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Introduction

Airborne networking utilizes direct flight-to-to-flight
communication for flexible information sharing, safe maneuvering, and
coordination of time-critical missions. It is challenging because of the
high mobility, stringent safety requirements, and uncertain airspace
environment.

This project uses a co-design approach that exploits the mutual
benefits of networking and decentralized mobility control in an
uncertain heterogeneous environment. The approach departs from the
usual perspective that views physical mobility as communication
constraints, communication as constraints for decentralized mobility
control, and uncertain environment as constraints for both. Instead,
we proactively exploit the constraints, uncertainty, and new structures
with information to enable high-performance designs.

A comprehensive theoretical
framework for Cyber-Physical
Systems to exploit the mutual
benefits of networking and
decentralized control under
uncertainty
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The features of the co-design such as scalability, fast response,
tractability, and robustness to uncertainty advance the core CPS
science on decision-making for large-scale networks under
uncertainty.

UAV Random Mobility Models

In the year of 2018-2019, we completed both the 2-dimentioanl
(2-D) and the 3-D smooth turn (ST) modeling framework for
fixed-wing aircraft, which can serve as a design and evaluation
foundation for future ANs.
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Placing the random mobility models under the framework of random
switching systems, we completed the online and offline Expectation-
Maximization estimation methods for these systems.

Type 1 random variables (RVs) describe the characteristics for each
maneuver; type 2 RVs describes how often the switching of type 1
random variables occurs.
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We also completed the estimation of expected states of random
switching systems by integrating an uncertainty evaluation method
called multivariate probabilistic collocation method (MPCM) and
unscented Kalman Filter (UKF). Steps 1 and 2 select initial
conditions and MPCM points to initialize Steps 3-5; Step 3 and 4
find the state estimators based on switching or not; Step 5 finds
the expected state by integrating the two estimators found in Steps 3
and 4.
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Uncertainty Exploited Control

In the year of 2018-2019, we completed the M-PCM-OFFD to achieve
an effective and scalable output statistics estimation. Beyond its use to
stochastic optimal control that we developed last year, we further

developed its use in stochastic switching systems, and dynamic games.
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variables’ probability simulation points PCM points
distributions using M-PCM-OFFD '

Reduced-order mapping with
the same mean statistics
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Testbed Enhance t

We enhanced the testbed of UAV-based on-demand communication
system by redesigning the whole system in TX2 and improving the
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Layered structures are more effective than equivalent egalitarian
structures in terms of the data transmission load required to reach
consensus for UAV networks. We completed analytical results on the
asymptotic and transient performance when additional local memories
are used to further reduce the data transmission load to reach
consensus. We also studied the effect of delay.
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