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ABSTRACT
This paper discusses data from sensor networks with time-variant configurations
called dynamic sensor network (DSN) data, which have a higher capacity for storing
spatial information than fixed sensor data. DSN datasets are applicable to highresolution mobile sensor networks and the processing of BIGDATA. The defining
attribute of these data matrices is the presence of spatial discontinuities, which pose a
modeling challenge. An indirect state-space model with user-selected states is
presented to account for data matrices containing spatial discontinuities. With this
approach, measurements from a large number of sensor nodes can be incorporated in a
model with a relatively small size. General characteristics of DSN data are provided
and a BIGDATA processing example is examined.
INTRODUCTION
Data acquisition and processing in SHM have depended on the use of fixed sensor
networks [1–5]. In system identification (SID), this reliance limits the spatial
observations in estimated mode shapes [6]. In dense fixed sensor network applications
[1, 7–9], once each sensor is instrumented, it maintains its location throughout data
collection and generates a single fixed data matrix. For the exception of Matarazzo
and Pakzad [6, 10], data from multiple sensor configurations have been split into
several data matrices and analyzed separately [11].
The advancement of sensor technologies and the development of approaches for
processing new types of data efficiently are motivated by both an improvement in
observed structural information and a reduction in network setup efforts. The resulting
data often contain inherently different properties than fixed sensor data and create
unique processing challenges. Some examples include the mixture data with different
sampling rates [12], data with missing observations or data from mobile sensors
networks [6], or prohibitively large data dimensions of BIGDATA [13].
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In this paper, data from time-variant sensing configurations, i.e., dynamic sensor
networks (DSNs) are considered. Basically, DSN data combine measurements from
numerous sensing arrangements. Through the use of DSN, information from a very
large number of sensing nodes can be condensed into a small data matrix. Highresolution mobile sensor networks or BIGDATA can be efficiently represented by
DSN data.
PROPERTIES OF TIME-VARIANT SENSOR NETWORKS
When implementing a time-variant sensor network, i.e., DSN, it is essential that
the locations of each sensor are known precisely, especially for mobile sensors. The
coordinates of the sensors, and in particular, their evolutions in time, are key to
decoding the space-time measurements of a DSN dataset for use within a
mathematical model.
In the case of a fixed sensor network, the entries of this, so-called sensor-position
matrix are identical for all time steps, since the locations of the sensors do not vary
with time. For DSN data, the values in the sensor-position matrix, vary with time.
Spatial discontinuities are the defining property of DSN data and occur at time steps
where the sensors have new positions. For example, sensing locations can vary with
time due to sensor mobility; such changes trigger spatial discontinuities in the DSN
data matrix, at every new position of the mobile sensor.
ONLINE AND OFFLINE DATA TYPES
Each type of DSN data is characterized by the source of its spatial discontinuities.
Online DSN data come from a physical DSN, in other words, a time-varying sensor
arrangement that records data, without pause, using several sensing arrangements
(groups). In this case, group switches are caused by to the physical motion of sensors
during data acquisition. One example of online DSN is high-resolution mobile
sensing: relatively few moving sensors scan a very large number of sensing nodes.
Sensors shift to new nodes after each sample. The physical motion of this sampling
mechanism causes spatial discontinuities in the DSN data matrix at every time step.
Offline DSN data are selected from larger data matrix after data collection. In this
case, the DSN is a subset of the measurement population and data parameters are
customizable by the user. For example, BIGDATA refers to a very large data matrix
constructed through the use of an equivalently large number of sensors during data
acquisition network. In such cases, it is not possible, nor in many cases is it necessary,
to process all of this BIGDATA simultaneously, if at all; even elementary operations
such as uploading all measured data for processing could require significant
computational efforts [13]. Offline DSN datasets provide a useful technique to is to
extract an information-packed subset from the BIGDATA population. A single data
matrix can be designed to contain a vast amount of spatial information in a small size.
Offline DSN data is highly versatile, there are numerous potential offline DSN
datasets available from a single BIGDATA endeavor.

STATE-SPACE MODELING
The inherent spatial discontinuities in DSN data introduce a modeling challenge.
Typically, when processing fixed sensor network data, the structural degrees-offreedom (DOF) in the mathematical model are assigned to be coincident with the
sensing nodes. In DSN data, information from many more sensing nodes are available,
however, it is not feasible, nor is it necessary in many cases, to assign DOF at all
sensing nodes; a simple model which integrates dense spatial information is sought.
The success of the state-space model approach lies within the definition of the
state variable [14, 15]. Again, a model including states as the responses at all sensing
nodes would be unmanageably large. Instead, states can be assigned to a limited
number of DOF that well represent the behavior of the system. Mathematically, such
physical states can be assigned through a coordinate transformation. The following
model in equations (1 – 5) is derived from the state-space model in modal coordinates.
More specifically, the transformation Τ maps modal states z to selected physical
states x via x = Τ z . The precise entries of the transformation matrix depend on the
physical states chosen by the user; in general, Τ is comprised of mode shape
ordinates.
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xk = Axk−1 + Bυk−1

(4)

yk = ΩkCx∗k

(5)

Where A M is the modal state matrix, B M is the modal state input matrix, υk−1 is
the modal input vector, and C M is the modal observation matrix [16] which are all
truncated to M structural modes. The new, transformed model parameters A , B , and
C are in physical coordinates. Lastly, Ωk is a time-varying matrix which links the
responses of the observed sensing nodes, i.e., DSN data y , to the underlying states
defined by x . This model term is required to correctly incorporate observed DSN data
to a given set of underlying physical states.
Two attractive features of this model are its scalability and its versatility. The
model’s size is not governed by the spatial resolution of the sensor network. The
model size is equivalent to that of the modal state-space model, which is often
significantly smaller than the number of sensing nodes. Furthermore, user-defined
physical state variables enable a high utility for extracting the vast spatial information
contained in DSN data. In this model, corresponding mode shapes are the modal
ordinates at the locations of the physical states, x , which may seem at first, limiting.
However, through various definitions of Τ (consequently new sets of x ) and repeated
model implementations, high-resolution mode shapes can be estimated through SID.
In summary, the versatile structure of this family of state-space models offers a
technique to retrieve rich spatial information hidden within DSN data, thus
maximizing the functions of such sensor networks.

PROCESSING BIGDATA USING MULTIPLE SENSOR GROUPS
The state-space model presented in the previous section is suitable for DSN data,
which can be either of the online or offline type. In this section, the processing of
offline DSN data from a very dense fixed sensor network is examined. After data
acquisition, a very large quantity of data is available, which can be organized as a
BIGDATA matrix. Due to computational and storage restrictions, it is difficult or
impossible to analyze this data matrix as a whole [13]; however, for many SHM
applications, such an analysis is not necessarily required. In other words, it is possible
to extract a considerable amount of structural health information without examining
every entry of the BIGDATA matrix.
Offline DSN data offer an approach to construct an augmented data matrix,
which is significantly smaller than the BIGDATA matrix, yet contains a comparable
amount of information about the underlying structural system, e.g., frequency content,
or spatial information. The offline DSN data matrix is an information-packed subset
selected from the available BIGDATA population.
Consider a simple beam uniformly instrumented with 500 sensors in which the
entire fixed sensor network records 2,000 samples of the ambient vibration response;
the result is a BIGDATA matrix with 1 million entries. An offline DSN is developed
by switching between two sensor groups, each containing four sensors, as pictured in
Figure 1. Sensor group 1 includes sensing nodes 1, 2, 499, and 500, while sensor
group 2 includes nodes 100, 200, 300, and 400. The first 1,000 samples of the DSN
dataset are the measurements of the sensors in group 1. At sample 1,001, a spatial
discontinuity occurs, and the measurements from the sensors in group 2 until the end
of the DSN dataset. In the DSN data matrix, if the rows indicate time sample, the
columns represent observations, which switch between sensing nodes over time.
The sensors included in group 1 are located near the supports of the structure,
where the measured responses are expected to be relatively small in magnitude. The
sensors in group 2, are uniformly spaced across the beam and are located at nodes with
more profitable responses. Due to their arrangement, the measurements for the second
sensor group are expected to be significantly larger in magnitude than those for the
first sensor group. Equivalently, the values for the second half of the offline DSN
dataset are anticipated to be significantly larger than those for the first half of the time
series.
In Figure 2, the four DSN data observations are plotted against time along relevant
node responses. Basically, each DSN observation switches from the response of one
node to another at time step 1,001. For example, at the top of Figure 2, observation 1
is displayed along the responses at nodes 1 and 100. For samples 1 through 1,000,
observation 1 follows the response at node 1. At sample 1,001 the observation
switches to the response at node 100 until the end of the time series (sample 2,000).
Similarly, as depicted in Figure 2, the remaining observations switch from the
responses at the nodes assigned in sensor group1 to those in sensor group 2.
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Figure 1. Illustration of sensor groups selected for DSN data out of all BIGDATA

Accel.

2

Observation 1 switches from node 1 to node 100

−3

x 10

1

Observation 1

Node 1

Node 100

Observation 2

Node 2

Node 200

Observation 3

Node 499

Node 300

Observation 4

Node 500

Node 400

0
−1
−2
0

Accel.

2

Observation 2 switches from node 2 to node 200

−3

x 10

1
0
−1
−2
0

Accel.

2

Observation 3 switches from node 499 to node 300

−3

x 10

1
0
−1
−2

Accel.

2

Observation 4 switches from node 500 to node 400

−3

x 10

1
0
−1
−2

0

200

400

600

800

1000
Sample, k

1200

1400

1600

1800

2000

Figure 2. At sample 1,001, observations switch from sensor group one to sensor group two.

The spatial discontinuity in the DSN data at sample 1,001 is evident through
inspection of the time series. As expected, the observed values are significantly larger
within the latter portion of the DSN data, corresponding to sensing group 2. While this
application may seem elementary, the versatility of DSN data and the corresponding
state-space approach provide a robust framework for extracting important structural
features from time-varying sensor configurations.
CONCLUSION
This paper discussed the use of time-varying sensor configurations in SHM. Such
dynamic sensor networks (DSN) provide unique advantages over fixed sensor
networks, where sensor locations are time-invariant and contain limited spatial
information in many cases. DSN datasets have the ability to condense responses from
many sensing nodes into a small matrix size. In short, DSN data matrices have a
higher capacity for spatial information than a data matrix from a fixed sensor network.

In order to achieve such high efficiency, DSN datasets include spatial
discontinuities, leaving the data initially incompatible with traditional state-space
models. A new state-space approach, which transforms a modal model, was presented
to properly include DSN data for use within a structural model. The versatility and
scalability of the proposed model make it an attractive choice for modeling this class
of data since its model size is independent of the spatial resolution of the sensor
network. In short, a relatively small model can incorporate data from very many
sensing nodes. Furthermore, repeated analyses of a given DSN dataset using different
physical states enable the construction of high-resolution mode shapes. An application
of BIGDATA processing was provided to showcase the functionality of the model and
the advantageous information available within DSN datasets. Through the use of
multiple user-defined sensor groups, the user has the ability to develop informationpacked datasets while maintaining a small data matrix and manageable model size.
ACKNOWLEDGEMENT
Research funding is partially provided by the National Science Foundation
through Grant No. CMMI-1351537 by Hazard Mitigation and Structural Engineering
program, and by a grant from the Commonwealth of Pennsylvania, Department of
Community and Economic Development, through the Pennsylvania Infrastructure
Technology Alliance (PITA).
REFERENCES
1.
2.
3.

4.
5.
6.
7.
8.
9.
10.

Dorvash, S., Pakzad, S., Naito, C., Hodgson, I., & Yen, B. 2014. “Application of state-ofthe-art in measurement and data analysis techniques for vibration evaluation of a tall
building.” Struct. Infrastruct. Eng., 10(5), 654–669. doi:10.1080/15732479.2012.757795
Lei, Y., Kiremidjian, A. S., Nair, K. K., Lynch, J. P., Law, K. H., Kenny, T. W., …
Kottapalli, A. 2003. “Statistical Damage Detection Using Time Series Analysis on a
Structural Health Monitoring Benchmark Problem.”
Smyth, A. W., Pei, J.-S., & Masri, S. F. 2003. “System Identification of the Vincent Thomas
Suspension Bridge using Earthquake Records by System Identification of the Vincent
Thomas Suspension Bridge using Earthquake Records.” Earthq. Eng. Struct. Dyn.,
32(August 2004), 339–367.
Andersen, P. 1997. Identification of Civil Engineering Structures using Vector ARMA
Models. Aalborg University.
Juang, J.-N., & Pappa, R. S. 1984. “An Eigensystem Realization Algorithm for Modal
Parameter Identification and Model Reduction,” 8(5), 620–627.
Matarazzo, T. J., & Pakzad, S. N. 2015. “Structural Modal Identification for Mobile Sensing
with Missing Data.” J. Eng. Mech.
Inaudi, D., & Glisic, B. 2010. “Long-Range Pipeline Monitoring by Distributed Fiber Optic
Sensing.” J. Press. Vessel Technol. doi:10.1115/1.3062942
Pakzad, S. N., & Fenves, G. L. 2009. “Statistical Analysis of Vibration Modes of a
Suspension Bridge Using Spatially Dense Wireless Sensor Network.” J. Struct. Eng., 135(7),
863–872. doi:10.1061/?ASCE?ST.1943-541X.0000033
Shahidi, S. G., Pakzad, S. N., Ricles, J. M., Martin, J. R., Olgun, C. G., & Godfrey, E. A.
2015. “Behavior and damage of the Washington Monument during the 2011 Mineral ,
Virginia , earthquake.” Geol. Soc. Am., 2509(13), 235–252. doi:10.1130/2015.2509(13).
Matarazzo, T. J., & Pakzad, S. N. 2014. “Modal Identification of Golden Gate Bridge Using
Pseudo Mobile Sensing Data with STRIDE.” In Proc. Soc. Exp. Mech. IMAC XXXII, Dyn.
Civ. Struct. Vol. 4 (pp. 293–298). Springer International Publishing.

11.
12.
13.

14.
15.
16.

Zhu, D., Guo, J., Cho, C., Wang, Y., & Lee, K. 2012. “Wireless Mobile Sensor Network for
the System Identification of a Space Frame Bridge.” IEEE/ASME Trans. Mechatronics,
17(3), 499–507.
Smyth, A., & Wu, M. 2007. “Multi-rate Kalman filtering for the data fusion of displacement
and acceleration response measurements in dynamic system monitoring.” Mech. Syst. Signal
Process., 21, 706–723. doi:10.1016/j.ymssp.2006.03.005
Matarazzo, T. J., Shahidi, S. G., Chang, M., & Pakzad, S. N. 2015. “Are Today’s SHM
Procedures Suitable for Tomorrow's BIGDATA?” In Proc. Soc. Exp. Mech. IMAC XXXIII,
Orlando, FL. Struct. Heal. Monit. Damage Detect. Vol. 7 (pp. 59–65.). Springer
International Publishing. doi:DOI: 10.1007/978-3-319-15230-1_7
Matarazzo, T. J., & Pakzad, S. N. 2015. “Structural Identification using Expectation
Maximization (STRIDE): An Iterative Output-Only Method for Modal Identification.” J.
Eng. Mech. doi:10.1061/(ASCE)EM.1943-7889.0000951
Matarazzo, T. J. 2015. A Framework for the Use of Mobile Sensor Networks in System
Identification. Lehigh University.
Juang, J.-N., & Phan, M. Q. 2001. Identification and Control of Mechanical Systems.
Cambridge: Cambridge University Press.

