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Introduction
* Context of the problem

Human lower limb rehabilitation for spinal
cord injured patients:

» Temporary or permanent changes in spinal
cord function.

» Total or partial paralysis.

RATURE CONTROL

» Muscles atrophies and spasms. OB LAPDER B SoweL ConiroL
MENTAL HEALTH CHALLENGES

» Often irreversible. 08 OF Fouck Bucus i
LOSS OF SEXUAL EUNC:TION

oy . DIGESTIVE HEALTH’lé_suss

> Inability to complete daily and/or BREATHING DIFFICULTIES

CARDIOVASCULAR RISK

occupational activities. PRESSURE SORES

INFECTION RISK

SPASMS
PAIN
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Introduction
* Context of the problem

Key facts provided by the World Health
Organization (WHO):

» Every year, around the world, 250.000 to
500.000 people suffer SCI.

» The majority of SCIs are due to traumatic
causes.

> People with a SCI are two to five times
more likely to die prematurely.

J Even worse survival rates in low- and
middle-income countries.
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Introduction
Context of the problem

x

W

N

Neuromuscular/Functional Electrical Stimulation (NMES/FES):
> Applies a potential field

. Sensoryorgans Brain Spinalcord + nerves Muscles
across the muscle to achieve J
the desired muscle |
contraction. i
» Rehabilitation and strength k
training tool. 1°
[ —

of motion.

L@ > Increases Strength and range wotionsensors Controller  Surface electrodes

R
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Introduction
e Main motivation

v N‘v/"'}'ﬂw

Commercial stimulators are available in open-loop, while real-world
NMES/FES systems to rehabilitate SCI patients require control

strategies that compensate for: e Soronca i
, S » | Conroller #—  Guent
R . t(0..120 mAy
» Modeling errors in the plant.
— Pulsewidth
(0...1000 Us
> SyStem,S fault. Spinal cord Injury Stimulator L !
e o ° Electrical pul S
> Individuals muscle’s behavior. SIREEEE i
» External disturbances. Sey ot X
= . oint angles Tie
> Nonideal muscles conditions. \PeRicRA R
Unidirectional electrical
current pulses with
pulsewidlh modulation

% 4
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Introduction
* Specific motivations

<" Robust Integral of the Sign of the Error (RISE):

» Continuous and robust technique for uncertain nonlinear systems.
» Asymptotic tracking even in spite of:

d bounded smooth external disturbances;

d bounded modeling uncertainties.

» Implicit learning characteristics.

» However, the controller parameters adjustment is the key factor.

Question

As well as for many empirical controllers, how to select the gain
parameters of the RISE controller?

\ 7
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Introduction

£

\ . * Specific motivations
% W

RISE controller tor lower limb tracking control.

Authors and years Validation Tuning
Stegath et al. (2007, 2008) 2 healthy subjects Not informed
Sharma et al. (2009, 2012) 5 and 9 healthy subjects Not informed

Kawai et al. (2014) Simulation Adjusted by simulation

Kushima et al. (2015) 7 healthy subjects Not informed
Downey et al. (2015b) 4 healthy subjects Pretrial tests

MOTIVATIONS:

I@ 1) Lack of intelligent techniques (empiric tuning).

y 2) Experiments only (if done) with healthy
subjects.
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Introduction
* General and specific objectives

%
%\M

" A

To propose a novel robust and intelligent control-based methodology to
human lower limb rehabilitation via NMES/FES.

Specific objectives:
» Propose an improved genetic algorithm (IGA).

Simulation and experimental results.

>
» Use of past rehabilitation data.
>

Deep and dynamic neural networks for system identification.

&
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Introduction

%
% @jfﬁ * Hypotheses

\

Empirical tuning: a large The use of past
rehabilitation data for
identifying a patient: the
model will improve the
description of the
relationship between angular
position and the delivered

electrical stimulus.

number of poor
performances
VS

Adequate tuning with a more

representative identified
model: better tracking
control of the lower limb.
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Proposed methodology

1) SYSTEM IDENTIFICATION

-

Neuromuscular
Electrical

Stimulation

.

[ ]

Surface Flectrodes \

data
Input layer Output layer

/ Hidden Iayer(s)

=

data
increment
through
sessions

i

2) OFF-LINE CONTROLLER OPTIMIZER (SIMULATION LOOP)

RISE

Controller

PV | Identified
System

Minimization !
90“ Problem
Cost

Function

~

3) CONTINUE REHABILITATION PROCEDURE

(

Fine-Tuned

Parameters

Surface Electrodes \
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Theoretical background
* RISE control development

The RISE controller yields an asymptotic stability result despite an
uncertain nonlinear muscle model and in the presence of additive bounded

disturbances.
Control law: u=(ks+1)ex— (ks +1)e2(0)+ [[(ks +1)a2e2(7)+ Bsgn(ex(t))d 7]
= (ks+1)r+psgn(e)

+ e + e: +/ 2\ + i 0
0SSVt it (> Vo kot [ 2] 7 S muscle |-

- J + + +/K

(o'¢ o,
sgn B

X
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Theoretical background
- ¢ Improved genetic algorithm

(

Alfal  Alfa2 Ks Beta

Preprocessing step (bound gain o [ o | K | B
limits).

min : J(oq, 0y, ke, B) = RMSE + penalty
»  Construction phase (fast genetic

algorithm). RMSE — /D.T \/E((gd —0)R)
Local search phase (complete TR
genetic algorithm). penalty = L \/ E((65—6)%)

Tournament  Random
costJ Selection Rate Population

L1

Single-point
Crossover

......

Population  costJ

[ m

..........

......

1

1
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Theoretical background

* System identification via NNs

The system identification problem is as follow: We have observed inputs,
u(k), and observed outputs, y(k), from a discrete dynamical system.

u* =[u@),u(2),...,u(k)]
y* =[y@) y(2)..., y(k)]

where we are looking for a relationship between past observations
|uk=1, y*~1] and future output, y(k). Below, f(.) is an unknown nonlinear
difference equation that represents the plant dynamics.

y(k)= fly(k=2)...., y(k=n)u(k=1)..., y(k =n)]

X
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Theoretical background

\ , * System 1dentification via NNs
2T

-

[ -~ O o

Parallel and series-parallel identification models.

V(k)=F[p(k—=1),....3%(k—n)iu(k—=1),...,u(k —m)]. v(k)=Fy(k—=1),....y(k—n)iu(k—1),...,u(k —m)]
Wk = fOk=1), ..., Wk —n).ulk =), ... ulk—m)) E WE) = fEk=D),... )k —n):u(k—1),...u(k—m))
Delay Delay
Delay Delay
: | ,I + I ,l
p N, (o) b . AN+ + >
+ + <

“V_\‘(}'(k_l):' '“k —n)) ]V:\,U’(k_ 1)' £ ‘."(k —7'1))

Delay < Delay
Wk—n) Wik—n)

E v where F'is the model structure (e.g., the NN or machine learning tools).

A A

Ry
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Theoretical background

* System identification via NNs

Why black-box models? Known

» Much simpler than physical
modeling.

» Lack of knowledge of the
underlying physiology.

Missing

Structure Parameters

Structure Parameters

» When physical knowledge is too

CompleX. Structure

> Big data (easy collection and

Stora g e) . Structure Parameters

» Powerful computation.

MASTER THESIS DEFENSE
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Grey-box

White-box
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Theoretical background

* System identification via NNs

Why neural networks?

» For every patient, the number of data will increase during
rehabilitation sessions.

(J As more data become available more accurate the model becomes.

d Thus, muscular variability and nonlinear behavior over days will
be detected (fatigue, tremors, spasms, etc).

> Are easier to train than: 1) mathematically modeling the knee joint
dynamics; 2) executing tests for identifying parameters.

MASTER THESIS DEFENSE 19
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Simulation results (mathematical model)
* Human lower limb

M

Lynch (2011) developed a model describing the relationship between
electrical stimulus and joint torque with nonideal muscle conditions.

electrical stimulation

JO = Tgravity T+ Tstiffness + Tdamp TV _

~ surface electrodes "

Toravity = —mglsin 6 s
Tstiffness — AG_E(B_F?)(Q + % — ) X
Tdamp —
A U—(1+5pm+tr)( 2)fat I
Source: Adapted from Ferrarin and Pedotti (2000)
1+?]5Punad(5) P (
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e Materials and methods

R
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Simulation results (mathematical model)
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Simulation results (mathematical model)
* Results and discussion

—— Empiric tuning
—— IGA tuning

---- Reference
Subject H1

Empiric VS IGA tuning (ideal conditions): 20 N\/\M

s Subject P1
» Empiric gains can also lead to N
oy e . . 25
stability. However, as gains selection

are immense it is likely to one choose Subject P2

combinations  that  would not
guarantee the best performance. *
° Subject P3

0 10 20 30 40 50 60

unesp% Time (s)
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Simulation results (mathematical model)

e Results and discussion

Responses of healthy and paraplegic
subjects with IGA tuning (critical
nonideal conditions)

>

In all cases, transient response
presented interesting results, where
stronger muscles result in bigger
overshoot.

However, strong muscles
demonstrate less sensitivity to
external disturbances modeled in
this research.

MASTER THESIS DEFENSE
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Real Output

Reference Trajectory

40

Subject P2
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20

0
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60
40
20

0
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20

0
Subject P3

40
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60 0
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Simulation results (mathematical model)

e Results and discussion

Simulation responses are according to real-world applications.

» Healthy subjects even in spite of non-idealities could track and
regulate very well.

» An SCI patient with strong muscles (P1) also presented good results,
but not as well as a healthy one.

» SCI patients with weak muscles do not reach well tracking and
regulation results with non-idealities in the model.

Simulation systems provide a lot of information about human identified
behavior to NMES/FES, permitting to save time and resources.

X
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Experimental results (NN models)

e Instrumentation

* Neuromuscular electrical
stimulator allows a control
adjustment of PW in a =. ‘ . =
range of 0—400ps. ST R TR e

Signal waveform

4-channel electric stimulator

* Stimulus frequency was sy i
fixed in 50 Hz and the > -
pulse amplitude in 80 mA | =
(healthy subjects) or 120 "
mA (paraplegic patients).

Control signals Acquistion s

Real-time NI myRIO processor Electrogoniometer

e Surface electrodes with
rectangular self-adhesive
CARCI 50 mm x 90 mm.

MASTER THESIS DEFENSE
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Experimental results (NN models)

* Analyzed individuals

The study with volunteers was authorized through a research ethics
committee (CAAE 79219317.2.1001.5402) at UNESP and before the
participation, written informed consent was obtained from all

participants.

Specific data on analyzed individuals.

Hl1 H2 H3 H4 HS Heé6e H7 P1 P2
Age (years) 24 28 27 22 22 28 25 32 43
Weight (kg) 74.1 704 75 943 73 68.8 783 70.0 96.0
Height (cm) 174 167 180 186 175 170 165 170 183
Injury level : - - - - - - L4. L5 (C5.Co6
Injury time : - - - - - - 9 years 17 years

MASTER THESIS DEFENSE 28



Experimental results (NN models)

* Experimental set-up

» The chair backrest and the knee joint position are adjusted for each
volunteer to ensure patients comfort.

» Muscle analysis to determine the motor point.
> A few open loop tests applying a step-type signal.

d Determine a bounded pulse width band p,in t0 Pmax> concerning
to 0,,in, = 10° and 8,,,,,, = 40°.

60

S
|
|
]
|

Angular position (deg)
S o B
Pulse width (us)
o g 8
I ]
|
I

0 20 40 60 80 100 0 20 40 60 80 100
Time (s) Time (s)

Ry
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Experimental results (NN models)

* Experimental set-up: 1st session

» A stimulation test is carried out consisting of one minute of randomly

selected PW in the predetermined range (Pmin, Pmax) Per individual,
being each value applied during minimum four and maximum seven
seconds (also random).

140 —

-

0 |
100 —+-

0 10 20 30 40 50 60 0 10 20 30 40 50 60
Time (s) Time (s)

% 4
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Experimental results (NN models)

* Experimental set-up: 1st session

2

v \ v T x//

» The identification data is read and manipulated for feeding up an MLP
feedforward NN with one hidden layer.

Example of how datasets are encoded.

Features Target
Angular_Position (k— 1) Pulse_Width (k—1) Angular_Position (k)
13.348546° 215us 13.399383°
13.399383° 215us 13.382377°
13.382377° 215us 13.325167°
13.325167° 215us 13.306247°
13.306247° 215us 13.347835°
13.347835° 248us 13.387653°
13.387653° 248us 13.357460°
13.357460° 248us 13.256510°
13.256510° 248us 13.131691°
13.131691° 248 s 13.016152°

% 4
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Experimental results (NN models)

* Experimental set-up: 1st session

» Optimization procedure based on the proposed IGA to find the best
gains combination for two reference trajectories.

 Sinusoidal trajectory (10° to 40°) to mimic an isotonic contraction.

d Step trajectory (40°) replicating an isometric contraction.

» Lastly, using empiric gains and then IGA gains, the controlling
procedure is implemented for both trajectories.

unesp™
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Experimental results (NN models)

)m * Experimental set-up: 1st session

RISE Controller
simulink model
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Experimental results (NN models)

* Experimental set-up: two up to five sessions

» For all individuals, data from previous rehabilitation sessions are used
for training a NN model in an offline scheme.

» IGA optimization to find the best gains combination for both sine and
step trajectories.

» Electrodes are positioned at the motor-point identified in the first
session, and similar open-loop tests are made.

d Determine (Pmin, Pmax) concerning to 0,,;,, = 10° and 0,,,,, = 40°.

» Knowing fine-tuned gains for each individual, the controlling
procedure is made for both references, and then with empiric gains.

MASTER THESIS DEFENSE 34



Experimental results (NN models)
”)W * Results and discussion: Individual P1

»

re

> Patient P1 participated in one session.

- Technical information on experiments for individual P1.

Identification Empiric Sine IGA Step IGA
Prmin Pmax Ormin :Omax PD;SCH o) Lo ;k-ﬁ';ﬁ PDZ_S::H o) Loz ia';ﬁ p{};mr ) .o :.k-f";ﬁ
200:250 18;50 200:350 1:2:30:5 180;300  2.61:3.34:4894:1.78 180300 2.72:3.57:47.12:1.54

Identification results for individual P1.
Session TT Corr MSE
[ st 28(s) 0.836 0.0019

Metrics on experimental results for individual P1,

Sine Step

Empiric IGA Empiric IGA

Session RMSE TEC RMSE TEC RMSE TEC RMSE TEC

[st 0.1471° 30(s) 2.9842° 30(s) 10.9950° 30(s) 5.9786° 25(s)

MASTER THESIS DEFENSE 35
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Experimental results (NN models)

e Results and discussion: Individual P1

P
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3-?0,?04& @ 30! g 539101 @ 30,
. 0 25 5 75 101251517,52022,525 27,530 32 alfal 025575 10115151?52922-5152?5301:
3'1. o | 32"6@ | Estimulation Fi
stimulation Frequen =
] Esttrnu}atton Frf:quency Pulse Width slfa 2 " o "T S Pulse Width
o 50 A . @
3-2 J 400- o 3468 320
ks ks
L ; 250+
A3 L 300- 348945 LN
¥ 200 o180 200-
beta v beta w
A5 5 200 S0 e
of 3 b
J lm -
100-
50_
D_l ] ] ] ] ] ] 1 ] 1 ] ] ] n_l I 1 I I I I I 1 I 1 I 1 i
[ Stop 025 5 75101251517,5202252527,5 3032 | Stop. 025 575101251517,52022,52527,5 30:
Tir T

empiric gains IGA gains
2
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Experimental results (NN models)

e Results and discussion: Individual P1

2R

RISE Controller - LIEB/UNESP RISE Controller - LIEB/UNESP
Angular Pasition Angular Position
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40+ 40-
g g
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jOl‘I‘set Offset adjustment 0 Offset Offset adjustment 20
Ao -20- A -20-
£ 70,7046 @) 304 /70,7046 C B 30-)
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1Ll 3N T .
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Experimental results (NN models)

e Results and discussion: Individual P1

Empirical tuning IGA tuning

— == Reference
—— Real output

0 5 10 15 20 25 30 0 5 10 15 20 25 30
Time (s)

MASTER THESIS DEFENSE 38



Experimental results (NN models)
”’)W * Results and discussion: Individual P2

»

re

> Patient P2 participated in one session.

Technical information on experiments for individual P2.

Identification Empiric Sine IGA Step IGA
Prmin LPmax 'H'mr'n :.'Bmu.t' ﬂ'];.i‘m' oy s 'Jf-!l';ﬁ ﬂﬂ:.ﬁ'm’ o) 2 ;k-!l';ﬁ P'E*:&'ﬂf ) 0y Z_k.i‘;ﬁ
150:250 8:38 200:370 1:2:30:5 185:310 2.22:3.54:39.50:1.40 190360  3.01:1.91:48.34:2.65

Identification results for individual P2.

Session TT Corr MSE
| st 33(s) 0.796 0.0032

Metrics on experimental results for individual P2.

Sine Step

Empiric IGA Empiric IGA

Session RMSE TEC RMSE TEC RMSE TEC RMSE TEC

| st 11.2966° 30(s) 10.7306° 30(s) 10.1067° 23(s) 6.6134° 21(s)
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Experimental results (NN models)

e Results and discussion: Individual P2

2R
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Experimental results (NN models)

e Results and discussion: Individual P2
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Experimental results (NN models)

e Results and discussion: Individual P2

Empirical tuning IGA tuning
40 T
30
20
. 10
(@)
<))
Z o
% 0 5 10 15 20 25 30 0 5 10 15 20 25 30
c
@
o 40
Q
<
< I e i s btane s C L v ietedrdntbeimrdatatalt
| el dotberppgetryr Sntiirien " v.‘—‘\‘
20 o
10
— —- Reference
—— Real output
0 eal outpu
0 5 10 15 20 25 0 5 10 15 20 25

Time (s)
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Experimental results (NN models)

* Results and discussion: SCI patients

» The proposed methodology could be effectively applied to clinical
procedures for treating SCI patients via NMES/FES.

» The RMSE for the sine wave from P1 is the best result achieved in all
experiments made during this research.

» It is notable premature fatigue for paraplegic patients (less than 30
seconds) due to electrical stimulus.

> Results from P1 and P2 validate the first hypothesis.
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Experimental results (NN models)

* Results and discussion: healthy patients

» Time of stimulation greater than presented in the literature (at most
45 seconds), getting to 60 seconds in many stimulation sessions.

» Took more time to fatigue due to NMES/FES.

Empirical tuning IGA tuning Empirical tuning IGA tuning
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Experimental results (NN models)

e Conclusion

» The use of an empirical approach on clinical procedures presents
several poor performances, wherein most of the tests, the control
stimulated lower limb did not track the reference angle.

» Alternatively, by using the proposed methodology, for all patients,
satisfactory and suitable tracking results were acquired for both
situations.

» Additionally, as sessions passed by, it was noticed an improvement of
tracking results for some individuals.
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Experimental results (NN models)

e Conclusion
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Experimental results

e Conclusion
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RISE Controller - LIEB/UNESP
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RMSE analysis for the sine trajectory

Empirical tuning IGA tuning
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Experimental results (NN models)

e Conclusion

RMSE analysis for the step trajectory
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> An efficient mapping describing the relationship between the muscular
model and stimulation parameters.

» Investigate more sophisticated neural network architectures to
propose better control-oriented models.

» Three specific architectures are investigated namely the MLP, a simple
RNN, and the LSTM.

unesp™®

MASTER THESIS DEFENSE 51



Deep and dynamic NNs for sys. ident.
* NN models
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Deep and dynamic NNs
* NN models

LS TMs: contain interacting layers that control information flow
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for sys. ident.

. LSTMs: key concepts
+ Maintain a separate cell state from what is outputted
+ Use gates to control the flow of information

« Backpropagation from ¢, to ¢;—1 doesn't require matrix
multiplication: uninterrupted gradient flow

LSTM gradient flow

Backpropagation from C; to C;_4 requires only elementwise multiplication!
No matrix multiplication = avoid vanishing gradient problem.

Cr ==

Ct

53



Deep and dynamic NNs for sys. ident.
* Model selection
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Deep and dynamic NNs for sys. ident.

* Feature extraction and data encoding

U4

k\

» The StandardScaler method from the scikit-learn library was applied to
re-scale the distribution of values to zero mean and unit variance.
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Deep and dynamic NN for sys. 1dent.

e Results and discussion
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Deep and dynamic NN for sys. 1dent.

e Results and discussion
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Deep and dynamic NN for sys. 1dent.

e Results and discussion
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Deep and dynamic NNs for sys. ident.

e Results and discussion

» The identified models indicate good fitting to data and very low
RMSE metric for all individuals.

» The proposed methodology (based on an offline controller optimizer)
using a better model will provide more realistic simulation.

» Consequently, better tuning of the RISE controller for each SCI
patient In clinical procedures will be acquired.

» Saving every rehabilitation data from a patient, such deep and dynamic

NNs can improve the mapping for each patient with the electrical
stimulus as sessions pass by.
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General Conclusions

» The proposed methodology was experimentally implemented with
seven healthy individuals and two paraplegic patients.

» For the first time, real experiments are made with SCI patients using
the RISE controller.

» Models approximate of real applications with nonideal conditions
(fatigue, tremors, and spasms) using past rehabilitation data.

» The proposed simulation system allows liberty of studying the
system’s response using more sophisticated control-oriented NN
models, and to improve/test different control laws.

% 4
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General Conclusions
e Future works

» Deeper validation using the proposed methodology with SCI patients
during more sessions.

» Implement the proposed deep and dynamic neural networks as control-
orient models for simulations.

» Investigate combinations of deeper and dynamic NNs (recurrent and
convolutional) and implement it.

» Investigate fundamentally similar control laws or improvements to the
RISE control law.
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General Conclusions
e Publications

> ARCOLEZI, H. H.; NUNES, W. R. B. M.; NAHUIS, S. L. C.; SANCHES, M. A. A.; TEIXEIRA, M. C. M,;
CARVALHO, A. A. de. A RISE-based Controller Fine-tuned by an Improved Genetic Algorithm for Human
Lower Limb Rehabilitation via Neuromuscular Electrical Stimulation. In: 6th International Conference on

Control, Decision and Information Technologies (CODIT). CoDiT, 2019.

Extended versions of this research are planned to be submitted on the “Advanced
Engineering Informatics” Journal (Elsevier, Impact Factor: 3.358) with preceding
publications at a brazilian conference as:

» ARCOLEZI, H. H.; NUNES, W. R. B. M,; ARAUJO, R. A. de; SANCHES, M. A. A,; TEIXEIRA, M. C. M,;
CARVALHO, A. A. de. A Robust and Intelligent RISE-based Control for Human Lower Limb Tracking via
Electrical Stimulation. In: XIV Conferéncia Brasileira de Dinamica, Controle e Aplicacdes (DINCON).
DINCON, 2019.

> ARCOLEZI, H. H.; NUNES, W. R. B. M.; CERNA, S.; ARAUJO, R. A. de; SANCHES, M. A. A.; TEIXEIRA,
M. C. M.; CARVALHO, A. A. de. On the Ability to Identify the Knee Joint Position Under Neuromuscular

Electrical Stimulation Using Long Short-Term Memory Neural Networks. In: XIV Conferéncia Brasileira
de Dinamica, Controle e Aplicagdes (DINCON). DINCON, 2019.
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