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Neural Robotics Flight Control System Overview 
 
The flight control neural network systems developed by NRI mimic the human brain in that they 
can LEARN and ADAPT to new circumstances for which there has been no previous 
“experience.” 
 

 
 
Why use a Neural Network Flight Control? 
Mission success is partially determined by the capability of the autonomous VTOL UAV to adapt 
to changing mission scenarios. Fuel and payload requirements can effect changes in the mass 
characteristics of the rotorcraft in turn, impacting the flight control system performance. In current, 
limited applications, neural networks are typically used only to augment a conventional flight 
control system, either as a portion of the control system; as a state estimator; or as a system 
identifier, for example, to derive the changing stability derivatives to allow the conventional 
controller to adaptively modify its control behavior. 
 
However, neural networks need not be applied in such a limited way.  Indeed, they are ideally 
suited for “complete” VTOL UAV autonomous flight control because of: 1) their ability to “learn” 
nonlinear characteristics of the plant and control interaction (sensor noise, mechanical linkage 
slop, control actuator response time lags, etc.) and 2) their inherent ability to compensate for 
external disturbances (wind gusts, etc.) and internal system changes (damaged structure, 
variations in payload and fuel, etc.). 
 
Inadequacy of Existing Solutions - Neural Control v s. Conventional Control 
Despite advances in modern control theory, the typical design methodology still relies on an 
accurate mathematical model of the system. Conventional methods use linear theory, for the 
most part, applied to a nonlinear system, the helicopter.  The controller is designed by linear 
approximation around the equilibrium point “of stability” of the helicopter. This method results in 
problematic maneuvering in states that deviate far from the equilibrium design point - there is no 
guarantee of stability. Transition states, such as landing, takeoff, stopping, etc. are complicated in 
terms of the control system’s capability to maintain stability in these regimes. 
 
Neural networks are inherently nonlinear (hyperbolic tangent activation functions create the 
nonlinearity) and therefore are easily applied to nonlinear control problems. They are able to learn 
from mathematical as well as “real world” data. Due to their parallel architecture neural networks 
are able to extrapolate solutions that are well beyond the training regime from which they are 
formed. 
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Why NRI is different 
Our fundamental approach differs with other efforts, because neural networks are used as the 
only “decision makers” for the guidance & control modules. To our knowledge, there are no other  
efforts under way, in which neural networks are used as the sole flight control algorithm for any 
kind of flight vehicle (spacecraft or aircraft). This innovative approach is twofold. First, we have 
designed and implemented a vertical takeoff and landing (VTOL) flight control system whose 
guidance/control laws are entirely based on neural network algorithms. Secondly, we designed 
the neural control modules solely from open-loop stimulus of the actual aircraft itself, without 
conventional controller examples or computer models. We believe this approach significantly 
increases the robustness of the flight control system and dramatically decreases the design time. 
Moreover, it has much more potential for far-reaching gains in autonomous operations. NRI has 
been granted a patent by the U.S. Patent Office.  
 
Diagram and Complete System  
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