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Overview - Intelligent Contingency Management (ICM)
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* I. M. Gregory et al., “Intelligent contingency management for urban air mobility,” in AIAA Scitech 2021 Forum, 
2021. doi: 10.2514/6.2021-1000
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Overview – Loss of Control Detection

Previous Work
• Demonstrated an ability to distinguish operational control 

conditions from loss-of-control (LOC) conditions using a 
conditional variational autoencoder (CVAE)

• Characterized the algorithm for Gated Recurrent Unit (GRU) and 
Long-Term Short-Term Memory (LSTM) architectures

• The most significant of CVAE anomalies (dips in reconstruction 
probability) indicates an LOC disturbance signal

• Large shifts in the latent space indicate movement toward 
envelope limits
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Flight Envelopes and Loss-of-Control
*Wilborn, J., & Foster, J. (2004, August). Defining commercial transport loss-of-control: A quantitative 
approach. In AIAA atmospheric flight mechanics conference and exhibit (p. 4811).

𝑡𝑡
* N. H. Campbell, J. A. Grauer, and I. M. Gregory, “Loss of control detection for commercial transport aircraft using 

conditional variational autoencoders,” in AIAA Scitech 2021 Forum, 2021. doi: 10.2514/6.2021-0778
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Design Optimization of Neural Networks for Aerospace Applications

Objective
Apply Design of Experiments 
(DOE) analyses to characterize 
neural network architectural 
choices for LOC and envelope 
limit detection

newton.h.campbell@nasa.gov03/2021 5

Baseline Neural 
Network Architecture 

Apply NN 
architecture factors 
for experimentation

Investigate effects of 
changing NN factors 
on LOC and Envelope 

Limit Detection
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LOC Detection through Reconstruction Probability
𝑿𝑿𝒕𝒕: Vector of measurements from on-board sensors
�𝑿𝑿𝒕𝒕: CVAE Reconstruction of measurements
Reconstruction Probability (for 𝐿𝐿 reconstructions) 

𝑅𝑅 𝑿𝑿 �𝑿𝑿 [𝑡𝑡] = 𝐸𝐸𝑄𝑄𝜑𝜑 𝑧𝑧𝑡𝑡 𝑿𝑿𝑡𝑡 , 𝑐𝑐 log𝑃𝑃𝜃𝜃 𝑿𝑿𝑡𝑡 𝑧𝑧𝑡𝑡 , 𝑐𝑐 ≈
1
𝐿𝐿�
𝑙𝑙=1

𝐿𝐿

𝑒𝑒 �𝑿𝑿𝒕𝒕−𝑿𝑿𝒕𝒕
2

LOC anomaly threshold: 𝜏𝜏𝑅𝑅
LOC detection: 𝑅𝑅 𝑿𝑿 �𝑿𝑿 [𝑡𝑡] < 𝜏𝜏𝑅𝑅
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* N. H. Campbell, J. A. Grauer, and I. M. Gregory, “Loss of control detection for commercial transport aircraft using conditional variational autoencoders,” in AIAA Scitech 2021 Forum, 2021. doi: 10.2514/6.2021-0778
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Envelope Limit Detection through Gaussian Shift
𝜇𝜇𝑧𝑧𝑡𝑡: Means of the latent space at time 𝑡𝑡
𝜎𝜎𝑧𝑧𝑡𝑡: Standard deviations of the latent space at time 𝑡𝑡
KL-Divergence: How much information is lost when 
𝑧𝑧𝑡𝑡 is used to approximate 𝑧𝑧𝑡𝑡+1?
𝐷𝐷𝐾𝐾𝐾𝐾(𝑧𝑧𝑡𝑡|| )𝑧𝑧𝑡𝑡+1 =

1
2

log
𝜎𝜎𝑧𝑧𝑡𝑡+1
𝜎𝜎𝑧𝑧𝑡𝑡

− 𝑑𝑑 + tr 𝜎𝜎𝑧𝑧𝑡𝑡+1
−1 𝜎𝜎𝑧𝑧𝑡𝑡 + 𝜇𝜇𝑧𝑧𝑡𝑡+1 − 𝜇𝜇𝑧𝑧𝑡𝑡

𝑇𝑇𝜎𝜎𝑧𝑧𝑡𝑡+1
−1 𝜇𝜇𝑧𝑧𝑡𝑡+1 − 𝜇𝜇𝑧𝑧𝑡𝑡

JS-Divergence: How much information is lost when 
𝑧𝑧𝑡𝑡 is used to approximate 𝑧𝑧𝑡𝑡+1 or 𝑧𝑧𝑡𝑡+1 is used to 
approximate 𝑧𝑧𝑡𝑡?

𝐷𝐷𝐽𝐽𝐽𝐽(𝑧𝑧𝑡𝑡|| )𝑧𝑧𝑡𝑡+1 =
𝐷𝐷𝐾𝐾𝐾𝐾(𝑧𝑧𝑡𝑡|| )𝑧𝑧𝑡𝑡+1 + 𝐷𝐷𝐾𝐾𝐾𝐾(𝑧𝑧𝑡𝑡+1|| )𝑧𝑧𝑡𝑡

2
Envelope limit approach: 𝛻𝛻 𝐷𝐷𝐽𝐽𝐽𝐽(𝑧𝑧𝑡𝑡|| )𝑧𝑧𝑡𝑡+1 > 𝜏𝜏𝑧𝑧
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* N. H. Campbell, J. A. Grauer, and I. M. Gregory, “Loss of control detection for commercial transport aircraft 
using conditional variational autoencoders,” in AIAA Scitech 2021 Forum, 2021. doi: 10.2514/6.2021-0778
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Design of Experiments

Factors
Discrete
• 𝑥𝑥1: Layer Type (Gated Recurrent Unit, Long Short-Term 

Memory)
• 𝑥𝑥2: Activation Function (elu, linear, relu, selu, softplus, 

softsign, tanh)
• 𝑥𝑥3: Optimization Function (Adaptive Moment 

Estimation(ADAM), Stochastic Gradient Descent, Adadelta)
• 𝑥𝑥4: Dropout on intermediate layers(0,0.1)
Continuous
• 𝑥𝑥5: Number of epochs used in training
• 𝑥𝑥6: Final training loss measure 

𝐸𝐸𝑄𝑄𝜑𝜑(𝑧𝑧|𝑝𝑝) log𝑃𝑃𝜃𝜃 𝑧𝑧 𝑝𝑝, 𝑐𝑐 − 𝐷𝐷𝐾𝐾𝐾𝐾(𝑄𝑄𝜑𝜑(𝑧𝑧|𝑝𝑝, 𝑐𝑐)||𝑃𝑃𝜃𝜃(𝑧𝑧, 𝑐𝑐))

• 𝑥𝑥7: Final validation loss measure
𝐸𝐸𝑄𝑄𝜑𝜑(𝑧𝑧|𝑝𝑝) log𝑃𝑃𝜃𝜃 𝑧𝑧 𝑝𝑝, 𝑐𝑐 − 𝐷𝐷𝐾𝐾𝐾𝐾(𝑄𝑄𝜑𝜑(𝑧𝑧|𝑝𝑝, 𝑐𝑐)||𝑃𝑃𝜃𝜃(𝑧𝑧, 𝑐𝑐))

Responses (Outcomes)
• 𝑦𝑦1: Average KL Loss over all Flights (Low)
• 𝑦𝑦2: Average Reconstruction Loss over all Flights (Low)
• 𝑦𝑦3: Average KL Loss over Maneuvers (Low)
• 𝑦𝑦4: Average Reconstruction Loss over Maneuvers (Low)
• 𝑦𝑦5: Area of Intersection for Reconstruction Probabilities of 

Loss-Of-Control and Normal Flight Observations (Low)
• 𝑦𝑦6: Area of Intersection for Gaussian Shift of State Change 

and Normal Flight Observations (Low)
• 𝑦𝑦7: Balanced accuracy for reconstruction probability-based 

anomaly detection (High)
• 𝑦𝑦8: Difference in Average Reconstruction Probability for 

Loss-of-Control observations and Normal observations 
(High)

• 𝑦𝑦9: Difference in Average value of gradient of Jenson-
Shannon distance when entering or exiting an envelope 
and average value with no envelope state change  (High)

Number of Observations: 𝟖𝟖𝟖𝟖 = 𝟐𝟐𝟐𝟐 × 𝟕𝟕 × 𝟑𝟑Purpose: Determine the effect of neural network architectural decisions 
and necessary training on conditional variational inference of commercial 
transport loss-of-control and state change.

*Text in green indicates preferred value for belief state 
detection
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*Montgomery, D. C. (2017). Design and analysis of experiments. John Wiley & Sons.
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Design of Experiments

Factors
Discrete
• 𝑥𝑥1: Layer Type (Gated Recurrent Unit, Long Short-Term 

Memory)
• 𝑥𝑥2: Activation Function (elu, linear, relu, selu, softplus, 

softsign, tanh)
• 𝑥𝑥3: Optimization Function (Adaptive Moment 

Estimation(ADAM), Stochastic Gradient Descent, Adadelta)
• 𝑥𝑥4: Dropout on intermediate layers(0,0.1)
Continuous
• 𝑥𝑥5: Number of epochs used in training
• 𝑥𝑥6: Final training loss measure 

𝐸𝐸𝑄𝑄𝜑𝜑(𝑧𝑧|𝑝𝑝) log𝑃𝑃𝜃𝜃 𝑧𝑧 𝑝𝑝, 𝑐𝑐 − 𝐷𝐷𝐾𝐾𝐾𝐾(𝑄𝑄𝜑𝜑(𝑧𝑧|𝑝𝑝, 𝑐𝑐)||𝑃𝑃𝜃𝜃(𝑧𝑧, 𝑐𝑐))

• 𝑥𝑥7: Final validation loss measure
𝐸𝐸𝑄𝑄𝜑𝜑(𝑧𝑧|𝑝𝑝) log𝑃𝑃𝜃𝜃 𝑧𝑧 𝑝𝑝, 𝑐𝑐 − 𝐷𝐷𝐾𝐾𝐾𝐾(𝑄𝑄𝜑𝜑(𝑧𝑧|𝑝𝑝, 𝑐𝑐)||𝑃𝑃𝜃𝜃(𝑧𝑧, 𝑐𝑐))

Purpose: Determine the effect of Hyperparameters and necessary 
training on conditional variational inference of commercial transport 
loss-of-control and state change.

𝒙𝒙𝟏𝟏

𝒙𝒙𝟏𝟏

𝒙𝒙𝟐𝟐 𝒙𝒙𝟐𝟐

𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃: 𝒙𝒙𝟒𝟒

𝒙𝒙𝟏𝟏

𝒙𝒙𝟐𝟐 𝒙𝒙𝟐𝟐

𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃: 𝒙𝒙𝟒𝟒
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Design of Experiments

Responses (Outcomes)
• 𝑦𝑦1: Average KL Loss over all Flights (Low)
• 𝑦𝑦2: Average Reconstruction Loss over all Flights (Low)
• 𝑦𝑦3: Average KL Loss over Maneuvers (Low)
• 𝑦𝑦4: Average Reconstruction Loss over Maneuvers (Low)
• 𝑦𝑦5: Area of Intersection for Reconstruction Probabilities of 

Loss-Of-Control and Normal Flight Observations (Low)
• 𝑦𝑦6: Area of Intersection for Gaussian Shift of State Change 

and Normal Flight Observations (Low)
• 𝑦𝑦7: Balanced accuracy for reconstruction probability-based 

anomaly detection (High)
• 𝑦𝑦8: Difference in Average Reconstruction Probability for 

Loss-of-Control observations and Normal observations 
(High)

• 𝑦𝑦9: Difference in Average value of gradient of Jenson-
Shannon distance when entering or exiting an envelope 
and average value with no envelope state change  (High)

*Text in green indicates preferred value for belief state 
detection
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Running the Experiments

• Trained on 46 independent flights, 
validated on 12 flights

• Training for maximum of 10,000 
epochs
• Early stopping if validation loss does not 

decrease over 1,000 epochs

• One NVIDIA Tesla K40 GPU per 
Experiment
• NASA Langley Research Center K-

Cluster
• NASA Langley Research Center OCIO 

Database MySQL DB

LaRC K-Cluster

T-2 Flight Data

Experiment
Inputs/Outputs

Experiment
Inputs

Design Expert, Python, R

Interactions

Outliers

Analysis Laptop

Data Storage

Experiments
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Analysis Methodology

Model the template specified in NIST/SEMATECH e-Handbook of Statistical Methods Section 5.4.7.3 for response surface 
modeling:
1. Fit the full model to response 𝑦𝑦𝑖𝑖 .
2. Use stepwise regression, forward selection, or backward elimination to identify important variables.
3. When selecting variables for inclusion in the model, follow the hierarchy principle and keep all main effects that are 

part of significant higher-order terms or interactions, even if the main effect p-value is larger than you would like .
4. Generate diagnostic residual plots for the model selected.

a) Histograms, box plots, normal plots, etc.
5. Examine the fitted model plot, interaction plots, and ANOVA statistics 

a) R2, adjusted R2, lack-of-fit test, etc.
6. Use contour plots of the response surface to explore the effect of changing factor levels on the response.
7. Repeat all the above steps for the second response variable.
8. After satisfactory models have been fit to both responses, you can overlay the surface contours for both responses.
9. Find optimal factor settings.

12newton.h.campbell@nasa.gov03/2021
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Analysis – Latent Space Variance

𝑦𝑦1: Average KL Loss over All Missions
𝑦𝑦3: Average KL Loss over Specific Maneuvers

GRU LSTM
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Top Interaction:
Activation and 
Training Parameters

Training:
Outcomes have smooth 
relationship with training 
loss function and epochs

DOE Insight

SELUs
demonstrate 
robust reliability

Latent space learning 
for our T-2 flights 
architecture is stable 
under CVAE

mailto:newton.h.campbell@nasa.gov


Analysis – Reconstruction Probability Loss during Training
𝑦𝑦2: Average Reconstruction Loss over all Flights
𝑦𝑦4: Average Reconstruction Loss over Maneuvers
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DOE Insight

Largest outliers
- Softplus activation
- SGD Optimization

LSTMs average better 
reconstruction loss 
than GRUs
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Analysis – LOC Detection Performance

𝑦𝑦5: Area of Intersection for Reconstruction Probabilities of Loss-Of-
Control and Normal Flight Observations
𝑦𝑦7: Balanced accuracy for reconstruction probability-based anomaly 
detection
𝑦𝑦8: Difference in Average Reconstruction Probability for Loss-of-Control 
observations and Normal observations

15newton.h.campbell@nasa.gov
03/2021

DOE Insights

GRU LSTM

LO
C/

O
C 

IN
TE

RS
EC

TI
O

N
LO

C/
O

C 
DI

FF
ER

EN
CE

OPTIMIZATION ACTIVATION

Activation and 
optimization are 
key parameters

ELU-based activation 
is most consistent

Adadelta optimization 
is most consistent
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Analysis – Envelope Limit Detection Performance

• 𝑦𝑦6: Area of Intersection for Gaussian Shift of State Change and Normal Flight Observations
• 𝑦𝑦9: Difference in Average value of gradient of Jenson-Shannon distance when entering or exiting 

an envelope and average value with no envelope state change 
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Outliers are GRU-based
Larger latent space 
variance for GRUs is 
higher



Architectural Recommendations from DOE Analysis

• Recommendations for distinguishing LOC from non-LOC observations (Avg
Adj. R-squared: 0.759)
– Activation Function: elu, relu, selu, tanh
– Optimization Function: Adam

• Recommendations for determining that the vehicle is approaching envelope 
limits (Avg Adj. R-squared: 0.911)
– Activation Function: elu, selu
– Optimization Function: Adadelta

• Additional recommendations for other factors in paper



Conclusions

• Template specified in NIST/SEMATECH e-Handbook of Statistical Methods 
Section 5.4.7.3 for response surface modeling

• Demonstrated use of DOE in design optimization of neural network 
architecture for aerospace engineering (first study)

• Future studies:​
– Screening study for all architectural factors prior to response surface study​
– Repeated experimentation to account for random weight initialization​
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