “Extended Ant Colony Opti-
mization for Non-Convex Mixed Integer Nonlinear Programming,” Comput.
Oper. Res., 36(7), pp. 2217–2229.

[37] Pillonetto, G., Dinuzzo, F., Chen, T., De Nicolao, G., and Ljung, L., 2014,
“Kernel Methods in System Identification, Machine Learning and Function
Estimation: A Survey,” Automatica, 50(3), pp. 657–682.

[38] Gombay, E., and Serban, D., 2009, “Monitoring Parameter Change in Time
Series Models,” J. Multivar. Anal., 100(4), pp. 715–725.

[39] Lee, S. S., Kim, T. H., Hu, S. J., Cai, W. W., and Abell, J. A., 2015, “Analysis
of Weld Formation in Multilayer Ultrasonic Metal Welding Using High-Speed
Images,” ASME J. Manuf. Sci. Eng., 137(3), p. 031016.

[40] Guo, W., Shao, C., Kim, T. H., Hu, S. J., Jin, J. J., Spicer, J. P., and Wang, H.,
2016, “Online Process Monitoring With Near-Zero Misdetection for Ultrasonic
Welding of Lithium-Ion Batteries: An Integration of Univariate and Multivari-
ate Methods,” J. Manuf. Syst., 38, pp. 141–150.

[41] Cai, W. W., Kang, B., and Hu, S. J., 2017, Ultrasonic Welding of Lithium-Ion
Batteries, ASME, New York.

Journal of Manufacturing Science and Engineering OCTOBER 2017, Vol. 139 / 101002-11

Downloaded From: https://manufacturingscience.asmedigitalcollection.asme.org on 04/29/2019 Terms of Use: http://www.asme.org/about-asme/terms-of-use

http://dx.doi.org/10.1016/j.jmsy.2013.05.006
http://conf.papercept.net/images/temp/IWMF/media/files/0050.pdf
http://dx.doi.org/10.1115/1.4031677
http://dx.doi.org/10.1115/1.4028059
http://dx.doi.org/10.1115/1.4028059
http://dx.doi.org/10.1007/s10845-016-1272-4
https://deepblue.lib.umich.edu/handle/2027.42/120743
http://dx.doi.org/10.1080/0740817X.2014.998389
http://dx.doi.org/10.1115/1.4034592
http://dx.doi.org/10.1115/1.538903
http://dx.doi.org/10.1115/1.4003617
http://dx.doi.org/10.1115/1.4003617
http://dx.doi.org/10.1115/1.4031550
http://dx.doi.org/10.1016/0098-3004(81)90077-7
http://dx.doi.org/10.1016/0098-3004(81)90078-9
http://dx.doi.org/10.1016/S0016-7061(97)00072-4
http://dx.doi.org/10.1080/01431160600554413
http://dx.doi.org/10.1016/j.spasta.2012.08.001
http://dx.doi.org/10.1016/j.biocon.2015.04.023
http://dx.doi.org/10.1002/ecs2.1234
http://dx.doi.org/10.1214/16-AOAS929
http://dx.doi.org/10.1080/0740817X.2011.557030
http://dx.doi.org/10.1198/108571106X99751
http://dx.doi.org/10.2307/1400504
http://dx.doi.org/10.1111/j.1654-1103.2009.01040.x
http://dx.doi.org/10.1111/j.1654-1103.2009.01040.x
http://dx.doi.org/10.1002/env.718
http://dx.doi.org/10.1016/0167-9473(95)00047-X
http://dx.doi.org/10.1023/A:1009662704779
http://dx.doi.org/10.1016/j.sorms.2012.08.001
http://dx.doi.org/10.1016/0025-5564(82)90027-X
http://dx.doi.org/10.1007/BF00138689
http://dx.doi.org/10.1016/j.compchemeng.2007.10.008
http://dx.doi.org/10.1016/j.compchemeng.2007.10.008
http://dx.doi.org/10.1016/j.compchemeng.2006.05.016
http://dx.doi.org/10.1016/j.compchemeng.2006.05.016
http://dx.doi.org/10.1016/j.cor.2008.08.015
http://dx.doi.org/10.1016/j.cor.2008.08.015
http://dx.doi.org/10.1016/j.automatica.2014.01.001
http://dx.doi.org/10.1016/j.jmva.2008.08.005
http://dx.doi.org/10.1115/1.4029787
http://dx.doi.org/10.1016/j.jmsy.2016.01.001

	s1
	FD1
	aff1
	l
	s2
	s2A
	FD2
	FD3
	1
	FD4
	s2B
	FD5
	FD6
	FD7
	s3
	s3A
	FD8
	FD9
	FD10
	FD11
	FD12
	FD13
	FD14
	FD15
	FD16
	FD17
	FD18
	s3B
	FD19
	FD20
	2
	3
	FD21
	s3C
	4
	1
	5
	s3D
	FD22
	FD23
	6
	FD24
	FD25
	FD26
	FD27
	FD28
	FD29
	s4
	7
	FN1
	s4A
	FD30
	FD31
	8
	9
	FD32
	FD33
	s4B
	FD34
	10
	11
	s5
	APP1
	FDA1
	FDA2
	FDA3
	FDA4
	FDA5
	FDA6
	FDA7
	12
	FDA8
	FDA9
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10
	11
	12
	13
	14
	15
	16
	17
	18
	19
	20
	21
	22
	23
	24
	25
	26
	27
	28
	29
	30
	31
	32
	33
	34
	35
	36
	37
	38
	39
	40
	41

