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Unsteady wing loading from tufts CASTRD

Angle of attack 15° and Reynolds number 400,000

BW image
with final tufts

Encode
force data in
to tuft motion

tuft angle cosine tuft angle sine
(chordwise flow) (spanwise flow)
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Simultaneous force measurements synchronised with tuft visualisations



Unsteady wing loading from tufis

tuft angle cosine
(chordwise flow)
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tuft angle sine
(spanwise flow)
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Mean comes from
Potential flow model or
steady lift/moment data

Deviations from ML model
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Unsteady wing loading from tufts ASTRI?

Angle of attack 17° and Reynolds number 500,000

Decode tuft motion to
infer force/moment data
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Fully autonomous
Cruising speed of 0.6 m/s
Turns in place

At speed circle ~0.5L

How is this possible?
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Identify manoeuvres from drag to thrust
Drag state (and vice-versa)
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Optimisation
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Surrogate model for loads with various kinematics...

Numerical data for .
multiple start/end states L7s
with a given manoeuvre 1
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Surrogate model for loads with various kinematics...
NumeI’ICCﬂ dOTO fOI’ Houte candldq;es
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multiple start/end states L7s
with a given manoeuvre 1
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Optimisation
Surrogate model for loads with various kinematics...
NumeI’ICCﬂ dOTO fOI’ 2,00 l-soute candidate.s
multiple start/end states - : ;
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Optimisation ASTRO

Surrogate model for loads with various kinematics...

Numerical data for
multiple start/end states —
with a given manoeuvre ~—

ﬁ = f(C,,U) .
dt L ' -

U - Kinematics
Vortex information

Lasso U =g(h,h,h,0,0,0)

Al@) = 0.5m
| SINDy (Brunton et al. 2016)
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Surrogate model for loads with various kinematics...
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Use this model to generate vt
power efficient manoeuvres
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Power efficient manoeuvres
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Power efficient manoeuvres

Two stages:
1. “Wait"” or slow phase change

2. Accelerate phase - at the right fime
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How about this in robots?
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Experimental implementation

Two stages:

1. “Wait"” or slow phase change
2. Accelerate phase - at the right fime
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This whole chain now automated
IN our new experiments...
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Takeaways...
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[ Need suitable formulations ]

THANK YOU!

g.bharath@soton.ac.uk
http://www.bharath-lab.org/
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