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Introduction
Challenges Addressed

—

« How can we cope with the level of
uncertainty in a reusable launch
mission?

T-00:00:02

STARSHIP FLIGHT TEST

« Can we really trust Al for that task?

Bos8iown Dynamics

DEG-CMS-SUPSCO03-PRE-12-E © Copyright DEIMOS 2
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https://www.linkedin.com/company/deimos-space
https://twitter.com/ElecnorDeimos

elechor

A LEADING GLOBAL PLAYER

& L © 9 4

RENEWABLE ENERGY & NEW
g NEERING - IgRARRUCTERE ENERGY ENVIRONMENT TECHNOLOGIES

More than

2450 M€ of More tan More than 14,000
Turnover in 60 years of 50 Employees
2020 expertise Countries around the

world

deimos



deimos

TECHNOLOGY COMPANY OF THE ELECNOR GROUP

u _J
INDUSTRY & TELECOM &
SPACE AERONAUTICS MARITIME TRANSPORT UTILITIES MEDIA

More than More than >400
500 20 Highly-
High-tech Years of qualified

projects expertise staff
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FOUNDED IN SPAIN IN 2001
NATIONAL AND INTERNATIONAL EXPANSION

"

Shareholder of ORBEX, private launch
services company

Deimos Spacg

PORTUGAL ¢
(2003) }
Deimos Engenharia

. S
deimos



Capabilities to lead a
complete space
mission

—~
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SPACE AREAS

1‘y . 3 _y _ «

SPACE SCIENCE SATELLITE EARTH SPACE LAUNCHERS
& NAVIGATION OBSERVATION SITUATIONAL
EXPLORATION AWARENESS

Expertise across the entire value chain in satellite systems
Deimos technology is present in more than 60 satellites

PHASE 0 PHASE A PHASE B PHASE C/D PHASE E USER

DEFINITION DESIGN DEVELOPMENT LAUNCH APPLICATIONS
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SATELLITE SYSTEMS

DEIMOS-1

First Spanish Earth Observation

Satellite

Copernicus contributing mission

Operated by Deimos Imaging

CHARACTERISTICS

Optical
Resolution: 22 m
Coverage: 600 km

DEIMOS-2

Integrated and tested at Deimos
Satellite Systems premises

Operated by Deimos Imaging

APPLICATIONS

Crop yield prediction
Emergency response
Maritime surveillance

CHARACTERISTICS

Optical Multispectral
Resolution: 75 cm
Coverage: 12 km

LAUNCH

July 2009

APPLICATIONS

Intelligence
Emergency response
Urban planning

LAUNCH

June 2014
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Orbex \
Prime Launcher GNC W1 RBEAX

DEIMOS Flight Systems responsible for
« Mission Analysis
A Guidance, Navigation, and Control for all flight phases
HE « Ascent phase (up to 80 km)
&1 | . Orbital phase (including circularization burn

!\ maneuvers, safe modes implementation, etc.)
GNC Failure, Detection, Isolation, and Recovery (FDIR)

*9
(]

i

Image credits: Og‘r;b[ex G
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« How can we cope with the level of uncertainty in a reusable launch
mission?
« Can we really trust Al for that task?

¥

AI4GNC: Artificial intelligence techniques for
GNC design, implementation, and verification

15



AI4GNC e
Consortium dEImOS

- DEIMOS Engenharia @
» Overall project coordination
« ESA-i4GNC framework development

« Application to the DRL case study
« Overall software implementation of the tool

« INESC-ID
- Literature review, trade-off analysis and Al-based GNC
design support

L ) . INESC-ID IS TAsC  SZ= unp N DEIMOs SN
« Contribution for topics such as adaptive control and . L [ L1 @w&
- - ystems
reinforcement learning control @inexid W e =
lisboa LUND dg:m%sn

« TASC
+ Responsible for the robust+ML modelling and V&V techniques, inc. the study cases consolidation and test plan
« Support the selection of the study cases, as well as the implementation of the algorithms

« LUND
« Contribute with state-of-the-art knowledge on analytic robustness and convergence guarantees (e.g. Integral Quadratic
Constraints (IQCs)), especially in the presence on nonlinearities, e.g. NNs

- DEIMOS Engineering Systems

« ML/AI techniques development for embedded GNC systems, inc. the learning and simulation approach and associated
simulator

DEG-CMS-SUPSCO03-PRE-12-E © Copyright DEIMOS 1 6



AI4GNC
Scope and Goals of the Activity

Goal 1: Implement ESA-iGNC, an Al-based GNC E2E
design & analysis framework for layered architectures

= Cover the GNC system modeling, design and V&V process as per the
SoW

= Supported by efficient optimization algorithms and formal
mathematical techniques

= Ensuring robustness, performance, convergence, and explainable
results

Goal 2: Exploit recent advances in control and Al

* Revisit the theory and techniques developed in the last two decades,
including, but not limited to, fields such as 1QCs, robust control,
adaptive control, safe and robust reinforcement learning, and system
identification

® |ncrease autonomy through onboard intelligence

Goal 3: Perform Trade-off analyses

= Different concepts to be considered, including full dedicated design
architectures and augmentation strategies for already-existing control
architectures

= Trade-off the offline design effort with the online real-time
implementation requirements

DEG-CMS-SUPSCO03-PRE-12-E

© Copyright DEIMOS

Goal 4: Evaluate the proposed Al-based GNC design
and V&V tool in a representative benchmark
+ Define the criteria to sleect the benchmark

» Derive study cases and apply the tool to those
* Apply the tool to the benchmark

17




AI_‘"GNC Benchmark selected /.Q_'/
Building Blocks and implemented deimos

// Compressed —
e ——

SenS|ng for LFTS Robust Design and Analysis '
Frameworks Scenario Models
. L (&) | |
Successive convexification R v v L Simulator
ili Technlques Simulation
and ability to use many (

optimization toolboxes o

—_— / implemented

Requirements I=- @ Requirements’

Training

Requirements

,,,,,,,,, =
for RLV mission @D @) \
@ Gudarce & =) Requirements

™ STL-based for RLV mission
analysis

RL GL“dance & —— % Implementation
deep-RL e — | —
integrated G&C

Navigation &
Control

= NN verification implemented,
including IQC-based

LBMPC
& LBKF

— - — — — Visualization

uning @ fools
o iy Visualization tools

\ ;
Training process and S k —‘—@ML ‘ for the simulator
AI/M L/RL n lethOdS — Algorithms

and the AI/ML/RL
Simulation

_ implemented
implemented Datasets Results Compressed P
DEG-CMS-SUPSC03-PRE-12-E © Copyright DEIMOS sen S| N g fo r L FTS 18
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ESA-14GNC
(Enhanced Safe AI for GNC)
Framework



ESA-i4GNC - Design Framework
Framework definition

—

ESA-i4GNC tool

 Implement the architecture in a systematic
and structured manner

« Allow the implementation of diverse
algorithms: model-based & data-driven

 Requirements satisfaction

« Support and manage models with different
levels of fidelity/complexity

« Object-Oriented Programming (OOP)

DEG-CMS-SUPSC03-PRE-12-E © Copyright DEIMOS

\

DESIGN

Training

o

Navigation &
Control
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ESA-i4GNC - Design Framework

Framework definition

—

\

Framework
Legend
nPlant
D Aggregation ol:l I:"E;Jg:;p Plant simulator ‘
(is-part-of) data namelD="RLV_8DOF_RETALT'
D Inheritance Dl:l model plantPath
(is-a-kind-of) reqguirements parameters
e simMadelPath - data s FES ‘
lantModelPath
D fl=as) D framework(...) P
D Association D runSim(...) Plant(...)
(is-related-ta) runMCsimi...} plot(}
) componentList(...) plotMC() [——=> ATB ‘
I:I main classes plantList(...) generateData|...)
example algorithms SRl i
to be implemented ERIREI.. )
f openSim(...}
__________________________ 4
1.* T
Analysis Component Al
data LIy Tdata
maodel RS Vdata
compType I
e simModel procDatal...}
runfnalysis(...) runDesign(...)
setter(...)
MVM Modelling
perfFlags model
data
checkReq...}
actvFlags(...) Guidance ControlNav validation(...)
etModell. ..
refTraj parameters g b
TF
checkTraj(...)
getTF(...}

i

| onin somer |

DEG-CMS-SUPSCO03-PRE-12-E

© Copyright DEIMOS
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ESA-i4GNC - Design Framework
Framework definition

:

i cid PH
CTRL_mode

Ref_tr

GUI_ref_att_act

—-{ _T_
CTRL_to_GUI_act {
—...E

™
CTRL_status.

CTRL act

DEG-CMS-SUPSCO03-PRE-12-E

MVM_PH
MNAY_mode -T-
D—D NAV_status
GUI_mode 46
D—b GUI_status
CTRL_mode —o< -T-
-T- CTRL_status
- Engine_mode |——»—]
[ Vi
MM
- Gui_PH N
-T- GUI_mode -
GUI_status —b< -T-
———»|Rel Ifj
D—D CTRL_to_GUI_act
GUI_ref_att_act —E
D—D NAV_state_est
W A
Guidance

Y T XYY

NAV_status —DE
MNAV _state_est| —DE

NAV_state_ast CTRL_to_RCS
i Z
Controller
Nav_PH
NAV_mode
Measurements
[ Z
Navigation

© Copyright DEIMOS
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Caontrol

Plant_PH

sua—+(

Plant
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ESA-i4GNC - Designh Framework N

. . . . = = . u y
Libraries and additional functionalities delmos
/ \ e
Additional functionalities: Libraries:
« esaidgnc_install: installs the tool by adding the CVX
necessary files to the MATLAB path ’
-« MPT 3.0

« esaidgnc_clean: cleans the tool by removing all the
unnecessary files generated while running the tool « S-TaLiRo Runtime Verification

h lprij, ...
(cache, slprj,...) . M2HTML

« autoDoc_ESAi4GNC: automatically documents the tool . RL Coach
using the M2HTML tool, generating HTML files
« Other Python |libraries, e.qg.
« Profiler: provides the profile execution time when o
initializing tool and running any simulation juliacall

DEG-CMS-SUPSCO03-PRE-12-E © Copyright DEIMOS 23



ESA-i4GNC - Design Framework
Examples

Profiler

Profile Summary
Generated 20-Jun-2022 17.05:00 using performance time.
Function Name

Framework. Framework >Framework. runSim

run

Plant=Plant. plot
Plots

EEVCEES
general\private\saveasfig
savefig

sf_sfun (MEX-filz)
sfprivate

FigFile write
coxeprivate

sf (MEX-ile)

sta_..ow\private\error_check_current_dir

sta._wiprivate\set_autoinheritance_info

L Acompilerman>compute_compiler_info

stateflow\private\compilerman
coxe\private\compilerman

erman>get_selected_compiler_config

_Agenerate_code_for_charts_and_machine

coder\private\construct_module
stateflow\private\targetman
stateflow\privatelinfomatman
ESAMGNC_CaseStudy2
stateflow\private\targetman>code_method
stateflow\private\infomatman>save_method

coderprivate\cornpute_chart_infarmation

sta...teltaraetman=method nao wrabper

DEG-CMS-SUPSCO03-PRE-12-E
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7564

27
37

Total Time = Self Time* Total Time Plot

18.705 s

9018 =

(dark band = self time)
5424 s E——

nnaa e —

s03 ESAI4GNC_CaseStudy2 (Calls: 1, Time: 1.053 s)

8.02
578
577
577
222
2.08
1.88
168
1.62
1.61

1.60
1.58
157
157
1.56
1.10
1.08
1.05
1.05

1.05

1.05

1.04
1.03
1.03

Generated 20-Jun-2022 17:05:42 using performance time.

script in file D\Wsers\jobbVAIAGNC _jobb\ESA-IMGNC_too\ESA-MGNC_git\TutoriaNESA4GNC_CaseStudy2.m

Copy to new window for comparing multiple runs

Refresh

Show busy lines
Show Code Analyzer results Show file coverage

Show parent functions

Parents (calling functions)
No parent

Lines where the most time was spent

Line Mumber | Code

41 frm.runCompDesign(l, 2, [1): ...
3 frm.addComponent (' Gui_refTraj' ...
34 frm. addComponent (' Ctrl Alt RLY...
3E frm.componsntListi);

29 frm.plantlList () ;

All other lines

Totals

Children (called functions)
Function Name Function Type

Framewark. Framework>Framework Framework ~ class method

...Framework>Framework.runCompDesign class method

k.Framework=>Framework. addComponent class method

..Framework>Framework. componentList class method

Framewark. Framewaork>Framework. plantList class method

Framework. Frarmework > Framework runSim class method

Selftime (built-ing, overhead, etc.)

Totals

Show child functions

Show function listing

Calls  Total Time

1 0281s

1 0030s

1 0011s

1 0002s

1 0002s
0727 s
1.083 s

Calls | Total Time

1 0726 s
1 0.281s
2 0.040s
1 0.002 s
1 0.001 s
1 Os
0.002 s
1.083 s

% Time
26.7%
29%
1.0%
0.2%
0.1%
69.0%
100%

Time Plot
|

1

|

% Time | Time Plot

69.0%
2B.7%
3.8%
0.2%
0.1%
0%
0.2%
100%

_ —m

"

0S

deim

/

Auto-documentation

@ Web Browser - Matlzb Index

Matlab Index —+

5 B Location: file///Dx/Users/jobb/AMGNC jebb/ESA-HGNC_tool/ESA-HGNC_v&/AutoDoc_ESAGNC/indechtml

Matlab Directories

S S S S T

ESA-MGNC_vBIESA-4GNC\+ESAI4GNC
ESA-4GNC_vB8\ESA-i4GNC\+implementations'+Al
ESA-4GNC_v8\ESA-I4GNC'+Implementafions\+ControlNav
ESA-4GNC_v8\ESA-i4GNCH+Implementafions\+Guidance
ESA-4GNC_vB\ESA-i4GNCi+Implementafionsi+MVM
ESA-4GNC_v8\ESA-I4GNCi+Implementafions\+Modelling
ESA-4GNC_vB\ESA-i4GNC\@Framework
ESA-MGNC_vBIESA-4GNCILib
ESA4GNC_vBIESA-4GNCILIbINN
ESA-MGNC_vB\ESA-4GNC\Lib'RLCoach
ESA-4GNC_v8\ESA-i4GNCModels\Guidance'\Gui_SuccCovx
ESA-MGNC_vBIESA-4GNC'\Models\Plants'RLY_6DOF_Falcond
ESA-MGNC_v8IESA-4GNC\Models\Plants\RLV_6DOF_RETALT
ESA-4GNC_v8\Tutorial

ESA-MGNC_v8linstall

Matlab Files found in these Directories

A ESA4GNC_runPlantBCtri_main
AeroR ESAMGNC_runRCSPlant_main
Analysis FM_FT

BasicCtrl FM_FTR

Clguidance Framework

Component Gui_SuccCovx

ComputeFaR Gui_refTraj

ControlNav Guidance

Cirl_PID InstallRLCoach

Cir_RCS JacobianGDof_Tin_Complete_scaling1
Ctrl_shunt LinearMode!
ESAI4GNC_Gui_example1_main MVM
ESAI4GNC_Gui_example2_main MVM_phase
ESAI4GNC_Gui_example3_main MVM_staliro
ESAI4GNC_runDefPlant_main Modelling
ESAIGNC_runMCDefPlant_main NN

Matlab Index

NonLDynUEN
NonLDynUENR
OpthdofLanding
Plant

Plots

Plots

PlotsMC
PlotsMC
RLCoach
Thrust_Body
Thrust_BodyR
Weust

WGustR
autoDoc_ESAMGNC
checkCompanent
esaidgnc_clean

esaidgnc_install
euler2quat
flexible_modes
flexible_modesR
getCkptDir
installMatiabEngine
installMatlabEngine_CS3
install_mp3
quai2angle
quat2angleR
saveRun
setParameters
setParameters
setParameters_Gui

Generated on Wed 13-Jul-2022 14:44°54 by m2html © 2005

© Copyright DEIMOS
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ESA-i4GNC - Design Framework
MATLAB-Python interface — RL Python tool

L

[State, Reward, Done]

4 —

TCP/IP

TCP/IP

Action]

Copyright DEIMOS

25



. &
deimos

\ P

Benchmark



Benchmark .
Reusable Launch Vehicle deimos

/ \ e

Reusable Launch Vehicle

« Phases of interest: d |
2" stage to orbit
> First stage entry /‘T %
Return to BOOSTBACK
> Descent and precision landing launch site / “
scenario ent

/d ploym
/ — 3 =
/” ACS 2 Downrange

. . Fipover deployment \. e
« Focus was given to the demonstration of the / / oo, Landing

techniques and the ESA-i4GNC tool \ \
| AERSE‘AxgéArmc

PHASE
!

« Parameters from Falcon 9 and RETALT RLV, [ / l

although the techniques are applied to RETALT AN aomesum ’-\ :l
RLV: (

> Wind model

» Aerodynamic model

RETALT

https://www.retalt.eu/ e

© Copyright DEIMOS
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Benchmark . & y —
Selected Benchmark deimos

/7 \ -

Initial Conditions

« 6 DOF Landing Burn Scenario of a
9 m Position [m] Velocity [m/s] | Attitude [q] Anﬁg?;s\;el.
Reusable Launcher Vehicle (RETALT)

20334 [2874,-1288,-  [-189.9,151.3, [0.943, 0.006, 0,0, 0]
« Realistic Aerodynamics DB 82.2] 9.6] 0.018, -0.329] T
« Actuator (TVC) model “
« Wind model
« Flexible modes N ,\
[
A
. Baseline GNC: 1%t Stage features aue
. SCVX guidance B - RETALI
- 59300
« Ideal navigation
Propellant mass (incl. 621500
e PID controller descent propellant) [kg]
11453

DEG-CMS-SUPSCO03-PRE-12-E © Copyright DEIMOS 28



Benchmark

Proposed GNC Architecture

Reference
Trajectory

DEG-CMS-SUPSCO03-PRE-12-E

B
»

!
.

_ —m

d | | -
/
~ Reference attitude e s )
and actuation N = RCS
- - J
Gu Ida nce | Actua/ actuation ContrOI @ N
. » TVC/Engine
A A A A 7Y
GUI mode CON mode
4 Status
M V M & data
Status & data
Engine mode

\. _

Status

NAV mode & data

\ 4
4 N\
Estimated state . . Estimated state
Navigation
Position - \ - - % ) Altitude
Accelerations Air angles

“onss |[ mu ][ raps |[tmerer

© Copyright DEIMOS
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RLVs Challenges e “——
To Support the Case Studies Definition delmOS

/
RCS failure Main engine re-
tolerance ignition
Center of Aerodynamic
gravity fin failure
estimation detection
Attitude control
Trajectory F] .
ol e generation for o : A(;_rO(f:Iy.rI\amlc
the landing tml allure
phase olerance
& MCI estimation o/ _Thr:uster
| misalignment
Trajectory
tracking for the
aerodynamic
phase
Fuel sloshing @
: Inertia
Openon s e estimation
& during the flip
over before the
boostback burn
DEG-CMS-SUPSCO03-PRE-12-E © Copyright DEIMOS 30
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Case Studies /-—\_ -_
Definition of Baseline Case Studies delmos

/ \ e

RL-based adaptive control to regulate the attitude in response to disturbances

Case
Study #

RL-based adaptive control to regulate the trajectory in the aerodynamic phase with respect to the reference
trajectory

NN approximation of the QUEST algorithm for three axis attitude estimation from vector observation data
Sparse regression, compressed sensing, compressed learning and potential connections with LFT modelling
Learning-based model predictive control (LBMPC) for attitude control

IQC formalism for NN-based attitude control verification

7 Learning-based Kalman filtering for attitude estimation

Deep RL for trajectory tracking

elecnor group

DEG-CMS-SUPSCO03-PRE-12-E © Copyright DEIMOS 32
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deimos

In this presentation...

Deep RL for trajectory
tracking (Case Study #8)



Trade-offs
Learning approaches

—

Al/ML
Toolboxes &
Libraries

. &
deimos

/

TensorFlow

Deep
Learning
Libraries
I J
I |
MATLAB Deep
Learning PyTorch
Toolbox

RL Libraries

MATLAB RL
Toolbox

DEG-CMS-SUPSCO03-PRE-12-E

© Copyright DEIMOS

]
T 1 T
l Keras RL \ RL Coach l TFAgents \ TensorForce

Several algorithms available
Well documented

Open Source

34



Case Study #8 T,
Overview deimos

/ \ e

GOAL: Implementation of a Reinforcement Learning technique to address the G&C
problem for the landing phase of a RLV

« On-board solution P
. Address non linearities of the RLV dynamics O

_ Observation state " R Control commands
- Map sensors measurements to action commands N A

Implementation:
« RL Coach toolbox

« Agent: DDPG (Actor - Critic)

 Environment: RETALT landing simulator

Approach:
e Incremental 1D =» 2D =» 3D




Case Study #8 .
deimos

1 DoF scenario, simple case

//—— e

1D vertical landing problem =»

Reward 1 : -

DEG-CMS-SUPSCO03-PRE-12-E

Action = [Thrust]
Observation = [altitude, velocity]

v, — ve| — 1e 1% . Thrust + 30 - (x < 0.1 && |v,| < 2) + 80 - (x < 0.1 &&|v,| < 0.5) — 1000 - (x > x,) — 50 - (v, > 3)
|

Penalizati Penalizati Boolean conditions on landing conditions
enaliza |on. on Penalization on for positive reward
target velocity  thrust

{

Vi = 170(1 - e_tQO/S)

Thrust wagnitude profile

1500

500 -

Thrnst [kN|

tgo = X/ Uy

’ 0 5 10 15 20 25 30 35 40 45 0
i 5|

© Copyright DEIMOS



Case Study #8 /"_ b
2 DoF vertical scenario delmos

Action = [Thrust, gimbal angle]

2D vertical landing problem =» _ _
observation = [altitude, (v-Vt)vert, )‘
(V-Vt)horiz, yaw, omegayaw] o LN
 Hyperparameters setting I
Heat-up steps Training steps Steps btw Actor/Critic Actor/Critic :
evaluations Learning rate Batch size I

5000 120000 10 0.0005/0.005 68/68 0.9 0.1/1000

Reward :—|v, — v,| — le~7 - Thrust + 100 - (x < 0.1 && |v,| < 2) + 200 - (x < 0.1 &&|v, | < 0.5) — 100 - (x > x,) — 100 - (|yaw| > g) — |gimbalgeg|

Penalizationon  Penalization on Boolean conditions for positive reward Boolean conditions for negative reward
target velocity thrust
Position 20 107 TVC gimbal yaw 20 Speed
151 0
E_ 1or 20
T I 40
. | e A iU, [. )
0 10 20 30 40 50 60 70 80 g 60T
Time [s] -
1500 Thrust magnitude profile ,;.%‘ -BO [
100 [
% 1000
g 20 [
Z 500
g 140 |
08 ' : ' ' ‘ ‘ : ' 0 -160 - ‘ ‘ : :
0 10 20 30 0 50 60 70 80 0 10 20 3 40 50 80 70 80 0 0 - 0 0 . 0 0 a0
Time [s] Time [ Time <]

37
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Case Study #8

Application of the Techniques - 2D with rate limiters

—

State

Thrust

Gimbal yaw

NN

A Thrust I—'

=

A Gimbal yaw |—u

“ | =

—_— | |

« Control the action rates instead of the action

values

« The rates are integrated and feedback as input of

the NN

« Initial conditions, upper and lower bounds for the

integrators

« Penalization when the rate leads to violation of the

action bounds

R =

DEG-CMS-SUPSCO03-PRE-12-E

Position [km]

© Copyright DEIMOS

d -
Position
Speed
Up 200 -
East. 00
North
150
100 [
. s0f
T 0
&
=1
3
-50
-100
-150
70 200 . . ‘ . ‘
0 10 20 30 40 50 60 70
Time [s|
TVC gimbal yaw Traject
2.5
L L . L L L : 2
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Application of the Techniques — 3D with rate limiters
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Animation comparison de

Performance animation when considering the SCVX guidance:

Side view Side view
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Case Study #8
Animation comparison

Performance animation for the initial NN obtained:
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Case Study #8
Animation comparison

Performance animation for the final NN obtained:
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Verification results deimos

//— \ P,

« 97 %o success rate (970 out of 1000)

« All the failed runs are related to the horizontal

velocity

 Error always below 1.5 m/s
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Case Study #8
MC Comparison Analysis

. &
deimos

/

NN vyields better position accuracy

SCVX guidance re-computed each 5

sec better velocity accuracy

Neural Network Position accuracy [m]

\

This indicates we are reaching a

Fuel consumption [kg] 10304.019 158.48
3.957 1.4181

Velocity accuracy [m/s] 2.89694 0.44976
Fuel consumption [kg] 9763.39 69.13

Position accuracy [m] 8.7947 0.40740

Velocity accuracy [m/s] 1.54723 0.36812

Pareto optimal set, with Deep-RL
being a remarkable solution to the

problem

DEG-CMS-SUPSCO03-PRE-12-E © Copyright DEIMOS
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Case Study #8 /—'\_ b
Neural Network V&V with nn_robustness_analysis delmOS

/ \ e

« NN trained for the 1D scenario

« Original NN presented: [x.v — v;] — [Thrust] Original NN
. . X,V [x, v-v¢]
« NN trained to learn the observation state "7, | Led ] - Loel o] kool lretel ~ biead [
- NN trained to learn tanh activation fun. | i
Apgt;:):g::e Relu Linear] | Relu Tt
« Discrete time dynamics implemented

Approximate Tanh

e s(t+1)=As(t)+Bu(t)+C

: : . Concatenated NN
« Greedy Simulator Guided partitioner

« CROWN propagator
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Neural Network V&V: Preliminary Results de

/ \

100
* Blue dots: Dynamic propagation
0
i
« Boxes: Reachable set 2 1o |
3 Il
—200
« 200 propagator calls
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Case Study #8 /“_ b o
Neural Network V&V: Final Results dEImOS

/——’- \ e

« Smaller NN trained through supervised learning
with the previous concatenated NN

Layer Laver Tvpe | Activation e
Name L Function 5 100

Input Layer Linear RelLU 2 16 —125]

Hidden Linear RelLU 16 32 150

Layer

Output Linear None 32 1 1

La er 0 500 1000 1500 2001 2500
Altitude

-10

O
LG OOO OOO O O O OOO OO
O
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Case Study #8 /"_ b
Supervised Learning Approach delmos

/—- \ e

« Description: Supervised Learning approach to train a NN with demonstrations of the
optimal guidance

State Neural
. 3 hidden layers of 50 neurons each X BTN
« Hyperbolic tangent sigmoid activation :§§8:
« 10 thousand expert demonstrations
« 1 million datapoints 6-DoF Descent Guidance o
- Training with DAgger algorithm (Nonlinear Optimization JrnEien

Solver) Control
u

A

State profile
Initial condition Control Control

X0

profile

I_I_I

horizon

DEG-CMS-SUPSCO03-PRE-12-E © Copyright DEIMOS
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Supervised Learning Approach - Results de

//——

Comparison between expert guidance and NN output:

Descent Thrust (Body Frame) Vehicle Mass Descent Position (UEN Frame)
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Way Forward - Maturation Plan & Roadmap
Deep Reinforcement Learning G&C

—

Robustness to Wind
Robustness to initial conditions

Fuel Consumption

RL hyperparameters fine tuning

Extension of the convergence analysis
to the 3D scenario

Application scenarios
« In-Orbit Servicing (IOS)
+ Active Debris Removal (ADR)

\ ‘_—‘--/‘
DESIGN

POi ntS to i m p rove H ow to i m p rove (Decws:‘:\r:r:aking) Leamﬂg

|

Include a sensor to estimate wind to provide measurements _" l LEEE B
to the NN
Guidance &
. . . . .. Plannin Learnin.
Increase the dispersion considered during RL training ‘ : g
Modify the reward such that the consumption is reduced —-| esion | | mplementaton | | | analyss |
maintaining a good landing accuracy
. = Navigation &
Manual fine tuning contro Lg
Optimization problem to optimize the hyperparameters , | —

| Analysis

:. E!% Design Implementation
Adapt the implementation of the robustness tool to handle @ _1‘ |

the 3D scenario

 Potential indicator: HIGH
+ Remarkable results of the Monte-Carlo campaign

« The NN training can be repeated whenever the dynamics change

« Entry, Descent and Precision Landing (EDL): * Non-iterative algorithm with guaranteed computational time

+ Reusable Launch Vehicle (RLV); Re-entry vehicles * NN validation approaches exist

with Inflatable Heat-Shields (IHS)

DEG-CMS-SUPSCO03-PRE-12-E
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Way Forward - Maturation Plan & Roadmap
ML-based Guidance Optimization Surrogates

\

L —

« Test other optimizers in Keras
« Test other open-source libraries and tools

Training performance

« Consider a different sub-problem solver, such as ECOS
Expert guidance optimizer « Consider other external and open-source tools (SCP by Danylo
Malyuta et al.)

« After training, test the NN in the high-fidelity simulator;

A_ssess performance in « Iterative design process may be necessary for tuning the expert
simulation guidance

« The validation tools used in other case studies may be used to

Wl e validate the resulting NN

Application scenarios  Potential indicator: HIGH
« In-Orbit Servicing (IOS) .
+ Active Debris Removal (ADR) .

« Entry, Descent and Precision Landing (EDL):

+ Reusable Launch Vehicle (RLV); Re-entry vehicles .
with Inflatable Heat-Shields (IHS)

NN validation approaches exist

DEG-CMS-SUPSCO03-PRE-12-E © Copyright DEIMOS

DESIGN

MVM
(Decision-taking}

Vav

Learning

—}‘ Design ‘ ‘lmplementation

%% ﬂ‘ Design ‘ |Implementat\cn

Analysis

Navigation &
Control

| Analysis

Models

it requires a very high number of expert demonstration

Good results in the approximation of an online optimization algorithm

The training process is typically easier than the Deep RL method, although
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Conclusions

/—’—' e

 Very promising results in the use of AI/ML/RL for complex
GNC problems

DESIGN V&V

« AI4GNC addresses 8 Case Studies considering an overall
realistic RETALT RLV dynamics benchmark

- ESA-i4GNC framework developed in MATLAB/Simulink

using an OOP approach and exploiting libraries in Al
community

« The framework SW will be published soon in GitHub

Stay tuned!!

DEG-CMS-SUPSCO03-PRE-12-E © Copyright DEIMOS
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