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1. Research Overview
Dr. Yang and his research team at USF aim to create a rigorous knowledge body for sensorbased complex systems monitoring, modeling and analysis. The research will ultimately
contribute to a new paradigm where a complex system is autonomized and optimized at all
scales. As shown in Figure 1, industry in the 21st century is investing in a variety of sensor
networks and dedicated data centers to increase information visibility in both engineering and
healthcare domains. Real-time sensing brings the proliferation of big data (i.e., dynamic,
nonlinear, nonstationary, high dimensional) that contains a wealth of information on the
condition and status of a product, process or a system. Big Data presents a ‘gold mine’ of this
era (21st century). Innovations in industrial and systems engineering in this century will be highly
dominated by “new methods and tools” to mine the big data and harness its power for new
product development, problem solving and system optimization.
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Fig. 1. Research Roadmap of Complex Systems Monitoring, Modeling and Analysis Lab

2. Nonlinear Dynamics and Chaos
Engineering and physiological systems (e.g., nanoscale machining and human heart) involve
greater levels of complexity and technical challenge. Much of the complexity emerges from
nonlinear dynamics of the underlying process. In order to cope with system complexity and
dynamic environments, modern industries are investing in a variety of sensors and data
acquisition systems. However, most of existing approaches adopt linear methods and tools for
sensor information processing. Traditional linear approaches interpret the regular structure, e.g.,
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dominant frequencies in the data, and have encountered certain difficulties to capture
nonlinearity, nonstationarity and high-order variations [1]. In contrast, complex engineering and
biological systems exhibit aperiodic, strange and irregular behaviors. Dealing with nonlinear
dynamics is a general problem facing both the traditional and next-generation innovation
practices in the engineering field. However, little has been done to develop the rigorous body of
knowledge on sensor-based complex systems monitoring, modeling and analysis.
Nonlinear dynamics theory has emerged as an important methodology for complex systems
modeling and analysis. For decades, it has been primarily studied in the society of mathematics
and physics. The basic idea is to model the state evolution of underlying processes by a set of
(
)
nonlinear differential equations, i.e., ̇
, where
is a multidimensional state variable, is the nonlinear function, and is model parameters. Thus, the
solution, i.e.,
( ( ) ), generates a trajectory representing the flow of state evolution for a
given initial condition ( ). When there is a small perturbation in or ( ), the dynamics of a
nonlinear process undergo abrupt changes and reveal complex characteristics, including chaos,
recurrences, fractals and bifurcations.
Notably, recurrence (i.e., approximate repetitions of a certain event) is one of the most
common phenomena in natural and engineering systems. The human heart is near-periodically
beating to maintain vital living organs [2-4]. Stamping machines are cyclically forming sheet
metals during production [5]. Rapid technological advances bring the proliferation of sensing
data gathered from complex processes. This offers an unprecedented opportunity to exploit
recurrence dynamics underlying the data for system informatics, monitoring, and control.
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Fig. 2. Graphical illustration of a vectorcardiogram (VCG) state space (a) and its recurrence plot (b). The
recurrence plot characterizes the proximity of two state vectors ⃗ ( ) and ⃗ ( ), i.e., ( )
(
‖⃗ ( ) ⃗ ( )‖), where is the Heaviside function, is the threshold and
is a distance measure.

Process monitoring of disease conditions or manufacturing quality is more concerned with
aperiodic recurrences and recurrence variations in nonlinear and nonstationary systems. As
shown in Fig. 2, vectorcardiogram (VCG) signal waveform at different segments changes
significantly within one cycle, corresponding to different stages of cardiac operations [6, 7]. In
addition, the waveform in one cycle is similar to others but with variations between cycles [8, 9].
The approach of nonlinear recurrence analysis characterizes recurrence behaviors in the highdimensional state space. As shown in Fig. 2b, it captures topological relationships in the state
space as a 2D image. If two states are located close to each other in the -dimensional state
space (e.g., 3D space in Fig. 2a), the color code is black (Fig. 2b). If they are located farther
apart, the color is white. The structure of recurrence plot has distinct topology and texture
patterns (Fig. 2b). The ridges locate the nonstationarity and/or the switching between local
behaviors. The parallel diagonal lines indicate the near-periodicity of system behaviors.
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Dr. Yang and his research team have developed a series of novel nonlinear recurrence
methods for real-time system informatics, monitoring, and control. Specifically, the developed
methodologies are demonstrated in both healthcare and manufacturing applications. First, we
developed a novel multiscale framework to quantify recurrence dynamics in complex systems
[10, 11] and resolve computational issues for large-scale datasets [1]. As opposed to traditional
single-scale recurrence analysis, we characterize and quantify recurrence dynamics in multiple
wavelet scales. As a result, multiscale recurrence analysis facilitates the prominence of hidden
recurrence properties that are usually buried in a single scale. Second, we developed a novel
approach of heterogeneous recurrence analysis [5, 12] that utilizes a new fractal representation
to delineate heterogeneous recurrence states, including the recurrences of both single states
and multi-state sequences. Third, we collaborated with General Motors and developed a local
recurrence model [13] for the prognosis of nonlinear and nonstationary evolution of
manufacturing operational conditions.

3. System Dynamics Modeling and Simulation
Discrete event simulation (DES) has usually been a common practice in manufacturing
system analysis. However, multistage manufacturing systems consist of multifariously
interdependent entities and their interactions give rise to nonlinear and nonstationary behaviors
⁄ can be described as the
(Fig. 3). For instance, the rate of change in the
buffer stock
⁄
differences between the throughput rates of upstream and downstream machines, i.e.,
. Because the quantity of buffer stock often has lower and upper bounds, linearity is
lost when these bounds are reached [13-16]. Furthermore, internal and external disruptions that
require control actions occur throughout the manufacturing process, from material procurement
to the transportation of finished goods. It should also be noted that inter-release time scales of
working parts are becoming smaller and smaller in the mass manufacturing setting. For
example, a stamping machine is capable of stroking 2000 samples per minute. As a result,
traditional DES methods are time-consuming and computational intractable due to the modeling
of individual entities and their activities.

Fig. 3. Simulation model of a multi-stage assembly line [13-16].

To increase flexibility and responsiveness, a typical assembly line contains numerous
sensors that provide dynamically-evolving information of manufacturing stations. Examples of
state variables include the machine throughput, downtime, buffer levels and their coupled
temporal dynamics. Harnessing multi-sensor signals, in the form of tractable models to predict
dynamic behaviors, is essential to support day-to-day manufacturing planning and control
decisions [13, 14]. This provides an unprecedented opportunity to develop nonlinear system
dynamics simulation models (NSDS) of multistage manufacturing systems that use a series of
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buffer stocks and product flows, in which the state changes are continuous. This enables fast
estimation and prediction of aggregated dynamic behaviors of manufacturing processes.
Dr. Yang and his research team developed a sensor-driven NSDS modeling approach [1316] to simulate operational dynamics of a multistage assembly line. The movement of entities is
treated as a fluid flow, buffer stocks are water tanks, the conveyor belt is water pipe and
manufacturing stations are the valves which control the rates of flow. The NSDS models were
parameterized using sensor data from a real-world manufacturing system. Experimental results
showed that NSDS models enable faster and more accurate prediction of aggregate
manufacturing performance than discrete-event simulation (DES) counterparts.

3. Physical-Statistical Modeling and Optimization
Large-scale simulation models such as the 3D tissue and whole heart models are
computationally very expensive (see Fig. 4). For example, one simulation of the whole heart can
take up to two weeks in a 3.2 GHz desktop computer. This limits the utility of the models in realtime medical decision making, where the models need to optimized over a potentially large
number of decision variables. As shown in Fig. 4, we tackle this computational challenge by
approximating the complex cardiac models using statistical metamodels.

Fig. 4. Research roadmap of physical-statistical modeling and optimziation.

Dr. Yang and his research team developed physical-statistical models of cardiovascular
systems for optimizing medical decision making in spatiotemporal disease processes [17, 18].
Multi-scale computer models are developed to improve the understanding of disease-altered
cardiac electrical dynamics. In particular, the modeling is done in multiple physical levels
starting with ion channels, then cells, then tissues, and finally an anatomically realistic heart.
Physics-based models are statistically calibrated and adjusted so as to make more realistic
predictions. Furthermore, an easy-to-evaluate statistical surrogate model has been developed
for faster approximation, prediction and optimization, thereby facilitating real-time medical
decision making. Physical-statistical models are used in conjunction with sensor-based data
fusion to optimize cardiovascular diagnostics. The simulation-based optimization approach
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provides a unique opportunity to search the optimal medical decisions with the "virtual" heart, as
opposed to traditional "experience-based" and "trial-and-error" decisions in the real-world heart.
The results of this research will yield a fundamental understanding of the progression of
cardiac diseases that is so vitally needed to improve preventive healthcare services. This
research has the potential to make a paradigm shift in healthcare, i.e., from reactive care to
preventive and proactive care, from experience-based to evidence-based cardiac care services.
The early identification of cardiovascular diseases will decrease mortality rates, promote the
timely delivery of life-saving interventions, and reduce healthcare cost (e.g., preventive care in
lieu of expensive surgical interventions). This will positively impact cardiovascular patients, the
largest population at risk of death in the US and in the world.
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