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Introduction
Autonomous fly-by-feel vehicles

Smart Wing

Sensing

Flight State Identification

Results

Features
In this problem, a large feature pool from both the time and frequency domains
is created to obtain enough useful information from the raw signal data.
Time Domain

Frequency Domain

In the time domain, 25 statistical features are
calculated including 12 commonly used features
and 13 un-dimensional features: t1–t12 can reflect
the vibration amplitude and energy while t13–t25
can represent the series distribution of the signal
in the time domain.

In the frequency domain (after Fast Fourier
Transform on the original time domain data), 13
statistical features are selected: f1 can indicate
the vibration energy in the frequency domain. f2–4,
f6, f10–13 can describe the convergence of the
spectrum power. f5, f7–9 can show the position
change of the main frequency.

Models

Diagnostics

We split total data into 80%, 10%, and 10% for training, validation, and test dataset
respectively. There are 4,743 training samples, 522 validation samples and 522
test samples.

𝑇

Motivated by the supreme flight skills of birds, a new concept called “fly-by-feel”
(FBF) has been proposed to develop the next generation of intelligent aircrafts. To
achieve this goal, Stanford Structures and Composites Lab (SACL) has developed
a smart wing which embeds a multifunctional sensor network on the surface layup
of the wing [1].
By leveraging the structural vibration signals recorded from Piezoelectric Sensors
in the sensor network under a series of wind tunnel tests with different flight states
(i.e., different angles of attack and different airflow velocities), we have developed
a data-driven approach for identifying the flight state of this smart wing. We
applied supervised learning models to establish the mapping from the feature
space to the practical state space. Compared with previous study [2], we have
successfully improved the identification accuracy with a airflow velocity resolution
from originally 3 m/s to 0.5 m/s under the same angle of attack (AoA).

Data

Goal: minimize misclassification rate σ𝑚=1 σ𝑥𝑖 ∈𝑅𝑚 1(𝑦𝑖 ≠ 𝑦𝑅
ො 𝑚)
Decision Tree
The Gini index:
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Random Forest

SVM
Objective function:
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One typical raw data from the piezoelectric sensor under the flight state (Angle of
Attack: 5 degrees and Airflow Velocity: 25 m/s):
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subject to
𝑦𝑖 (𝛽0 + 𝜔 ∙ 𝑥𝑖 ) ≥ 1 − 𝜀𝑖 for all 𝑖 = 1, … , 𝑛,
𝜀𝑖 ≥ 0 for 𝑖 = 1, … , 𝑛.
Neural network
Softmax:
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Discussion and Future Work
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Categorical cross-entropy:
1
𝐶 = − [𝑦 ln 𝑎 + ( 1 − 𝑦) ln(1 − 𝑎)]
𝑛

1. Results of the decision tree algorithm indicate that mean and standard
deviation of signal magnitudes and power spectrum are key features.
When velocity interval becomes smaller, features from different
sensors are required to guarantee higher classification performance.
2. Linear models work well with manually designed features. Feature
selection improves linear separability of the data.
3. The Convolutional Neural Network shows comparable performance by
feeding in only standardized signal segments. It is demonstrated that
the Convolutional Neural Network can be trained to capture important
features from the original signal directly.

Future Work
We are going to develop a regression model in the following 6 months.
Discretized flight state has constrained application if the resolution is not
sufficient, and high resolution requirement with limited data also poses
difficulties for classification. We hope to train a regression model to
provide an accurate estimate of the flight state, for example “AoA: 9.8°,
airflow velocity: 24.3 m/s”, which would be more of practical use than
specifying an approximate range of AoA and velocity.

𝑥

Convolutional Neural Network Architecture:
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