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LEO Imaging in Maui

« The Air Force Maui Optical and Supercomputing (AMOS) site produces resolved images of
LEO Satellites

« 3.6-m telescope on Mt. Haleakala (10k feet)
« Confounded by varied viewing geometries and turbulence conditions
» Turbulence mitigation includes adaptive optics (AO) and various algorithms
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Presenter Notes
Presentation Notes
I work with Boeing and the Air Force at the Air Force Maui Optical and Supercomputer site (AMOS) which is home to the 3.6-m AEOS telescope on Mt Haleakala. Here, we look up into space with our telescope, and collect lots of images, including resolved images of LEO satellites.
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I work with Boeing and the Air Force at the Air Force Maui Optical and Supercomputer site (AMOS) which is home to the 3.6-m AEOS telescope
on Mt Haleakala. Here, we look up into space with our telescope, and collect lots of images, including resolved images of LEO satellites.
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+ 3.6-m telescope on Mt. Haleakala (10k feet)
« Confounded by varied viewing geometries and turbulence conditions
« Turbulence mitigation includes adaptive optics (AO) and various algorithms
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Representative Seeing Conditions

Poor (r, = 10cm) Average (r, = 15cm)

Pristine (no turbulence)

Good (ry = 25cm) Exceptional (r, = 40cm) Typical AO (r, = 80cm)
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Presenter Notes
Presentation Notes
And to get a sense of how much the turbulence and adaptive optics can affect image quality, lets take a look at some example images. So on the left here, we have a render of the hubble space telescope in the absence of any turbulence. Throughout this presentation, I’ll be using the term pristine to refer to these original images without any turbulence. and I’ll refer to the turbulent images by their r0 number in terms of centimeters, r0 is just a quantifiable way to measure the level of blurriness in an image. 

Now on the right here, we have the same render of HST, but with turbulence. We have the same image with a r0 at 10cm, which is representative of images taken at AEOS telescope on days with poor seeing conditions. Then we have r0 of 15cm, equivalent to an Average day, r0 of 25cm- a good day, r0 of 40cm – an exceptional day, and finally r0 of 80cm – which represents images taken from AEOS telescope after typical application of Adaptive Optics. 

As you can tell, these images can get pretty difficult to decipher, and especially when collecting large volumes of images, gathering information from these images can become very difficult and increasingly susceptible to error. 
 
One such task of gathering information is the task of semantic segmentation of satellites,  And for those who are unfamiliar with sematic segmentation – a quick crash course…
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And to get a sense of how much the turbulence and adaptive optics can affect image quality, lets take a look at some example images. So on the
left here, we have a render of the hubble space telescope in the absence of any turbulence. Throughout this presentation, I'll be using the term
pristine to refer to these original images without any turbulence. and I'll refer to the turbulent images by their r0 number in terms of centimeters,
r0 is just a quantifiable way to measure the level of blurriness in an image.

Now on the right here, we have the same render of HST, but with turbulence. We have the same image with a r0 at 10cm, which is representative
of images taken at AEOS telescope on days with poor seeing conditions. Then we have r0 of 15cm, equivalent to an Average day, r0 of 25cm- a
good day, r0 of 40cm — an exceptional day, and finally r0 of 80cm — which represents images taken from AEOS telescope after typical application
of Adaptive Optics.

As you can tell, these images can get pretty difficult to decipher, and especially when collecting large volumes of images, gathering information
from these images can become very difficult and increasingly susceptible to error.

One such task of gathering information is the task of semantic segmentation of satellites, And for those who are unfamiliar with sematic

segmentation — a quick crash course...
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Presentation Notes
Semantic segmentation is taking an image that has different components, like sky, tree, cat, cow, etc. and identifying which parts of the image belong to each component.  For this study, we wanted to see if we could transfer this task over to images of satellites to identify which parts of the images were the different components of the satellite such as bus, solar panel, antenna, payload, etc. This can be very helpful for a number of applications including providing health and status of a satellite, or understanding its behavior.
 
With the pristine images, this might not be too hard. By eye, we can roughly produce a segmentation, but with turbulent images, this becomes much, much harder. And for either turbulent or pristine images, semantics segmentation becomes very tedious with large volumes of images. However, semantic segmentation of images in other fields such as biology and even day-to-day applications has seen revolutionary improvements through convolutional neural networks, a machine learning technique. So we wanted to apply CNN to semantic segmentation of satellites as well. 

So now that we know our starting point and our end goal, how did we get from point A (a bunch of images of satellites) to point B (machine learning model that could semantically segment them)? 





AFRL

Page: 4

Semantic Segmentation

Approved for public release: distribution unlimited.

o Author: Presenter Notes Subject: Presentation Notes Date: 12/8/2022 1:38:47 PM
Semantic segmentation is taking an image that has different components, like sky, tree, cat, cow, etc. and identifying which parts of the image
belong to each component. For this study, we wanted to see if we could transfer this task over to images of satellites to identify which parts of
the images were the different components of the satellite such as bus, solar panel, antenna, payload, etc. This can be very helpful for a number of
applications including providing health and status of a satellite, or understanding its behavior.

With the pristine images, this might not be too hard. By eye, we can roughly produce a segmentation, but with turbulent images, this becomes
much, much harder. And for either turbulent or pristine images, semantics segmentation becomes very tedious with large volumes of images.
However, semantic segmentation of images in other fields such as biology and even day-to-day applications has seen revolutionary
improvements through convolutional neural networks, a machine learning technique. So we wanted to apply CNN to semantic segmentation of
satellites as well.

So now that we know our starting point and our end goal, how did we get from point A (a bunch of images of satellites) to point B (machine
learning model that could semantically segment them)?
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Experiment Outline

e Scenario A: Single Satellite, No Turbulence- Established a baseline

* Scenario B: Single Satellite, Single Turbulence Level—Evaluate performance in
turbulence

e Scenario C: Single Satellite, Multi Turbulence Level—Increase generalizability by
training a model using the full range of turbulence levels

* Scenario D: Reproducibility with Hubble
* Scenario E: Generalizing Poses

* Scenario F: Multiple Satellites— Finally we attempted to create a model which
can generalize across satellites
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Presentation Notes
We broke the problem down into a few stages, starting with the simplest task and moving on to the most difficult. In the simplest task, we trained our machine learning model with pristine images of one satellite from different angles. This helped us establish a baseline of performance for how much the model could learn. 

After that, we upped the ante a bit and added in turbulence, but kept it relatively simple for the model by training a model for each turbulence level to simply test whether the model could segment turbulent images. 

For the next scenario, we gave the model a harder task, training it with images of the satellite at all the different turbulence levels. The goal was to create a model that could generalize across the spectrum of turbulence. 

And as a bit of an intermission, we verified our results that we saw with our first satellite by running the same tests with HST. 

We also verified that the machine learning models were learning to segment the images across any position, even a new position, rather than mapping to the “most similar” image from the training set. 

Finally, we attempted to create a model which could generalize across all satellites. 

So how did these experiments turn out? Did the models do a good job? 
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We broke the problem down into a few stages, starting with the simplest task and moving on to the most difficult. In the simplest task, we
trained our machine learning model with pristine images of one satellite from different angles. This helped us establish a baseline of performance
for how much the model could learn.

After that, we upped the ante a bit and added in turbulence, but kept it relatively simple for the model by training a model for each turbulence
level to simply test whether the model could segment turbulent images.

For the next scenario, we gave the model a harder task, training it with images of the satellite at all the different turbulence levels. The goal was
to create a model that could generalize across the spectrum of turbulence.

And as a bit of an intermission, we verified our results that we saw with our first satellite by running the same tests with HST.

We also verified that the machine learning models were learning to segment the images across any position, even a new position, rather than
mapping to the “most similar” image from the training set.

Finally, we attempted to create a model which could generalize across all satellites.

So how did these experiments turn out? Did the models do a good job?
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Presentation Notes
Well first, let’s define what a good job is.

For our study, we used three metrics to measure how well a model was performing at semantic segmentation. F1 score also known as the Dice coefficient, Intersection over Union (IoU) and Pixel Accuracy. 
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Well first, let’s define what a good job is.

For our study, we used three metrics to measure how well a model was performing at semantic segmentation. F1 score also known as the Dice
coefficient, Intersection over Union (loU) and Pixel Accuracy.
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Scenario A/B: Single Turbulence Levels
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Presentation Notes
The performance of the models generally decreases as the difference increases in r0 value for the train and test sets. For models trained and tested on the same turbulence level, performance clearly worsened as turbulence levels increased
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The performance of the models generally decreases as the difference increases in r0 value for the train and test sets. For models trained and
tested on the same turbulence level, performance clearly worsened as turbulence levels increased

Scenario A/B: Single Turbulence Levels

Training ro (cm)

Pristine 80 40 25 15 10
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Presentation Notes
The model trained on all turbulence levels consistently performs better than the model trained at single turbulence level. Furthermore, the models trained on multiple turbulence levels continued to learn even at the later epochs while the models trained on single turbulence levels leveled off towards the latter half of training. This indicates that the model trained on all turbulence levels could have seen even better performance if it had been trained with more epochs or a higher learning rate. The model trained on single turbulence levels could have also benefited from further regularization.
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The model trained on all turbulence levels consistently performs better than the model trained at single turbulence level. Furthermore, the
models trained on multiple turbulence levels continued to learn even at the later epochs while the models trained on single turbulence levels
leveled off towards the latter half of training. This indicates that the model trained on all turbulence levels could have seen even better
performance if it had been trained with more epochs or a higher learning rate. The model trained on single turbulence levels could have also
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Presentation Notes
Ok so, we can segment across turbulence levels, but because our training data was randomly selected from a uniform distribution of viewing angles, we wanted to make sure that the model was for sure learning how to segment these images of the satellite we were giving it rather just creating a giant lookup table to the closest image in the training set. 

So what we did was pick a “target image” in the set of images, and find the 200 most similar images to that image from the dataset (each dataset consisted of approximately 10,000 images from a uniform distribution of discrete viewing angles). And we measured “similarity between images” using our standard F1 metric.

We held out these 200 images, and trained the model on the remaining images. In other words, the model was only able to train off images that were very different from the target test image. It was the same satellite and the same turbulence, but different poses. 

We then tested on the trained model on these 200 held out images, and the model was able to semantically segment the images at effectively the same performance as the models trained on the completely random selection. 

As you can see in the plots on the right, the F1 scores being plotted for each turbulence level is nearly identical for the two lines. The performance is nearly identical, so we can conclude that the model isn’t just looking for the most similar image from the test dataset, it’s actually segmenting the images. 
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Ok so, we can segment across turbulence levels, but because our training data was randomly selected from a uniform distribution of viewing
angles, we wanted to make sure that the model was for sure learning how to segment these images of the satellite we were giving it rather just
creating a giant lookup table to the closest image in the training set.

So what we did was pick a “target image” in the set of images, and find the 200 most similar images to that image from the dataset (each dataset
consisted of approximately 10,000 images from a uniform distribution of discrete viewing angles). And we measured “similarity between images”
using our standard F1 metric.

We held out these 200 images, and trained the model on the remaining images. In other words, the model was only able to train off images that
were very different from the target test image. It was the same satellite and the same turbulence, but different poses.

We then tested on the trained model on these 200 held out images, and the model was able to semantically segment the images at effectively
the same performance as the models trained on the completely random selection.

As you can see in the plots on the right, the F1 scores being plotted for each turbulence level is nearly identical for the two lines. The
AFRL performance is nearly identical, so we can conclude that the model isn't just looking for the most similar image from the test dataset, it's actually
segmenting the images.
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Scenario F: Multiple Satellites (Boxsat vs Hubble)
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Scenario F: Multiple Satellites (COBE vs Hubble)
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Scenario F: Multiple Satellites

Test rg (cm)
Pristine 30 40
All Hub. All Hub. All Hub.
Pristine || 0.67, 0.64, 1.00 0.45,0.39,0.97 | 0.11,0.08, 0.36 0.10, 0.07,0.40 | 0.10, 0.07, 0.34 0.09, 0.07, 0.37
2| 80cm 0.36, 0.30,0.93 0.27,0.23,0.93 | 0.60, 0.55,0.99 0.41,0.36,0.96 | 0.54, 0.48,0.97 0.39, 0.33, 0.95
2 40cm 0.28,0.22,0.85 0.22,0.18, 0.87 | 0.55,0.50,0.98 0.37,0.32,0.96 | 0.58,0.53,0.99 0.39, 0.33, 0.96
% 25¢m 0.27,0.22,0.89 0.18,0.16,0.90 | 0.45,0.39,0.95 0.31,0.26,0.94 | 0.52,0.46,0.97 0.35, 0.30, 0.95
= | 15cm 0.20, 0.16,0.84 0.17,0.15,0.89 | 0.26,0.21,0.89 0.19,0.17,0.90 | 0.37,0.30,0.93 0.24, 0.21, 0.92
10cm 0.21,0.18,0.87 0.18,0.16,0.90 | 0.19,0.16,0.87 0.16,0.15,0.90 | 0.22,0.18, 0.88 0.17, 0.16, 0.90
25 15 10
All Hub. All Hub. All Hub.
Pristine || 0.10, 0.06, 0.31 0.09, 0.06, 0.33 | 0.08, 0.05,0.25 0.07,0.04,0.22 | 0.07,0.04, 0.16 0.05, 0.03, 0.11
2| 80cm 0.44,0.38,0.94 0.32,0.27,0.91 | 0.29,0.23,0.83 0.25,0.21,0.85 | 0.21,0.17,0.77  0.21, 0.18, 0.83
2 40cm 0.52,0.46,0.97 0.36,0.30,0.94 | 0.36,0.30,0.80 0.29,0.24,0.89 | 0.27,0.21, 0.81 0.25, 0.20, 0.84
% 25¢m 0.55,0.50,0.98 0.37,0.31,0.95 | 0.45,0.39,0.94 0.32,0.27,0.92 | 0.31,0.25,0.84 0.27,0.22, 0.86
= | 15cm 0.45,0.39,0.95 0.30,0.25,0.93 | 0.52,0.47,0.98 0.32,0.27,0.94 | 0.41,0.34,0.92 0.29, 0.24, 0.90
10cm 0.28,0.23,0.90 0.19,0.17,0.90 | 0.41,0.34,0.94 0.25,0.21,0.92 | 0.49,0.44,0.97 0.29, 0.24, 0.92
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Conclusion

* The overall performance of these experiments has shown that semantic segmentation of ground-based
images of LEO satellites through turbulence is viable using a convolutional neural network approach.

* We have shown that a U-Net approach for this semantic segmentation task can segment images through a
wide range of atmospheric turbulence levels.

* We have also shown that the network can segment multiple different satellites.

 Future work:

 Incorporate procedural satellite generation for better regularization and avoid overfitting to just
the satellites within the training dataset

« Unique conditions such as glints, smear, and jitter
* Real images

THE AIR FORCE RESEARCH LABORATORY
Approved for public release: distribution unlimited.



AFRL

Acknowledgements

The authors would like to thank the Air Force Research Laboratory (AFRL) for supporting this
effort. The views, opinions, and/or findings expressed here are those of the author(s) and should

not be interpreted as representing the official views or policies of the Department of Defense or
the U.S. Government.

RRRRRRRRRRRRRRRRRRRRRRRRRRRRR

Approved for public release: distribution unlimited.



= . i (] L - = e A e ; S % _ 0 i 3 .
RESEARCH LABORATORY *- - - iy T 7 = o 5 & T 5 : ; i i 5 =
; Approved for publicrelease: distribution unfirhited. .©, .. . -« | - 5% Fidhs G .
. . e : . = L te 2 e . . = €5 i | 3 e
R . - . % £ » ¥ ] {2 o . 4 i X - % v 5 o L . o 2 T

THE AIR FORCE



THE AIR FORCE

RESEARCH LABORATORY
7 .

release: distribution 'uniimited. i

v

Approved

forpublic

‘
r

.




Input
Image

256x256

AFRL

CNN Architecture: U-Net

3 %2 % RN
Qutput
P (D] | > | Segmentation
. Map
[(=] [(=] LOE [(=] [(o] [(=]
el el [To 1 el w el
(o] (o] (a1 (a1 (%] (a1
&l | & &8 |8 |&
[Tel D [Tel} [Te] [fy] [Tel
U O oL e L N N N
32 64 64 64 64 64
o 2 | " 2
ol [ ~ ! ™ ~
R 1X % = N [
&l & ) &' ) &
) I oS B o S g Is
N4
64 128 128 = Conv 3x3, ReLU + Dropout
= Dropout + Conv 3x3, RelLU
=D = => Conv 3x3, ReLU
S [ S <% Max Pool 2x2
o[ g ©
Up-Conv 2x2
-» Copy and Concat

Conv 1x1, Softmax

3 32 32
Input :
Image ul
D) (D)
[T T
SIS
WO [Wf @
U I
oul el el
&
32 64 64
D
o) a0 (2%
o e I
X |x (%
ol | oo ol |
oo da
64
]
=
.

128

3232 32 32 6

i Output
P e & i o A * Segmentatiﬂﬂ
w | || [w| |wl |« Map
! |6 |0 |6 [
S S
[1=]] [Xu] B [ Iy U] e
! | (n] o o (1
oL el el ] el el
64 B4 64
'_> *
28] (o)
3] I
s
- o @
88
128

128

= BN + Conv 3x3, ReLU

2 Conv 3x3. ReLU + BN

o Conv 3x3, RelLU

< Max Pool 2x2
Up-Conv 2%2

-* Copy and Concat
Conv 1x1, Softmax

THE AIR FORCE RESEARCH LABORATORY

Approved for public release: distribution unlimited.




AFRL

Pristine

F1=0.95, loU=0.92

F1=0.81, loU=0.75, P

80cm

F1=0.87. lou=0.82, PA=0.99

F ] =) .'-*-1- loU=0.77 =

F1=0.77, loU=0.73, PA=1.00

THE AIR FORCE RESEARCH LABORATORY

F1=0.85, loU=0.78, PA=0.99

0.74, PA=0.99

25cm

F1=0.83, loU=0.76, PA=0.99

F1=0.77, loU=0.69, PA=0.99

F1=0.78,

Approved for public release: distribution unlimited.

F1=0.75, loU=0.70, PA=0.99

F1=0.69, loU=0.62, PA=0.98

F1=0.72, loU=0.65, PA=(

10cm

F1=0.81, lou=0.74, PA=0.99

F1=0.76, loU=0.6

9, PA=I

).9

9




AFRL

Pristine n - L i 10cm

F1=0.70, loU=0 A, 3 F1=0.73, loU=0.67, PA=0 9¢ F1=0.67, loU=0.60, PA=I F1=0.66, loU=0.58, PA=0.98 F1=0.59, loU=050, PA=( F1=0.62, loU=054, PA=0 98

MightySat

0.53, PA=0.99 F1=0.61, loU=058, PA=1.00 F1=0.55, loU=0.51, PA=0.99 F1=0.54, loU=0.50, PA=0.99 F1=050, loU=0.46, PA=098 F1=0.53, loU=0.48, PA=099

F1=0.67, loU=0.59, PA=( F1=0.75, loU=0.69, PA=0 F1=0.64, loU=0.57, PA=098 F1=0.62, loU=0.55, PA=0.98 F1=0.57, loU=0.50, PA=0.97 F1=0.61, loU=0.53, PA=0.99
THE AIR FORCE RESEARCH LABORATORY

Approved for public release: distribution unlimited.




	Semantic Segmentation of Low Earth Orbit Satellites�using Convolutional Neural Networks�
	LEO Imaging in Maui
	Representative Seeing Conditions
	Semantic Segmentation
	Experiment Outline
	Network Metrics
	Scenario A/B: Single Turbulence Levels
	Scenario A
	Scenario C: All turbulence Levels
	Scenario B vs C: Trained on single turbulence level vs All 
	Scenario E: Generalizing Poses
	Scenario F: Multiple Satellites (Boxsat vs Hubble)
	Slide Number 13
	Scenario F: Multiple Satellites
	Conclusion
	Acknowledgements
	Q/A
	Backup
	CNN Architecture: U-Net
	Slide Number 20
	Slide Number 21
	50258 OPSEC DOCS - Unlimited Distribution Report Cover Page.pdf
	Mark Skibinski et al.
	Final Report
	AIR FORCE RESEARCH LABORATORY
	Directed Energy or Space Vehicles Directorate
	3550 Aberdeen Ave SE
	AIR FORCE MATERIEL COMMAND
	KIRTLAND AIR FORCE BASE, NM 87117-5776




