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OVERVIEW
Autonomous operations for uncrewed aerial vehicles (UAVs) serve a larger interest in the aerospace 
industry with the demand to further expand its capabilities to provide not only efficient but also safe

Real-time Cognitive Modeling of UAV Operators

There has been major progress in increasing the autonomy of UAVs. Nevertheless, 
there will remain situations where human intelligence with strength in induction and 
judgment plays a critical role in realizing scable UAV operations [1]. However, in 
situations where human is cognitively overloaded, the attempt to re-engage a human 
operator may fail. In order to prevent such failures, we need human-autonomy 
teaming models that consider humans’ current and expected cognitive states: Multi-
modal machine-learning models relying on real-time sensing of physiological data 
(e.g., brain waves, eye movements) offer new possibilities for such context-aware 
HAT. 

Autonomous operations for uncrewed aerial vehicles (UAVs) serve a larger interest in the aerospace industry with the demand to further expand its 
capabilities to provide not only efficient but also safe missions. Yet current solutions for human autonomy teaming (HAT) greatly restrict UAV 
capabilities, resulting in inefficient and unsafe operations. Thus, we propose a HAT research project consists of two main goals. The end result is 
realizing highly intelligent HAT in multi-vehicle control (m:N) operations. 

OVERVIEW

Autonomous Safe Landing Control for UAV

This project focuses on the safety verification of 
autonomous uncrewed aerial vehicles (UAVs), specifically 
those that are fixed-wing. We aim to produce safety-
bounded operations during landing phase of a flight under 
external disturbances (i.e. winds and noises) to ensure a land 
or go-around decisions can be made in favor of the vehicle 
and its surroundings. Dynamical model of fixed-wing 
reference vehicle, Windracers’ ULTRA, will be considered for 
the reachability analysis. This approach allow a verification of 
AI/ML models used to assist UAV operations

Existing research on modeling human behavior and cognition using physiological 
data and machine learning models to model key cognitive states like cognitive load 
(CL) and situational awareness (SA) [2-5] have shortcomings. Examples are: 1) 
Reliance of single modes of physiological data (e.g. only eye tracking) 2) Insufficient 
real-time modeling/sensing and lack of predictiveness 3) Limited explainability and 
interpretability of models (e.g. how physiological measures and cognitive states 
interrelate 4) Interdependence of CL and SA with human’s actions and performance 
is ignored. To address the shortcomings, our ongoing research is guided by the 
following question: What ML is best suited to model human cognitive states and 
actions in real-time in the most explainable and interpretable way? 

To answer the research question, we design an experiment. The experiment is 
designed based on the cloud control interface that is currently used by Windracers 
for real UAV operations. The experiment consists of two tasks, both aimed to control 
subjects’ CL and SA, and utilizes a multi-modality approach where an 
electroencephalogram, eye tracker, webcam camera, and microphone will be used to 
collect brain activities, eye movements, upper body movements, and voice of 
subjects. For learning the data, we choose modern deep learning models that can 
capture the temporal information in the time-series data such as long short-term 
memory and the Transformer and its variants. 
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Experiment Design

To achieve a safety verification for the vehicle approach, descent, and land, a 
robust controller is designed to leverage the unique property of Lie Group to 
guarantee  flow pipe corridors for the dynamical model. Here, a verification method 
allows the flow pipe to either validate the reachability analysis for a safe, collision-
free landing or trigger a go-around maneuver.

Lyapunov Lie Group Flow Pipe [6,7]
● Verify the safety of the mission before vehicle takeoff under some uncertainties 

(e.g., disturbances, noises)
● Calculate the invariant set for the system with bounded disturbances
○ Generate flow pipe with invariant set to show the safety bound
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For most flights, the autonomous landing operations are known to be one of the 
most dangerous phase of flight especially with wind gusts or other external 
disturbances. Moreover, it is often observed that present-day autopilot softwares 
may activate multiple unnecessary go-arounds which ultimately reduce efficiency 
in UAV operations. Therefore, an effective and robust control algorithm for 
autonomous landing is crucial. 
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