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Abstract Complex systems are increasingly designed with data sensing and control
built into their functional specification, with the goal of modeling, understanding,
and managing dynamic conditions in their operations. Such systems range from
large civil infrastructures (e.g., buildings, bridges, etc.) to manufacturing environ-
ments (e.g., blast furnaces, Computer Numerical Control (CNC) manufacturing
processes, etc.). Design and operation of such systems requires effective and
scalable computation and communication infrastructure for sensing system state,
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modeling and prediction of system response to stimuli, and control through suitable
actuation mechanisms; these systems approaches align with and benefit from the
DDDAS paradigm and can be used to predict and mitigate effects of adverse
structural and operational conditions, such as instabilities or other breach of
system integrity, allowing decision-making and response. This chapter describes
the computational elements of the design process, including simulation of complex
structures through model reduction techniques, instrumentation for data sensing and
integration, and systems infrastructure for software development and deployment in
real-world settings. We demonstrate these techniques in the context of control of
large buildings, with a retrospective case study of the catastrophic 9/11 events, such
as the collapse of the World Trade Center (WTC), and discuss how the methods
presented, placed in the context of DDDAS, could have been used to predict
the catastrophic collapse. Underpinning the advances and dynamically integrated
modeling with instrumentation, DDDAS-based approaches are agile computation
and communication infrastructures to support the associated heterogeneous and
multi-level multi-sensor support infrastructure, and they are also discussed in this
chapter, together with a discussion of lessons learned and future directions for
development of new methods to address outstanding challenges.

Keywords Modeling of structures - World Trade Center - Real-time control -
Model reduction - Sensing and actuation

1 Introduction and Overview

Emerging paradigms for large engineered structures are classic examples of
DDDAS-based systems. Conventionally built structures such as buildings, bridges,
and dams are designed to withstand a predefined external load—typically in terms
of ground movement during earthquakes, high winds, and hurricanes. However,
as these structures age, or when external events cause the load to exceed design
limits, catastrophic events can ensue. As will be discussed in this chapter, DDDAS-
based methods for dynamic modeling, coupled with instrumentation, can be used
to predict and/or mitigate structural damage and to also provide opportunities for
informed response, including mitigating loss of lives. For example, the Seattle
earthquake of February 28, 2001, resulted in over 272 injuries and over $2 billion
(estimated) in infrastructure loss. It is believed that the extent of infrastructure loss
for a quake that measured 6.8 on the Richter scale was excessive. Other incidences
(in India and Turkey) have underscored the need for designing infrastructure that
can withstand higher loads. For example, a 2 km viaduct at Kaynasli, Turkey,
completed in 1999 was damaged severely by the November 12, 1999, earthquake,
which followed on the heels of another one on August 17, 1999. The viaduct was of
current design (American Association State Highway and Transportation Officials
’96) and was equipped with custom-built passive damping devices. The surface trace
of the November 12 event intersected the trajectory of the viaduct. On the basis of
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visual evidence alone, it has become very difficult to understand the primary cause
of failure (distortion of ground, shaking of the bridge, malfunction of the dampers)
and, therefore, very difficult to decide on a course of action (fix the bridge as is,
redesign, or move to another site). The availability of information even from as
few as a handful of sensors on the viaduct and on the ground around it would have
made it possible to make the right decision quickly and avoid the current state of
uninformed inaction. More importantly, had data been acquired during the August
17 event, the catastrophe in November might have been predicted, if not avoided,
and informed emergency response preparations could have been planned.

The past few decades have seen significant advances in the design and construc-
tion of active structures—structures that damp response to external stressors. Early
work on active structures relied on the use of active mass dampers (AMDs). AMDs
are weights (typically less than 1% of building mass) attached via an actuator to the
structure to counterbalance the effect of high winds and earthquakes. AMDs use a
control system that relies on sensed inputs (typically wind vanes and anemometers)
and computed responses to affect appropriate actuation. More modern structures
frequently use a hybrid mass damper (HMD), which relies on the motion of a
tuned mass damper (such as a pendulum) or magnetorheological (MR) fluids, along
with a control strategy to maximize its effectiveness and robustness. The essential
characteristic of MR fluids is their ability to reversibly change from a free-flowing,
linear viscous fluid to semi-solid with controllable yield strength in milliseconds
when exposed to a magnetic field. These fluids are finding increasing application in
semi-active vibration control systems.

The true potential of structural control lies in the ability to affect actuation using
a large number of distributed actuators (as opposed to a small number of semi-active
actuators). Similarly, the impact of improved sensor technology is motivated by the
shortcomings of the current state of the art. As an early example, during the El
Centro earthquake of 1979, a six-story reinforced concrete building, instrumented
with thirteen accelerometers, suffered severe damage. The accelerometers produced
data, which were studied in detail by researchers in various laboratories. Each lab
provided a different scenario for the events that preceded and caused the observed
failure. The data obtained was not sufficient to identify decisively the causes of
failure, which also meant that the experience had little impact on design practice.

These developments motivated three major lines of research and development,
which find increasing use in current structural design: (i) accurate design and
modeling techniques that predict structural response to a variety of external
stimulus; (i1) control strategies that sense and respond to external stimulus to
mitigate data and loss of life; and (iii) computational systems infrastructure for
sensing, networking, computation, and real-time control. All these developments
put in the context of DDDAS, where ubiquitous instrumentation data (archival and
real-time) is integrated with the modeling methods described here (in a feedback
control loop), can be used to provide real-time assessment and prediction and
control to mitigate damage or take other response actions to mitigate harm. In
this chapter, we summarize work on all three aspects—we exemplify structural
simulations (based on “model reduction” approaches) through work, which modeled
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the collapse of the World Trade Center (WTC) and the damage to the Pentagon
due to the 9/11 terrorist attack of planes crashing into these buildings. We then
describe challenges in model reduction and control of complex structures, and we
describe work on building sensor networks and systems infrastructure for real-time
assessment and control, to take mitigating actions for managing adverse situations,
including emergency response. Referring to the 9/11 attacks on the WTC buildings,
our simulations have shown that the initial impact did compromise a portion of the
buildings (structural columns and floors), but it was the ensuing fire that accentuated
the damage; namely, the fire-induced heat caused buckling of support columns and
beams, and this was combined with the momentum carried by the floors collapsing
on the floors underneath that precipitated the entire buildings’ collapse. Another
point of interest shown by the simulations we performed for the attack to WTC and
the Pentagon was that the initial damage of the planes crashing onto the buildings
was in part due to the impact of the plane fuselage, but the major part of the initial
damage was due to the momentum and imparted force from the fuel weight carried
by the planes.

2 Structural Modeling and Simulations

There has been significant recent work on development of simulation methodologies
and validation techniques for understanding the behavior of large structures—
buildings, bridges, dams, etc. These efforts are aimed at designing structures
that are robust to natural excitations (earthquakes, floods, high winds) as well as
human factors (explosions, fire). The eventual goal of these efforts is to understand
why structures fail and how to predict and mitigate these failures. We describe
efforts aimed at developing complex structural models, using them to understand
structural failure (the 9/11 collapse of the WTC Twin Towers and the Pentagon), and
experimental efforts aimed at calibrating and validating computational models. In
particular, we demonstrate that using DDDAS-based methods, together with high-
performance computing platforms, powerful simulation engines, high-resolution
geometric models, and accurate materials models, we can gain considerable under-
standing of structural response to excitations. We also describe the complexity
of experiment design and data acquisition from experiments. Note that the work
described here is not only a retrospective assessment, but many data used are
estimates, as the buildings did not have the full instrumentation needed to apply
the full power of DDDAS.

2.1 Simulation of Large-Scale Structures

The objective of computational simulation of structures is to develop models capable
of describing structural response to a high degree of accuracy. These models are
used to predict failure modes, as well as to guide techniques for model reduction.
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Reduced-order models (models with fewer degrees of freedom) can be used for real-
time control of structures. In this section, we describe work on model construction,
simulation, and validation. We also present some insights on the interplay between
the numerical and geometric aspects of the problem.

The initial model for the simulation has two parts: a description of the geometry
of the elements and a description of the physical properties. The former is translated
into node coordinates and connectivity information to specify the elements (beam,
shell, and volume elements); the latter reduces to a system of equations from which
a numerical problem is constructed. Since high-fidelity models of structures have
large numbers of elements, it is best to use computational models where available
and to discretize them using an automatic mesh generator, instead of building finite-
element models from scratch. Many choices for mesh generation exist, with varying
degrees of suitability for classes of objects. We describe each of these phases of
modeling using a case study of the aforementioned 9/11 events.

2.1.1 Modeling the North Tower of the World Trade Center and the
Airframe

The discussion in this subsection provides a background on the considerations for
modeling the event of the aircraft crash on the WTC.

In the case of the World Trade Center simulation, it was possible to use a
partially meshed model of the exterior of the North Tower (WTC-1), which was
then completed by adding the interior structure, consisting of the buildings core,
the spandrel beams supporting the floor, and the elements for the concrete flooring
as well (Fig. 1, lower panels). Staircases were not modeled in detail. This task
of completing the interior of WTC-1 used public domain blueprints. The model
had 640,000 nodes, 530,000 beam elements, and 360,000 shell elements. Aside
from the model size, meshing the building structure of modern high-rises is not
difficult [5]. However, much of the detailed structure of the joints gets abstracted.
By this, we mean that the geometric structure is reduced to a shared node among
several beam elements, for example. The corresponding material response is then
captured by the governing equations and material properties. Also, the beam shapes
are often abstracted as well, represented simply by line elements with an intrinsic
orientation and a specification of the type of beam. This geometric information
is lost in translation and has to be reconstructed for visualizing the simulation
results. Fortunately, obtaining reliable information about the WTC-1 building was
not difficult, and the validity of the model is established through experiments,
described later in this section. Modeling the airplane posed challenges however.
Here, it turned out to be difficult to obtain reliable information about the Boeing
767 airframe structure. Overall dimensions are readily available, but except for an
accurate reconstruction of the planes exterior, little information is available about
the interior structure, the shape, and dimensions of the beams, ribs, and stringers.
Understandably, Boeing considers a detailed model of its planes proprietary, so we
needed to find a different way to create a reasonable model and test its accuracy as
best as possible [10]. This task begins with a graphical model of the plane’s exterior.
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Fig. 1 Constructing models of the aircraft and the World Trade Center Tower. (a) Simulation
setup: modeling the aircraft. (b) Structural and skin elements. (¢) Engines and wings. (d)
Simulation setup: modeling the building. (e) Floors. (f) Structural skeleton

A graphical model is wholly unsuitable for finite element analysis (FEA). Its
surfaces are often composed of very long and slender triangles; a minimum angle of
less than 10 degrees is not uncommon. Moreover, relying on the graphics hardware
to cull invisible regions of the surface, parts such as the skin of a wing will extend
part-way into the interior of the fuselage without any explicit representation of
the intersection curve. Thus, the first step is to rectify the airplane’s skin and
to suitably mesh it, a task that requires substantial manual labor even using the
meshing capabilities of the LS-DYNA structural analysis—multi-physics simulation
software package [4]. The keel beam, the wing anchor beams, floor supports, and
the floor are added to the fuselage ribs and stringers. The spars and ribs are added to
the wings, aileron, and rudder. Aircraft engines and landing gear contain substantial
parts. The landing gear typically is a titanium forging, and the engine shaft is another
substantial part. Both structures were modeled and meshed appropriately. Sections
of the resulting mesh are shown in Fig. 1 (top panels).

2.1.2 Model Calibration

Since there is little hard data on the structural components of the aircraft, experts in
aerospace engineering were consulted, and the Riera approach was used to calibrate
the aircraft model [31, 34]. The Riera approach is an upshot of experiments at
Sandia National Labs measuring reaction forces and damage from aircraft impact.
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Fig. 2 Visualizations showing SPH model of the fuel and combustion in the building

The impact forces, measured from the time of impact to its completion, relate
intuitively to the ability of the impacting structures to absorb energy by deformation.
Accordingly, the forces are highest when the most massive and rigid structural
elements hit. Figure 2 shows both a moment in our impact simulation and the Riera
curve used to calibrate the aircraft model.

The fuel of the impacting aircraft carries a large fraction of the kinetic energy and
effect on the impact. The fuel is modeled using smoothed particle hydrodynamics
(SPH) method, which benefited from a separate calibration step. The SPH calibra-
tion was done by civil engineers modeling the liquid of a beverage can impacting a
rigid metal plate. Led by Santiago Pujol, the simulation results were compared with
experimental measurements. These are shown in Fig. 2.

2.1.3 Simulation and Results

After constructing models and calibrating them, the impact of the loaded airframe
into the top floors of the WTC-1 building is simulated. Initial conditions were
chosen to approximate the known attitude and position of the North Tower impact.

The difficulty obtaining accurate dimensions and properties of the air frame
make quantitative conclusions from the simulations challenging. In fact, there are
widely diverging estimates of the core damage of the North tower [12, 26, 29, 35].
Nevertheless, it is possible to conclude with considerable confidence that the
collapse mechanism of the North Tower was initiated by the ensuing fires, which
compromised the integrity of the metal structural support columns, beams, and
joints [25]. Those fires easily elevated the temperature of the metal core structure
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Fig. 3 World Trade Center along with its surrounding structure, showing point of impact

sufficiently so that it could not carry the building load—essentially, the metal load-
bearing columns and beams buckled and/or snapped due to the fire-induced heat
and weight of the floors, which collapsed (pancaked) on top of the floors underneath.
That load was increased by the extra load that rested on the core due to the perimeter
structure being cut in a wide swath. Further corroboration that these simulations
captured the essential elements of the event, despite the uncertainty surrounding the
exact properties of the air frame, can be seen in Fig. 6, which compares the simulated
damage to the facade, at the entry of the colliding aircraft, with a contemporary
image reproduced from [3]. This work was first published in [24].

2.1.4 Visualization of Simulation Results

The final part of the 9/11 simulation effort, led by Drs. Voicu Popescu, Paul Rosen,
and Chris Hoffman, was to render and animate the results of the simulation using
state-of-the-art techniques from computer graphics. Downloaded to date several
million times, the simulation animation [2] has generated tremendous debate and
continues to be used in documentaries in the USA and abroad. Here, the key step
was to export the simulation data, as computed by the FEA model, and import it into
3dsMax, an animation system that incorporates leading-edge graphics algorithms.
In this part of the effort, a major difficulty is the aforementioned abstraction of geo-
metric shape, particularly the shape of beams and how different structural elements
are joined. Some still images from the visualization are shown in Figs. 3, 4, and 5.
A similar physically grounded simulation of the Pentagon crash has also been
performed (Fig. 6). Simulation results from this crash are illustrated in Fig. 7.

2.1.4.1 Geometric Simplification

Geometry simplification is quite common in finite element analysis: symmetry is
exploited where possible; in the case of WTC-1, details of the lower floors of
the building are eliminated; detail shapes such as beam interconnections and cross
sections are not represented geometrically. As we have seen, such simplifications of
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(b)

Fig. 4 High-fidelity simulations of aircraft impact with structural elements of the building.
(a) Building model. (b) Model of aircraft crashing in building

the geometry lose important detail that will be missed when creating subsequently
sophisticated simulations and visualizations. In the larger scientific workflow,
therefore, it is helpful to have a detailed geometric model from which to derive,
as suggested by the numerical properties, a low-order shape approximation that
can be lifted (traced back) to the original, detailed geometry model. Both the
reduced-order physics and the corresponding shape model, therefore, become
information structures derived from a master model, a concept familiar to the
research community from the area of discrete manufacturing simulations.

3 Model Reduction and Control of Large Dynamical Systems

Many physical processes in science and engineering are modeled accurately
using finite dimensional dynamical systems. Examples include weather simula-
tion, molecular dynamic simulations (e.g., modeling of bio-molecules and their
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Fig. 5 Side view of the impact area (left panels) and debris exiting the building (right panels)

identification), structural dynamics (e.g., flex models of the international space
station, and structural response of high-rise buildings to wind and earthquakes),
electronic circuit simulation, semiconductor device manufacturing (e.g., chemical
vapor deposition reactors), and simulation and control of micro-electro-mechanical
(MEMS) devices. An important subclass of these processes can be effectively
monitored to gather data in support of simulation, diagnosis, prognosis, prediction,
and control. This class of dynamic data-driven application systems (DDDAS)
pose challenging problems ranging from data gathering, assimilation, effective
incorporation into simulations, to real-time control.

In the vast majority of applications where control can be affected, the original
system is augmented with a second dynamical system called a controller. In
general, the controller has the same complexity as the system to be controlled.
Since in large-scale applications of interest one often aims at real-time control,
reduced complexity controllers are required. One possible solution to building
low-complexity controllers is to design such controllers based on reduced order
models of the original dynamical systems. In yet other systems in which real-time
prognostics and prediction are required, constraints on compute power, memory,
communication bandwidth, and available data might necessitate the use of such
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Figure 2-16 Impact damage to exterior columas on the narth face of WTC 1.

Fig. 6 Angle of entry of aircraft, simulated damage, and comparison to documented damage to
the building

reduced-order models. This chapter outlines the state of the art in model reduction,
discusses outstanding challenges, and presents possible solution strategies for
addressing these challenges.

Model reduction seeks to replace a large-scale system of differential or difference
equations by a system of substantially lower dimensions that has nearly the same
response characteristics. Two main themes can be identified among several method-
ologies: (a) balancing based methods and (b) moment matching methods. Balanced
approximation methods are built upon a family of ideas with close connection
to the singular value decomposition. These methods preserve stability and allow
for global error bounds. Available algorithms for these methods, however, are not
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Fig. 7 Model of the Pentagon and aircraft, showing impact with pillars and beams and fuel

suitable for large-scale problems since they have been developed mainly for dense
matrix computations. Moment matching methods are based primarily on Padé-like
approximations, which, for large-scale problems, have led naturally to the use of
Krylov and rational Krylov subspace projection methods. While these moment
matching schemes enjoy greater efficiency for large-scale problems, maintaining
stability in the reduced-order model cannot be guaranteed. Consequently, their use
can be problematic at times. Moreover, no a priori global error bounds exist for
moment matching schemes.

A current research trend aims at combining these two approaches by deriving
iterative methods that incorporate the desirable properties of both of these classes.
This chapter addresses several important unresolved issues in model reduction
of large-scale linear time-invariant (LTI) systems, extending them to a new class
of problems that require adaptive models. It also addresses large-scale structured
problems that are either time varying or that require iterative updating of the initial
reduced models to obtain better approximation properties.

3.1 Motivating Data-Driven Control Applications

The problems addressed in this chapter focus on reduced models for dynamic
data-driven systems, which are characterized by model adaptivity and need for
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maintaining or exploiting a specific type of structure. This can be either due to time
variations in the model itself or due to the fact that the model to be approximated
varies at each iterative step of some design loop.

Large-Scale Mechanical Systems Consider simulating a structure that is dis-
cretely modeled by a large-scale finite element formulation such as a long-span
bridge, a tall building, or even a car windshield, which is subject to various external
forces. In tall buildings, for example, these forces could be the result of strong
ground motion or wind. Typically, the model is given by second-order systems of
equations of the form:

M(w, t)X(t) + D(w, 1)x(t) + K(w, t)x(t) = f(t) + Bu(z), y() = Cx(t). (D)

Here, M(w, t) is the mass matrix, D(w, t) is the damping matrix, and K(w, ) is
the stiffness matrix of the system. All three matrices are assumed to be frequency
dependent and possibly time dependent. For large-scale structures, the state vector
x(¢) is of order N, which can reach in the tens of millions. The forcing function f(¢)
represents wind and earthquake effects and is of the same dimension. We assume
that the structure under consideration is densely instrumented by networked sensing
and actuator elements. Further, assuming that a sensor-actuator complex (SAC) is
monolithically integrated with a strut system containing controllable dampers that
can change the stiffness characteristics of the structure in milliseconds, the control
function u(¢), an m-dimensional vector, represents the action that can be affected
through the smart strut system. Finally, the p-dimensional vector y(¢) represents
the signals collected via the sensor network. The dimension N of the state vector
x(¢) is much larger than m and p. The objective of the model reduction problem is
to produce a model of the structure that possesses the “essential” properties of the
full-order model. Such a reduced-order model can then be used for the design of a
reduced-order controller to affect real-time control. The reduced-order model may
be used to predict the onset of failure, and the reduced-order controller can be used
for real-time control of the structure so as to mitigate failure.

There are several preliminary problems that must be solved before we realize an
appropriate reduced-order model. These include (1) computing the optimal location
of the sensors and actuators, where we could start from a nominal model with M,
D, and K constant; (ii) improving the dynamical model once the sensor/actuator
placements are determined, using validated simulations (via physical laboratory
models of the structure) or via measurements performed on the actual structure,
if possible; (iii1) designing a closed-loop controller that is derived from the reduced-
order model; and finally, (iv) adapting the reduced-order model to the closed-loop
configuration of the system (this will change its dynamics and, therefore, also its
reduced-order model). In each of these steps, it is useful to have simplified (i.e.,
reduced-order) models on which the most time-consuming tasks can be performed
in reasonable time.
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3.2 Balanced Approximation Methods

Projection methods have provided effective model reduction algorithms for con-
structing reduced-order models in the large-scale setting. Given a continuous-time
state space system [8]:

x(t) = Ax(t) + Bu(r), y() = Cx(?), (2)

with input u(r) € R™, state x(r) € R, and output y(r) € R”, one defines a
projected model of reduced-order n < N for a reduced-state X(r) € R":

(1) = AX() +Bu(r), y(1) = CR(), 3)
where
L, =W/'V,A=W'AV,B=W'B,C = CV. 4)

The widely used balanced truncation technique constructs the “dominant” spaces
W and V such that

PW=VX,, QV=WIX,, WIv=l, (5)

where X, is symmetric, positive definite, and usually diagonal and # and Q
are the controllability and observability gramians, respectively. It follows that
PV = VZ‘_2F and QPW = W2_2F and hence 23_ should contain the largest
eigenvalues of PQ or QP. The gramians are non-singular if and only if the system
{A, B, C} is controllable and observable. However, the eigenspaces of (5) essentially
yields a projected system that keeps those states that are the most observable and
controllable simultaneously. This is related to the fact that for a given state X,
xTP~1% can be viewed as the input energy needed to steer the system from the
zero state to X, and X’ QX can be viewed as the energy of the output resulting from
the initial state X (see [38] for a more rigorous discussion).

Efficient algorithms for the large-scale continuous-time case have been derived
by exploiting the fact that the gramians can be obtained from the Lyapunov
equations

AP+PAT +BBT =0, ATQ+QAa+CTCc=0.
and in the discrete-time case from the solution of the Stein equations:

APAT —p 1 BBT =0, ATQA-Q+CTCc=o.



Systems That Sense and Respond: Modeling, Analysis, and Control of Buildings 331

For example, in [37, 39], an iteration called AISIAD was developed. The algorithm
alternates between two coupled Sylvester equations that are approximations to the
projected equations

APW) + ( PWH! + BB'W) = £F,,,
AT@Vv) + (@QV)H + CT(CV) = QF,,

where F,, = I-WVT)ATW and F, = (I-VW7)AV. Given a current guess W, V,
the algorithm proceeds by determining Z by solving AZ + ZH” 4+ B(BTW) = 0,
where H = WTAV and V <« V_ is obtained from Z. Y is then determined by
solving ATY + YH, + CT(CV) = 0 where H;, = WTAV,, and W « W, is
obtained from Y to maintain relations (5).

The AISIAD iteration is effective, but no convergence results are known. These
results may be potentially derived from the fact that one can show (see [32, 33])
that V and W will span the dominant invariant subspace of the positive definite
generalized eigenvalue problems (AP~ — Q) and (AQ~! — P) if and only if they
satisfy the respective “Tracemin” conditions:

min trace VIPTV, st VIQV = L,
min trace W Q™ 'W, s.t. WIPW =1,,.

Identifying such subspaces associated with these generalized eigenvalue problems
was one of the motivations for our work on Riemannian manifold optimization
methods [6, 7, 11] that has, in turn, led to several efficient and robust Riemannian
optimization methods applicable to a wide range of problems.

3.3 Model Reduction for Second-Order Systems

Models of mechanical systems are often of the type (1), where M = M?, D = D7,
and K = K7 are, respectively, the mass, damping, and stiffness matrices, since
this represents the equation of motion of the system. In the Laplace domain, the
characteristic polynomial matrix P(s) := Ms? + Ds + K and the transfer function
G(s) = CPl(s)B appear, and the zeros of det(P(s)) are also known as the
characteristic frequencies or poles of the system. Using an extended state § =

[XT x! ]T, this can be linearized to a generalized state-space model {&, A, B, C}:

DM |:; —-K 0 B
B[Rl e
— — ~—— C

& A B
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Since M is invertible, we can also transform this model to the standard state-

0 |
fi —1 —1 h —1 —1
space form {& A, E B, C}, where & A = |: 1 1 ] and & 'B =

[MPIB i| The controllability gramian # and observability gramian Q of the state-
space model {E~'A, E718, C} can be computed via the solution of the Lyapunov
equations:

Elap+pAate T 181887 T =0, Qs 'Aa+A’eTQ+clc=o.
(7)
Moreover, if C = BT, the transfer function and model (6) are symmetric and the
gramians of the state-space model are defined in terms of the solution G of a single
generalized Lyapunov equation:

AGE+EGA+BBT =0, P=G, Q=EGE. (8)

Most model reduction methods use a projection to build the reduced-order model:
given a generalized state-space model {&, A, B, C}, the reduced-order model is
given by {ZTSV, 7T AV, 7T B, CV}, where Z and V are matrices of dimension
2N x k, with k the order of the reduced system. The widely used balanced truncation
technique constructs V and Z := E~'W such that (5) is satisfied with Z‘i the k X k
matrix containing the largest eigenvalues of PQ [15, 16].

This technique cannot be applied directly to a second-order system since, in
general, the resulting reduced-order system is no longer a second-order system.
There is a need for adaptive techniques to find reduced-order models of second-
order type. The idea is to choose k = 2n and to restrict the projection matrices V
and W to have a block diagonal form, where each block is N x n:

Wi 0 Vii 0
W= , V= . 9
[ 0 W22j| |: 0 sz] ©)

which turns out to be a sufficient condition for obtaining an appropriate reduced-
order model. Notice that for the symmetric case, we have automatically V = W. If
we want to impose a block diagonal form, we can, for example, relax the equality
conditions in (6).

In this context, the following technical challenges must be addressed: (i) use a
relaxation that can be dealt with using Tracemin-like optimization methods, such as

min trace VI, [P 71111 Vi1 + VL[P 10nVa; (10)
.. VI [QI1 Vi =L, V3, [QnVa =1,
(i1) define alternative gramians of dimension N x N for second-order systems, and

analyze their use for model reduction; and (iii) analyze modal approximation based
on the polynomial matrix P(s). One then computes the right and left eigenvectors
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P(A;)x; = 0and yl-TP()»,-) = () via the linearized eigenvalue problem [13, 14, 17, 18,

20, 21]:
AD+KAM X; —0
AM —M AiX; -

71| AD+KAM |
[y i ][ MM —M]_O’

and selects n of them to form the projection matrices Vi1 and Wy.

3.4 Time Variance and Adaptivity

Time variance and adaptivity can be either due to actual time variation of the
parameters of the system or due to an external iteration used to adaptively tune
the reduced-order system. We first explain how to cope with general time-varying
systems and show how these methods can also be used for time invariant or for
periodic systems. We then discuss systems that are iteratively adapted within an
outer tuning loop.

3.4.1 Iterative Schemes

Reduced-order stabilization of a large plant G(s) amounts to constructing a small
order controller K(s) such that the closed-loop transfer function ¢ (G, K) =
G(s)X+ K(S)G(S))_l is stable and such that at the same time some performance
criterion is optimized.

Most often, a crude low-order (PI) controller is available initially. In order
to come up with a simple controller that minimizes an appropriate norm of the
transfer function between the inputs and the tracking/focusing errors, respectively,
an iterative procedure is used. The point of the iteration is to successively reduce
the order of the high-order system until the corresponding optimal controller has
low enough order as well as the specified performance properties. Thus, at each
reduction step, performance is checked by means of estimating a certain relative
error. The rationale of this approach is that the controller should be designed for
a small order plant G;(s) using dense matrix techniques. However, this controller
will only have a good performance for the original plant G(s) if the approximation
G (s) is obtained using the closed-loop error ¢ (G, K) — qb(G,, K )||, where
#(G,K) := G(s)I+K(s)G(s))~!, hence the need for an outer iteration. An
important ingredient for making such an outer iteration tractable is contained in our
previous work on the construction of stabilizing controllers using invariant subspace
ideas and Riccati iterations for large sparse system models [19, 30].
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In this context, one needs to analyze the convergence of the closed-loop
iteration and find global/local convergence strategies. These ideas can be applied
to finding reduced-order models of plants where certain properties are imposed,
such as stability, passivity, or second-order model constraints. Finally, this problem
can be embedded in a model reduction problem with time-varying coefficients.
Therefore, it is possible to take advantage of this fact in order to compute the new
plant/controller by updating the previous ones.

4 Calibration and Validation of Structural Modeling

Two important aspects of computational simulations are calibration of underlying
models (material properties, joint stiffness, etc.) and validation of models using
measured excitations and structural response. We have referred to some of these
earlie—namely, the Riera curve approach and the SPH calibration through fluid-
structure impaction. Experimental validation requires instrumentation of structures,
real-time techniques for data acquisition, and data analysis. Each of these represent
significant computational challenges associated with implementation of the complex
distributed software that senses, communicates, and stores data. This distributed
programming infrastructure has exacting requirements on performance (real time),
constraints on resources (communication rates, buffers), and guarantees on cor-
rectness. In heterogeneous fault-prone environments such as structures subject to
external stresses, implementing such distributed programs is a major undertaking.
In the remainder of this chapter, we describe efforts aimed at implementing real-time
sensing and control.

As applications of sensor networks mature, there is increasing realization of the
complexity associated with programming large numbers of heterogeneous devices
operating in highly dynamic environments. Much of this complexity stems from
the need to account for network state, failures, time and resource constraints, het-
erogeneity and scalability issues, and dynamic data-driven in-network processing.
Even tasks that are conceptually straightforward from the point of view of integrated
system specification, such as data acquisition, processing, and aggregation require
significant programming effort to support real-time requirements.

Traditional approaches to programming sensor networks rely on ‘“network-
enabled” applications for individual nodes that code distributed behavior through
explicit messaging. Application development in this framework often requires
implementation of system-level primitives or reliance on inflexible or inefficient
underlying platforms. Consequently, application development is time and effort
intensive and error prone and has limitations with respect to scalability, heterogene-
ity, and performance. Indeed, software development cycles for complex applications
at current state of the art do not keep pace with updates in sensing hardware. In
contrast, a macroprogram that codes the behavior of an entire ensemble, as opposed
to individual devices, directly specifies the data acquisition and control function.
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Through suitable abstractions, it eases programmer burden in dealing with resource
constraints, performance optimization, and scalability and adaptability with respect
to network and load dynamics. Macroprograms can often be statically verified to
enhance robustness and to enforce time and resource constraints.

The presence of a small number of low-cost and low-power yet relatively
powerful devices can significantly enhance sensor network performance [36].
Existing development platforms target development for specific device capabilities.
This lack of vertical integration across heterogeneous devices results in increased
development complexity and programmer effort. Consequently, there is a need for
a unified macroprogramming approach that realizes benefits from heterogeneous
environments. The dynamic nature of such networks necessitates a runtime environ-
ment that can execute on resource-constrained sensor nodes (motes) [22, 23, 27, 36]
while potentially scaling to resource-rich nodes.

The goal of supporting easy-to-use high-level abstractions that hide system-
level details is often at odds with requirements of low overhead and flexibility.
This trade-off is the primary determinant of the design choices associated with
a realizable macroprogramming architecture. The underlying architecture must
provide a low overhead execution environment for fundamental macroprogram
primitives while naturally supporting rich extensions based on the system’s oper-
ational requirements or application domain. Among other design objectives for a
macroprogramming architecture, the reuse of software components across applica-
tions is an important engineering parameter, especially as sensor systems become
more commonplace [28].

With these motivating objectives, the next section describes COSMOS, an
architecture for macroprogramming heterogeneous sensor networks that we have
developed [9]. COSMOS is comprised of a lean operating system, mOS, and an
associated programming language, mPL. COSMOS supports complex applications,
built upon reusable components. In the COSMOS framework, aggregate system
behavior is specified in terms of the underlying distributed data processing. This
specification consists of functional components (FCs), which provide computing
primitives, and an interaction assignment (IA), which specifies distributed dataflow
in terms of the FCs. An FC specifies a typed declaration in mPL and the corre-
sponding function, specified in a suitably constrained subset of C. Node capability
constraints associated with each FC allow the programmer to effectively and safely
utilize heterogeneous devices in the network.

mPL supports the expression of [As as a fundamental primitive with support
for static program verification. Synergistically, mOS provides a low-footprint
runtime environment providing dynamic instantiation of FCs and realization of 1As
through these instances, along with other requisite OS subsystems. Building on this
simple notion of expressing behavior through composition of FCs, the COSMOS
architecture supports the ability to easily append rich high-level macroprogramming
abstractions in mPL, without modification to the OS. The following two subsections
overview the COSMOS runtime environment and the associated mOS system.
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4.1 COSMOS Runtime Environment

The fundamental design objective for our runtime system is to minimize its
processing and memory footprint and to allow performance scaling on resource-
rich nodes. A macroprogram specifies connections between FCs and device port
instances using abstract asynchronous data channels. Abstract data channels are
realized as data queues, whose nodes encapsulate data. Each device port of an
FC instance has an individual queue associated with each of its outputs. During
application initialization, these queues are attached to the inputs of an instance of the
next component, as specified by the IA. The runtime system also handles network
data flow transparently. If the communicating instances are not on the same node,
output queues connect to the network service FC of the source nodes. An output
queue from the network service of the destination node to the succeeding component
completes the virtual data channel. The asynchronous semantics ideally suit the
network data channel and impose few restrictions on the semantics of the underlying
network communication, allowing the use of simple low overhead protocols.

4.2 mOS Operating System Architecture

The mOS operating system provides a low overhead implementation of the runtime
system for COSMOS-based macroprogramming. Architecturally, mOS consists of
a core kernel, which is logically divided into a platform-independent core and hard-
ware specific drivers and routines. The key subsystems of the platform-independent
core include the scheduler, timer, dynamic memory manager, dynamic component
loading and dataflow setup manager, dataflow API, device abstraction layer, and
a system information and control API. We have implemented the mOS operating
system on POSIX platforms. On motes, mOS is a full-fledged operating system
directly running atop the underlying hardware. On resource-rich nodes (e.g., in our
case, Stargate SBC devices and PCs running Linux), mOS sits atop the POSIX layer
and provides a transparent environment for executing macroprogram applications,
which are, by design, platform independent. To execute a macroprogram on POSIX
devices, the mOS management thread loads FCs (which may be a part of the binary
of mOS or compiled as individual loadable libraries) and executes the FCs (waiting
for inputs) each as an individual thread. Both on POSIX and on the motes, mOS
is accessible to the dynamically loaded components through a system call pointer
table.

COSMOS is currently in use on a real-world three-story building testbed to
validate structural response to ground motion, at the Bowen Labs at Purdue
University [1].
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5 Concluding Remarks

In this chapter, we have presented methods for DDDAS-based approaches that
allow modeling (simulation) for analysis, understanding complex systems’ design,
and predicting and controlling behaviors during their operational cycle, including
actions to mitigate adverse effects and increase the system’s tolerance or to provide
heads-up for decision support in potential catastrophic events.

Lessons Learned and Future Efforts
Our work on structural modeling and control reveals a number of important lessons
and considerations for future design and construction. First, it was demonstrated
by our simulations and is now generally accepted that the primary driver of
structural failure in WTC was the high temperature that the structural elements were
subjected to—eventually leading to their failure. Second, the structural elements
had been thermally insulated, but the impact compromised this thermal insulation,
contributing to the failure. Third, failure of certain structural elements led to the
cascading failure of impact loads of higher floors collapsing on to lower floors.
Finally, through inline simulations, such as those enabled by DDDAS, it would have
been possible to predict imminent structural failure, potentially reducing loss of life.
More generally, our work demonstrates that simulation and validation of struc-
tural models are critical components of understanding and designing robust struc-
tures, predicting their response in real time and incorporating passive or active con-
trol. Simulations require complex geometric models, material property databases,
high-performance simulation engines, and massively parallel computers. Tests on
real structures serve two important purposes—they provide material properties and
model calibration for simulations and validate simulation results through exper-
iments. Comprehensive validation requires complex instrumentation, multimodal
sensing, and real-time data acquisition, typically through wireless sensor networks.
Significant progress has been made in all of these computational aspects—Ileading to
real-world deployment of many of these technologies in design and operation. The
potential of ubiquitous instrumentation together with efficient modeling computa-
tional methods and DDDAS-based approaches increases the effectiveness of such
infrastructures for more robust designs and real-time system cognizant optimization
operational control and decision support.
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