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Introduction

Three Sensor Location

Forebody

@ Three aerothermal sensors colocated on backshell.
MTB02 MTBO08 MTB09
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Introduction

Three Sensor Location

Forebody

\ @ Three aerothermal sensors colocated on backshell.
! MTB02 MTB08 TBO09

Rl

Backshell

e MTBO02: SLA-561V sensor plug — in depth thermocouple
measurements.

o MTBO08: Heat flux gauge — direct measurement of total
heat flux.

o MTBO09: Radiometer (heat flux gauge behind sapphire
window) — isolates the radiative heating.
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Introduction

Two Sensor Location

Forebody

@ Two aerothermal sensors colocated on backshell.
MTBO1 MTBO07
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Introduction

Two Sensor Location

Forebody

@ Two aerothermal sensors colocated on backshell.
MTBO1 MTBO07

e MTBO01: SLA-561V sensor plug — in depth thermocouple
measurements.
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Introduction

Two Sensor Location

Forebody

@ Two aerothermal sensors colocated on backshell.
MTBO1 MTBO07

e MTBO01: SLA-561V sensor plug — in depth thermocouple
measurements.

o MTBO7: Heat flux gauge — direct measurement of total
heat flux.
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Sensor Fusion Problem

o SLA-561V sensor plug
e Surface temperature and heating derived from inverse analysis
based on material response models.
e Derived measurements are subject to modeling errors.

Develop a framework for processing all three measurement sources simultaneously,
considering the various sources of measurement errors.
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Sensor Fusion Problem

o SLA-561V sensor plug

e Surface temperature and heating derived from inverse analysis
based on material response models.
e Derived measurements are subject to modeling errors.
@ Heat flux gauge

e Copper housing acts as a heat sink.
e Cold wall heat flux measurement.

Develop a framework for processing all three measurement sources simultaneously,
considering the various sources of measurement errors.
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Sensor Fusion Problem

o SLA-561V sensor plug

e Surface temperature and heating derived from inverse analysis
based on material response models.
e Derived measurements are subject to modeling errors.

@ Heat flux gauge

e Copper housing acts as a heat sink.
e Cold wall heat flux measurement.

@ Radiometer

e Measurement is subject to attenuation due to ablation products
depositing on the sapphire window.

Develop a framework for processing all three measurement sources simultaneously,
considering the various sources of measurement errors.
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Introduction

Kalman Filtering

Kalman Filtering' is a statistical algorithm for state estimation using measurements
through time.

1R. E. Kalman. Journal of Basic Engineering 82.1 (1960), pp. 35-45.
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Introduction

Kalman Filtering

Kalman Filtering' is a statistical algorithm for state estimation using measurements
through time.

@ Also known as linear quadratic estimation.

@ Produces estimates of unknown states which can be more accurate than single
measurements.

@ Useful when many noisy measurements are present and the best estimation of some
states are desired.

Prior knowledge Py ; :;d;::i:::tgep
‘0' state Xk-1lk=1  physical model

Next timestep PW —1

kek+1 Xklk-1

t '

Pu Update step Measurements
5% , ~<—Compare prediction <—

!

Output estimate
» of state

Source: Gufosowa (2019)

to measurements Vi | -

Source: Newell, Virginia E
(1981)

1R. E. Kalman. Journal of Basic Engineering 82.1 (1960), pp. 35-45.
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Kalman Filtering Algorithm

Time Update (Predict)

Built Matlab program to Kalman filter a © Project the state ahead

general set of measurements/processes. - .
X = AXk—1+ Buk_1
@ Project error covariance

ahead

Py = AP1AT +Q

Measurement Update (Correct)
@ Compute the Kalman Gain
Ki = P HT(HP, HT+R)™!

@ Update estimate with
] measurement <

S = R+ Kz — HD)

© Update error covariance

Pe= (I — KkH)P,~
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Time Update (Predict)
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general set of measurements/processes. o
X = AXk—1+ Buk_1

@ x: State vector ? . .
@ Project error covariance
@ z: Measurement vector ahead
- T
e u: Controls vector P, =AP_1A" +Q

Measurement Update (Correct)
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Kalman Filtering Algorithm

Time Update (Predict)

Built Matlab program to Kalman filter a © Project the state ahead

general set of measurements/processes. o
X = AXk—1+ Buk_1

@ x: State vector > : .

@ Project error covariance
@ z: Measurement vector ahead

- T
e u: Controls vector P =AP 1A +Q
o A: Transient state relation matrix
e B: Controls relation matrix Measurement Update (Correct)
@ H: Measurement relation matrix @ Compute the Kalman Gain
. . — T — T -1
@ Q: Process noise matrix Ki =P H' (HP, H +R)
@ R: Measurement noise matrix || © Update estimate with l
measurement
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© Update error covariance
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Kalman Filtering Algorithm

Time Update (Predict)

Built Matlab program to Kalman filter a © Project the state ahead

general set of measurements/processes. o
X = AXk—1+ Buk_1

@ x: State vector > : .

@ Project error covariance
@ z: Measurement vector ahead

- T
e u: Controls vector P =AP 1A +Q
o A: Transient state relation matrix
e B: Controls relation matrix Measurement Update (Correct)
@ H: Measurement relation matrix @ Compute the Kalman Gain
. . — T — T -1
@ Q: Process noise matrix Ki =P H' (HP, H +R)
@ R: Measurement noise matrix || © Update estimate with l
measurement

For a nonlinear system the extended Kalman
filter is required, where A = ag(:) and

H — 2hx) © Update error covariance
o Pe = (I — KH)P,

S = R+ Kz — HD)

Tyler D. Stoffel (UK) MEDLI2 Data Fusion: Kalman Filtering August 11, 2022



MEDLI2 Process Model

Three Sensor Location

Filter model:
x = f(x,t) + Bu
7 900
el 800 _
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MEDLI2 Process Model

Three Sensor Location

Filter model:
x = f(x,t) + Bu

~

Convective/radiative heating correlations:
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MEDLI2 Process Model

Three Sensor Location

Filter model:
x = f(x,t) + Bu
. I . . 7 900
Convective/radiative heating correlations: —
el 800 _
g-=A pB‘ Ve §5 700%
cE = £
B c b g‘ 4 600 —é
— 2 7D =
gr = Ar(pco)™ (pcos)" T Es 500 &
] 5]
. = [=%
Surface temperature based on energy balance without =2 4005
g
blowing or ablation: =1 300
0 200

T=q (gc + @2qr) — aicsk <T4 — cff)

Process model:

0 1 0

@ x3: Convective heat rate g: 0 0 1
@ x2: Radiative heat rate T g T 0 O
@ x3: Surface temperature x=|x|, u=|7, f=10f, B=1]0 0
s ar 0 0 0

@ x4 — x7: Multiplicative error X 0 0 o
states X7 0 0 0
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MEDLI2 Measurement Model

Three Sensor Location

Measurements:
@ yi: Surface temperature derived from TC plug
inverse analysis
@ y»: Heat rate derived from TC plug inverse analysis
@ y3: Total heat rate measurement from heat flux
gauge
@ y;: Radiative heating component from radiometer

o o o~

- N

Heat flux (yo,y3,44) [W/cm?]
w »

o

50 100 150
Time [s]

o

2]J. Monk et al. AIAA SciTech 2022 Forum. 2022, p. 0549.
3R. A. Miller et al. 2018 Joint Thermophysics and Heat Transfer Conference. 2018, p. 3590.
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MEDLI2 Measurement Model

Three Sensor Location

Measurements:
@ yi: Surface temperature derived from TC plug
inverse analysis
@ y»: Heat rate derived from TC plug inverse analysis
@ y3: Total heat rate measurement from heat flux
gauge
@ y;: Radiative heating component from radiometer

TmTBO2 X4x3
X5 (x1 + ox
y= | o2 | _ s (xa+cx) | h(x,c)
GMTBOS X6 (c5x1 + Cox2)
Gr,MTB09 Crx7X2

2]J. Monk et al. AIAA SciTech 2022 Forum. 2022, p. 0549.

Heat flux (yo,ys,44) [W/cm?]
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3R. A. Miller et al. 2018 Joint Thermophysics and Heat Transfer Conference. 2018, p. 3590.
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MEDLI2 Measurement Model

Three Sensor Location

Measurements:

@ yi: Surface temperature derived from TC plug
inverse analysis

@ y»: Heat rate derived from TC plug inverse analysis

~

o o

@ y3: Total heat rate measurement from heat flux
gauge
@ y;: Radiative heating component from radiometer

Now B

Heat flux (yo,ys,44) [W/cm?]

TmTBO2 X4x3 1
x5 (x1 + 2
y= | o2 | _ s (xa+cx) | h(x,c) ol ‘ ‘
adMTBO0S X6 (C5X1 + CﬁXQ) 0 50 . 100 150
9r,MTBO9 crxrxe Time [s
Parameters:
@ ci: Inverse of thermal conductivity.? @ c5: Cold wall heat flux correction factor.3
@ ¢p: SLA-561V radiative absorption . .
ciefficient P @ ¢5: Heat flux gauge radiative absorption
) L coefficient.
@ c3: Surface emissivity.
@ cy: Freestream temperature. @ ¢7: Radiometer view factor.

2]J. Monk et al. AIAA SciTech 2022 Forum. 2022, p. 0549.
3R. A. Miller et al. 2018 Joint Thermophysics and Heat Transfer Conference. 2018, p. 3590.
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MEDLI2 Process Model

Two Sensor Location

Filter model:
x = f(x, t) + Bu ; 000
Convective/radiative heating correlations: Fel 800
B =5 700 ~
— c c - )
gc = AcpV T4 600 5
- =}
B Cr D 3} 500 &
qr = Ar (pco)”™ (pcoz) " T 5 g
&2 400 &
. = <o
Surface temperature based on energy balance without %, 300
blowing or ablation:

o
N}
o
S

150

T=a(ge+ @q) - aak (T4 - cff)

Process model:

@ xi: Convective heat rate qc 0 1 0
@ xo: Radiative heat rate ar . O 0 1
_|T dc f T B_ |0 O

@ x3: Surface temperature X= |l ¥ ar | =1lol> =10 o
@ x4 — xp: Multiplicative error X5 0 0 0
states X6 0 0 0
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MEDLI2 Measurement Model

Two Sensor Location

Measurements: 7 900
@ y1: Surface temperature derived from TC plug 5o 800
inverse analysis P 700:5
@ y»: Heat rate derived from TC plug inverse analysis 24 600 5
@ y3: Total heat rate measurement from heat flux %3 500§
gauge E2 400 &
*_j O
Tureo X4X3 E4 300"
y = |aguteor | = | % (x1 + c2x2) | = h(x,c) o 200
qMTBO7 X6 (csx1 + c6x2) 150
Parameters:
@ c1: Inverse of thermal conductivity.* @ cy: Freestream temperature.
@ c: SLA-561V radiative absorption @ c5: Cold wall heat flux correction factor.®
coefficient. @ ¢5: Heat flux gauge radiative absorption
@ c3: Surface emissivity. coefficient.

4J. Monk et al. AIAA SciTech 2022 Forum. 2022, p. 0549.
5R. A. Miller et al. 2018 Joint Thermophysics and Heat Transfer Conference. 2018, p. 3590.
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Aerothermal State Estimates

Three Sensor Location

. Filter estimate Predicted
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Figure: States predicted by the filter model and the filtered result.
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Measurement Residuals

Three Sensor Location

Residual
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Figure: Measurement residuals.
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Radiometer Attenuation Estimation

——Filter Estimate
— — Filter 30

—— Prediction

= = Prediction Uncertainty

Ablation Products Multiplier

TvTBO02 X4x3
_|awtBo2 | _ | (1 +ex) | _ h(x, c)
Y= | aureos |~ [x6 (s + o) | T VO 05
qr,MTB09 CrX7X2
0 ‘ ‘
0 50 100 150

Time [g]

Figure: Filter estimate of ablation products
blockage factor.

SR. A. Miller et al. AIAA SciTech 2022 Forum. 2022, p. 0551.
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Radiometer Attenuation Estimation

——Filter Estimate
— — Filter 30

—— Prediction

= = Prediction Uncertainty

Ablation Products Multiplier
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Figure: Filter estimate of ablation products
blockage factor.

SR. A. Miller et al. AIAA SciTech 2022 Forum. 2022, p. 0551.
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Radiometer Attenuation Estimation

——Filter Estimate
— — Filter 30

—— Prediction

= = Prediction Uncertainty

Ablation Products Multiplier

TvTBO02 Xax3
_awteoe | _ | satax) | h(x, c)
y= gMTBOS X6 (C5X1 + C6X2) - ’ 0.5
9rMT809
0
0

Time [g]

Figure: Filter estimate of ablation products
blockage factor.

@ Ablation products blockage factor x; compares well with predictions by Miller et al.®

SR. A. Miller et al. AIAA SciTech 2022 Forum. 2022, p. 0551.
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Radiometer Attenuation Estimation

——Filter Estimate
— — Filter 30

—— Prediction

= = Prediction Uncertainty

Ablation Products Multiplier

TvTBO02 Xax3
_ | avTBo2 X (x1+cxe) | h(x, c)
y= guTeos | | X6 (C5X1 + C6X2) - ’ 0.5
rMTB09
0
0

Time [g]
Figure: Filter estimate of ablation products
blockage factor.

@ Ablation products blockage factor x; compares well with predictions by Miller et al.®

@ Up to ~60% loss in radiometer signal at the end of entry sequence.

SR. A. Miller et al. AIAA SciTech 2022 Forum. 2022, p. 0551.
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Aerothermal State Estimate

Two Sensor Location
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Figure: States predicted by the filter model and the filtered result.
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Conclusions \'\:/P/

Conclusions:

@ Developed a Kalman filter framework which blends aerothermal measurement data
of different types of sensors.

o Filtering approach applied to a location with three colocated sensors and another
with two colocated sensors.

@ Overall results show higher peak heating than predicted by previous correlations.

o Filter predicted an estimate of radiometer blockage due to ablation products
comparable to previous predictions.
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Conclusions \'\:/P/

Conclusions:

@ Developed a Kalman filter framework which blends aerothermal measurement data
of different types of sensors.

o Filtering approach applied to a location with three colocated sensors and another
with two colocated sensors.

@ Overall results show higher peak heating than predicted by previous correlations.

o Filter predicted an estimate of radiometer blockage due to ablation products
comparable to previous predictions.

Future work:
o Further investigate cold wall correction factor.

@ Develop future applications of this approach for aerothermal problems.
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MEDLI2 Flight Data

Three Sensor Location

Measured Predicted
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Figure: Measurements made by the instrumentation and predicted by the filter model.
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MEDLI2 Flight Data

Two Sensor Location

Measured Predicted
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Figure: Measurements made by the instrumentation and predicted by the filter model.
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Measurement Residuals

Two Sensor Location

Residual 30 Bounds
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Figure: Measurement residuals.
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