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Presenter
Presentation Notes
“To give an overview of this presentation, I’ll start with the challenges that we would like to address with our project.  Then I’ll move onto the objectives that we have set for meeting those challenges along with a closer look at the specifics of our system of interest. After going over what has already been accomplished in working toward those objectives, I’ll go into the details of our approach and how it takes the the DDDAS paradigm into account (specifically the preliminary framework, details on the co-simulation, and the active robust optimization technique). Finally, I’ll have concluding remarks, followed by how we’ll be moving forward from these steps in the future plan.”
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Challenges and Needs Identified 
for Current Work  

• Unanticipated physical responses and environmental 
conditions can influence mission effectiveness for unmanned 
aircraft systems (UASs). These challenges bring the need for: 
– addressing nonlinear aero-elasticity 
– handling instabilities and post-instability behavior 
– supporting active (“flexible”) decisions at optimal times with uncertainty 
– handling large amounts of dynamic, sensor data  
– enhancing autonomy 
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[1] [2] 

1. “Unmanned Aerial Vehicle.” Wikipedia: The Free Encyclopedia. Wikimedia Foundation, Inc. <Available on 
[https://en.wikipedia.org/wiki/Unmanned_aerial_vehicle> [Last Accessed on January 12, 2016] 

2. “Advanced Joined-Wing Designs.” Above Top Secret . The Above Network, LLC. <Available on http://www.abovetopsecret.com/forum/thread192824/pg1> [Last 
Accessed on January 12, 2016]  

Presenter
Presentation Notes
“We are aware of how unpredictable physical responses and environmental conditions can be at times. This unpredictability is what can influence the mission effectiveness for unmanned aircraft systems. Let’s think about a UAS on mission encountering a storm.Due to the thin long flexible wings on current surveillance and data collection drones (e.g. Predator drone and SensorCraft), the need to predict environmental effects on the aircraft (using simulations like our UVLM Co-simulation) and to handle instabilities and post-instabilities behaviors arises. If we decide to pass through the storm and the wings begin experiencing aero-elastic instability, we need to know what maneuvers can be made to handle it.We think about if it would be better to go around, over, or through the storm given that we don’t know what the pressure drop of level of turbulence would be. We’ll need to be able to support active decisions at optimal times under uncertainty.With all the incoming sensor data, we also need to think about which sensors are giving critical data, giving corrupted data, or giving no data at all. Need for handling large amounts of dynamic, sensor data arises.If the storm begins interfering with our communications and we are only getting intermittent contact with the aircraft, then we would want the UAS to maintain a desired course until we regain contact. This is where the need to enhance the level of autonomy of the UAS arises.”

https://en.wikipedia.org/wiki/Unmanned_aerial_vehicle
http://www.abovetopsecret.com/forum/thread192824/pg1
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Considerations 
• Curse of Dimensionality 
• Flutter Instability 
• Observation Platform: 

Motion Blurring 
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Parameters Number of 
Discretizations 

Altitude 100 
Angle of attack 20 
Flap configuration 20 
Rudder 
configuration 

20 

Yaw angle 20 
Temperature 30 
Horizontal wind 
angle 

20 

Vertical wind angle 20 

Wind speed 20 
Total 3.84 × 1012 (Video, Courtesy of AFRL) 

Presenter
Presentation Notes
Curse of Dimensionality:In order to simulate a large enough population of flight conditions to be useful, we would need to start with roughly 100 altitudes…Which leads us to 3.84 *10^12 simulations. This is already intractable, and far from complete. Whereas our approach only simulates enough conditions to Achieve a useful performance envelope. Afterwards, when the conditions are better known, during the flight, we can perform fewer simulations that are more usefulFlutter Instability:Aero-elastic flutter instabilities have long been a problem in aircraft design that has been avoided as much as possible due to their adverse effects and the difficulty of �predicting them. As we pursue higher performance and efficiency, the ability to predict flutter instabilities becomes more valuableMotion Blurring:Since the SensorCraft is the key example for our research, we consider its primary goal, which is to serve as an observation platform. To avoid any distortion of its sensor �readings, such as photographic motion blurring, it should try to avoid regions of clear air turbulence. However, if it performs a maneuver to avoid turbulence, that could �also distort the image. So a decision must be made in the moment to choose which option will cause the greater distortion and how to minimize the effects of bothOur proposed system can assist a pilot in making those decisions.
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Objectives 
• Overall objective is to develop a dynamically data-

driven decision support system for multi-objectively 
optimized system stability under uncertainty. 
Specific objectives include the following: 
i. Develop offline estimates of aero-elastic stability 

envelope of flexible wing aircraft (SensorCraft) based 
on nonlinear aero-elastic computations 

ii. Develop high speed, multi-fidelity aero-elastic stability 
prediction environment 

iii.Develop decision support system through active robust 
multi-objective optimization 
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Presenter
Presentation Notes
“To address these needed, we want to develop a dynamically data-driven decision support system for multi-objectively optimized system under uncertainty. Along the way, we will:Develop offline estimate of aero-elastic stability envelope for flexible wing aircraft (such as the SensorCraft) based on nonlinear aeroelastic computations. The stability envelope will capture static and dynamic events, and the stability information will include post-instability motions, such as limit cycle oscillationsDevelop a high speed multi-fidelity aero-elastic stability prediction environment. The environment will be based on the previously developed offline estimates and high efficiency, low fidelity stability predictions.Develop a decision support system for aero-elastic stability through active robust multi-objective optimization. Utilizing active multi-objective robust optimization and uncertainty quantification techniques, warnings regarding maneuvers that could result in unstable behavior will be determined. Furthermore, if instability occurs, suggestions for instability mitigation will be provided.”
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Problem Definition 
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i. Provide decision support under uncertainty for 
avoiding static, dynamic, and aero-elastic instabilities 

ii. Enhance fundamental understanding of critical sensors 
and flight conditions that influence system stability 

iii. Serve to identify precursors in sensor data that are 
indicative of impending instability 

System response 

Flight conditions 

Decision Support System 

Increase speed 

Hold Steady 

Decrease Speed 

Deterministic 

Passive Robust 

Active Robust 

2. Quasi-Steady Vortex Lattice Method 

1. Lifting Line & Ground Effect  
       Reduced Order Models 

3. Unsteady Vortex Lattice Method 

Optimization Simulation 

…
 

Presenter
Presentation Notes
“Notable features of what will be included in our decision support system are the ability to:Provide decision support under uncertainty for avoiding different types of instabilities Enhance understanding of critical sensors and flight conditions that influence system stabilityUse that knowledge of critical sensors and flight conditions to identify precursors that are indicative of impending instability.In our diagram, you can our the structure of our system is set. We’ll input system responses and flight conditions (e.g. sensor data) into the system, which will interact with the pilot and then based on their preferences (along with optimization and co-simulation) will give feedback on a intended decision from the user.”
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Accomplishments: 6 Months 
• DDDAS Framework: Preliminary DDDAS 

framework for decision support system 
constructed 

• Co-Simulations: Simulations for aero-elasticity 
conducted and GPU accelerated computations 
studied  

• Optimization Studies:  
– Extension of in-house multi-objective robust 

optimization suite studied 
– Existing work on active robust optimization extended 

7 
3. Chabalko, C. C. and Balachandran, B. (2014). “Implementation and Benchmarking of Two-Dimensional Vortex Interactions on a Graphics Processing Unit.” 

Journal of Aerospace Information Systems, 11(6), pp. 372--385.  
4. Hu, W., Azarm, S., Almansoori, A., and Li, M. (2011). “Multi-objective Robust Optimization Under Interval Uncertainty Using Online Approximation and 

Constraint Cuts.” Journal of  Mechanical Design, 133(6), 061002-1--061002-9  

Presenter
Presentation Notes
“What have we done during this early stage in our research:In terms of the approach, we have constructed a preliminary DDDAS framework for our decision support systemWe have also conducted simulations for aero-elasticity and studied GPU accelerated computationsIn regards to the optimization, we have studied an extension a in-house multi-objective robust optimization suite and extended existing work on active robust optimization.”
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Preliminary DDDAS Framework for 
Decision Support 
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GPU Accelerated 
Co-Simulation 

Passive and Active 
Robust Mission 

Planning 

Initial 
Data 

Active Robust 
Optimization 

Model 
Validation 

GPU Accelerated 
Co-Simulation 

Off-Site 
Computing 

Online 

Offline 

User 
Interface 

Design of 
Experiments 

Filtering and 
Data Mining 

Meta-model Meta-model Meta-model Meta-model 

Sensor Data 

Increase speed 

Hold Steady 

Decrease 
Speed 

Multi-Fidelity Meta Models 
1 2 3 … 

…
 

Presenter
Presentation Notes
“Our decision support system contains three main components: a user interface and offline and online components.	User Interface		Offline	During the offline phase, user supplied mission objectives and initial data, such as weather forecasts, are simulated and optimized to produce active robust optimal mission configurations, all prior to take-off. 	OnlineAfter take-off, the online phase begins. Sensor data is gathered in the air with the option of being transmitted off-site for more detailed analysis and then transmitted back.All collected data is then filtered and mined for significance. Key data is then used in the design of experiments to determine where it would be most beneficial to acquire new data from. The gathered data is then used to populate the various fidelity levels of a multi-fidelity meta-model.The meta-model is validated against collected data, and then used in an optimization loop to assist the user by assessing  the aero-elastic feasibility of any maneuvers input  by the pilot, and optimal means of executing them.”
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Co-Simulation 
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Passive and Active 
Robust Mission 

Planning 

Initial 
Data 

Active Robust 
Optimization 

Model 
Validation 

Off-Site 
Computing 

Online 

Offline 

User 
Interface 

Design of 
Experiments 

Filtering and 
Data Mining 

Meta-model Meta-model Meta-model Meta-model 

Sensor Data 

Increase speed 

Hold Steady 

Decrease 
Speed 

Multi-Fidelity Meta Models 
1 2 3 … 

…
 

GPU Accelerated 
Co-Simulation 

GPU Accelerated 
Co-Simulation 

Presenter
Presentation Notes
“Now I’ll go into detail about co-simulation technique that will be used for this research.”



/22 

�̇�(𝑡) = 𝒇1(𝒙(𝑡),𝒗(𝑡))  
�̇�(𝑡) = 𝒇2(𝒖(𝑡),𝒚(𝑡))  

�̇�(𝑡) = 𝒇1(𝒙(𝑡),𝒚(𝑡))  
�̇�(𝑡) = 𝒇2(𝒙(𝑡),𝒚(𝑡))  

𝑑
𝑑𝑑
𝒛(𝑡) = 𝒇(𝒛(𝑡))  

Co-Simulation 
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(a) Structure 
in airflow 

(b) Partitioning (c) Co-Simulation 

𝒖 = 𝒙 

𝒗 = 𝒚 

5. Trčka, M., Hensen, J., and Wetter, M. (2010). “Co-simulation for Performance Prediction of Integrated Building and HVAC Systems – An Analysis of 
Solution Characteristics Using a Two-Body Dystem.” Simulation Modelling Practice and Theory, 18(7), pp. 957-970 

6. Kalmar-Nagy, T. and Stanciulescu, I (2014). “Can Complex Systems Really be Simulated?” Applied Mathematics and Computation, Vol. 227, pp. 199–211 

where 𝒙 𝑡  and 𝒚 𝑡  are state vectors of structure and velocity/pressure fields of  
airflow, respectively   

𝑑
𝑑𝑑
𝒛(𝑡) = 𝒇(𝒛(𝑡))  

Presenter
Presentation Notes
“Co-Simulation refers to partitioning a coupled system into subsystems that are separately simulated (numerically integrated) with a suitable exchange of states at predefined time instances to account for the coupling.Structure in airflow: In the case of a system with two partitions, the system is described by the continuous evolution equation [differential algebraic equation] 𝒛 𝒕 =  𝒙(𝒕) 𝒚(𝒕)  . Partitioning: And thus,  𝒅 𝒅𝒕 𝒛 𝒕 = 𝒅 𝒅𝒕   𝒙(𝒕) 𝒚(𝒕)  =   𝒇 𝟏 (𝒙 𝒕 ,𝒚(𝒕))  𝒇 𝟐 (𝒙 𝒕 ,𝒚(𝒕))  ⇒  𝒙 (𝒕)  𝒚 (𝒕) =  𝒇 𝟏 (𝒙 𝒕 ,𝒚(𝒕))  𝒇 𝟐 (𝒙 𝒕 ,𝒚(𝒕)) , where 𝒙(𝒕) and 𝒚(𝒕) are state vectors of the structure and the velocity/pressure fields of the airflow. Co-Simulation: To simulate the first subsystem,  𝒙 (𝒕), a prediction 𝒗(𝒕) is need for its 𝒚(𝒕) input. Similarly, to simulate the second subsystem,  𝒚 (𝒕), a prediction 𝒖(𝒕) is need for its 𝒙(𝒕) input. The system can be written as   𝒙 (𝒕)  𝒚 (𝒕) =  𝒇 𝟏 (𝒙 𝒕 ,𝒗(𝒕))  𝒇 𝟐 (𝒙 𝒕 ,𝒖(𝒕)) 
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Co-Simulation: Aero-elastic 
Coupling 
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𝒕𝒏 𝒕𝒏+𝟏 

Aerodynamic 
loads at 𝒕𝒏 

UAS state 
at 𝒕𝒏 

UAS state 
at 𝒕𝒏+𝟏 

Aerodynamic 
loads at 𝒕𝒏+𝟏 

Iteration Iteration 

Simulator 2 
Aerodynamic Model 

UVLM 
  

Simulator 1 
UAS Structural 

Model 

Simulator 2 
Aerodynamic Model 

UVLM 

Time Step 

  

Simulator 1 
UAS Structural 

Model 

Presenter
Presentation Notes
“Simulator 1 and Simulator 2 are computational implementations of physical fields independently modeled as the aerodynamics and the UAS structure. The coupling procedure in strong because information is bi-directionally exchanged, and the chosen step, which advances the solution in time, is unique for both simulation environments.”
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Co-Simulation: Structural Model 
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Solution stabilization 
 (Coord. Projection) 

Correction of the solution 

𝑴 𝑩𝑞𝑇

𝑩𝑞 𝟎
𝒒�(𝑡)
𝝀

= 𝑭(𝑡) 

solved for �̈�(𝑡) and 
Lagrange multipliers 

Mass matrix 𝑴(𝑡), Jacobian 
matrix 𝑩(𝑡), and load vector 𝑭(𝑡) 

Simulator 1, iteration for 𝒕𝒏+𝟏𝒌  : Beam‒Node 

: Concentrated Mass 

Elastic Axis Right 
Forward 
Wing 

Right 
Rear Wing 

Elastic Axis 

Rigid Cross Section 

7. Stonum, R.K. and Smith, S.C. (1989). “Experimental Aerodynamic Characteristics of a Joined-Wing Research Aircraft 
Configuration.” Ames Research Center. NASA Technical Memorandum 10183 

Presenter
Presentation Notes
“We used the finite element method (FEM) to simulate the motion of our representative SensorCraft wings. Looking at the right wing of the aircraft, you can see that we used beam representations of the wings, where the cross sections of both the forward and rear wing are rigid, the elastic axes are located along the each beam element, and the concentrated masses are placed at each beam nodal element. In Simulator 1, we are essentially determining motion of the SensorCraft as it moves through space and time.”Variable Definitions𝑴(𝒕) represents the mass matrix𝑭(𝒕) represents the load vector𝒒 represents the set of absolute coordinates for the body 𝑩 𝒒  represents the Jacobian tensor of constraints associated to the set of coordinates 𝒒𝝀 represents the vector of Lagrange multipliersStructural Model Mesh DimensionsForward Wing (Long Half)Number of elements= 10Number of nodal point= 11Forward Wing (Short Half)Number of elements= 3Number of nodal point= 3Rear WingNumber of elements= 10Number of nodal point= 10
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Co-Simulation: Aerodynamic Model 
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Aerodynamic loads 
calculated, 𝑭𝑧𝑧𝑧𝑧(𝑡) 

𝑨 𝑡 𝑮 𝑡 = 𝑹𝑹𝑹(𝑡) 
solved for circulations G(t) 

Aerodynamic matrix 𝑨 𝑡  
and 𝑹𝑹𝑹(𝑡) calculated 

�k = 0,
k > 0, 

convect              
wake frozen      

Wake Convection 

Simulator 2, iteration for 𝒕𝒏+𝟏𝒌  

Fuselage 

Right Rear 
Wing 

Left Rear 
Wing  

Left 
Forward 
Wing 

Vertical 
Tail 

Right 
Forward 
Wing 

Presenter
Presentation Notes
“We used the unsteady, vortex lattice method (UVLM) to simulated the aerodynamic loads acting on the representative SensorCraft. Looking at the full SensorCraft mesh (used for UVLM simulation), notice that the aerodynamic grid depends on nodal points and control points, unlike our structural grid which only relies on nodal points. In Simulator 2, we are convecting the wakes (considered to be vorticity-containing regions where viscous effects can not be ignored). In convecting the wake, we end up calculating the aerodynamic loads for the system”Variable Definitions𝑨 𝒕  represents the aerodynamic influence matrix𝑮(𝒕) represents the rotational parameterization for the body 𝑭 𝒛𝒆𝒓𝒐 (𝒕) represents the aerodynamic loads𝑹𝑯𝑺(𝒕) represents that right hand sideAerodynamic Model Mesh DimensionsForward Wing (Long Half)Number of elements= 290Number of nodal point= 354Forward Wing (Short Half)Number of elements= 70Number of nodal point= 90Rear WingNumber of elements= 270Number of nodal point= 330
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Co-Simulation: SensorCraft 
 Aero-elasticity 
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Aerodynamic 
Grid (UVLM) 

Structural Grid 
(FEM) 

Combining the Models 
1. Map structural motion onto aerodynamic grid 
2. Map aerodynamic forces onto structural grid 
3. Numerically integrate all governing equations 

simultaneously and interactively in time domain 

Presenter
Presentation Notes
“There are three main steps in combining the structural and aerodynamic model:The first step involves mapping the structural motion onto the aerodynamic grid.Then we map the aerodynamic forces onto the structural grid.And finally we numerically integrate all governing equations simultaneously and interactively in the time domainThe bottom left image, we see how the models are coupled with the structural grid nodal points corresponding to specific aerodynamic nodal points. And in the video on the bottom right, we see the aero-elastic simulation of our system. As the system moves, the wakes are being convected and as a result we see the wings of the SensorCraft moving.”
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Optimization 

15 
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Off-Site 
Computing 
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GPU Accelerated 
Co-Simulation 

GPU Accelerated 
Co-Simulation 

Passive and Active 
Robust Mission 

Planning 

Active Robust 
Optimization 

Presenter
Presentation Notes
Now I will move from the co-simulation aspect of the project to detail the optimization blocks.
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Optimization with Uncertainty 

• Deterministic Approach: Optimize design and 
operational variables for fixed (nominal) 
realization of uncertain parameters 

• Passive Robust Approach: Optimize design and 
operational variables for all realizations of 
uncertain parameters 

• Active Robust Approach: Optimize design for 
all realizations of uncertain parameters while 
using operational variables to mitigate effect of 
uncertainty 

16 

Presenter
Presentation Notes
When optimizing with uncertain parameters, two of the more standard approaches are the deterministic and the standard robust approach.Deterministic:The uncertain parameter is assumed to take on its expected, or nominal, value. The optimization is then performed deterministically. Often, this approach leads to optimal solutions that overestimate the stochastic outcome and may violate constraints.Passive RobustHere, the solution is found by optimizing the expected value of the objective function (as opposed to the objective function of the expected value of the uncertain parameter),With all constraints satisfied for any value of the uncertain parameter.The result is a “safe” solution which should be feasible for any realization of the uncertain parameter.Robust solutions are conservative compared to deterministic onesActive RobustActive Robust optimization differs from the others, in that it assumes a separation in design variables, which must be determined now, and operational variables, which will be determined once the uncertain parameter has been realized. By doing two stages of optimizations, the results can be feasible and also more aggressive. Performing multiple optimizations, however, does require more computing time. Which, provided it can be parallelized, can be done efficiently on our proposed system.
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Optimization with Uncertainty 
(continued) 

Active Robust Optimization 

Passive Robust Optimization 

17 

Deterministic Optimization 

𝜽: (uncertain) parameters 𝑱: set of constraint indices 
d: design variables  𝑻: set of all discretized 𝜽 
𝒇: objective function   z: operational variables 
𝒈: constraint function 
  

minimize
𝑑,𝑧1,𝑧2,⋯,𝑧𝑚

  𝑬[𝑓1(𝑑, 𝑧𝑖 ,𝜃𝑖)],𝑬[𝑓2], … ,𝑬[𝑓𝑛]                                      

 subject to  𝑔𝑗 𝑑, 𝑧𝑖 ,𝜃𝑖 ≤ 0,                                                                
∀𝑖 = 1,2,⋯ ,𝑚                               

        max
𝜃∈𝑇

min
𝑧

max
𝑗∈𝐽

𝑔𝑗(𝑑, 𝑧,𝜃) ≤ 0                            

 

 

minimize
𝑑,𝑧

 𝑓1 𝑑, 𝑧,𝜃 , 𝑓2, … , 𝑓𝑛                                                 

         subject to  𝑔𝑗 𝑑, 𝑧, 𝜃 ≤ 0                                                                
max
𝑗∈𝐽

𝑔𝑗(𝑑, 𝑧,𝜃) ≤ 0                        
 

 

minimize
𝑑,𝑧

  𝑬 𝑓1 𝑑, 𝑧, 𝜃𝑖 ,𝑬 𝑓2 , … ,𝑬[𝑓𝑛]                                  

   subject to  𝑔𝑗 𝑑, 𝑧, 𝜃𝑖 ≤ 0,                                                            
∀𝑖 = 1,2,⋯ ,𝑚                          

      max
𝜃∈𝑇

max
𝑗∈𝐽

𝑔𝑗 𝑑, 𝑧,𝜃 ≤ 0                            

 

 

8. Halemane, K.P., & Grossmann, I.E. (1983). “Optimal Process Design Under Uncertainty.” AlChe Journal, 29(3), pp. 
425-433.  

Decision Support System  

Presenter
Presentation Notes
Mathematical formulations are given for Deterministic, Passive Robust, and Active Robust optimizations.For each one, we show here the multi-objective formulation, indicated by the functions f1, f2, through fn.The design variables, d, most clearly correspond to the offline mission planning results from the framework, shown at the bottom right.The operational variables, z, are solved for during the online active robust optimization.And theta, the uncertain parameters, correspond to the incoming sensor dataNote, that “T” is the set of all outcomes, 𝜃 𝑖  of the uncertain parameter.And that J is the  index set of the constraint vector gThese  𝜃 𝑖  , the realizations of uncertainty are analogous to sensor data in the DDDAS framework.My assuming a range of values for them, we can perform Active Robust Optimization to find optimal mission configurations (d).Once the sensor data has been collected, and real values are known, then the operational variables (z) can be solved with certainty.
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Illustrative Application  

18 

• Pre-flight design (𝑑) 
– Payload on  wings 

• In-flight control (𝑧) 
– Flaps along wing 

• Objectives (𝑓(𝑑, 𝑧,𝜃)) 
– Maximize Payload 
– Minimize absolute deviation from target lift 

• Constraint (𝑔 𝑑, 𝑧,𝜃 ) 
– Stress below acceptable threshold 

• Uncertain wind speed (𝜃) 
Fowler flap 

9. “Flap (Aeronautics)” Wikipedia: The Free Encyclopedia. Wikimedia Foundation, Inc.  <Available on 
https://en.wikipedia.org/wiki/Flap_(aeronautics)> [Last Accessed on January 12, 2016]  

Presenter
Presentation Notes
To illustrate active robust optimization, we apply it to a simplified system. We have an aircraft about to embark on a mission, and it is being prepared with payloads of variable weight at 5 fixed locations on each wing, which is our design variable. During flight the only operational variables available are 2 Fowler flaps along the wing allowing chord-wise extension in order to increase lift. Given a target lift, the two objectives are to maximize �the payload being carried, and minimize the deviation of net lift (generated lift minus payload) from a set target lift. The only constraint is that the stress on the wings must not exceed some limit. The uncertain parameter considered is wind speed over the wings with uncertain speed representative of gusts of air. [+/- 14% uncertainty (30 +/- 5 m/s)]
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Illustrative Application: Results 
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Presenter
Presentation Notes
(Top Left) Because we have multiple objective functions, our results are displayed as Pareto Frontiers in the top left plot. (Here, the solutions are being driven to the top left corner). 	Deterministic Optimization carries the most weight and predicts the smallest deviation, then we have Active Robust with a smaller payload and greater deviation, and finally Robust. 	For the best comparison, we select one value for total payload (indicated by the black line and dots in the figure) from the pareto frontiers and compare the resulting performance. (Top Right) We can see the payloads in the top right, and how the different optimization methods divided the weight up among the 5 payload locations. (Bottom) At the very bottom, we have the wind speed over the wings (corresponding to our sensor data).(Middle) The middle plot shows the deviation in target lift over time. The curves are clearly influenced by the air speed. 	The Deterministic approach (in red), which predicted the best results is the only one which has broken black lines, indicating infeasible operation as the wing stress constraint is violated.	The robust solution (in blue) is feasible at all time, but performs the worst at maintaining a constant lift. 	The Active Robust solution however is also feasible everywhere and shows the best performance of the three techniqueTimes:Deterministic: 		36.0 secondsPassive Robust: 	108.0 secondsActive Robust 		3440.4 seconds(note) anywhere that the deterministic solution (red) is not visible it is behind the Active robust solution (green)Simulation done using a look up table from http://airfoiltools.com/polar/details?polar=xf-n0012-il-100000On a NACA 0012 airfoilUsing XFOIL Version 6.96
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Concluding Remarks 
• During the first 6 months,  

– Constructed a preliminary DDDAS framework for decision 
support system: co-simulation capabilities and optimization 
under uncertainty could have useful roles to play 

– Developed co-simulation capabilities for joined wing model 
(e.g., SensorCraft) using a GPU accelerated aero-elastic 
simulator: this approach has applicability to other flexible aircraft 
systems and allows for integration with different dynamical 
systems 

– Extended existing active robust optimization research to 
multi-objective optimization: framework shown to have 
relevance to DDDAS 
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Future Plans 
– 1st Year: Combine and further develop already 

existing aero-elastic computational abilities to 
develop a multi-fidelity, aero-elastic model 
• Continue efforts on multiple fidelity meta-models 

and include these models in optimization component 
– 2nd Year: Create offline stability envelopes based on 

multi-fidelity aero-elastic modeling capabilities 
– 3rd Year: Combine multi-fidelity, aero-elastic model 

with active robust optimization in decision support 
system 
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