





























































































































































































































































































































100 Optimization of the neural network

Prediction performance as a function of number of neurons
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Figure D.1: Prediction performance of the muscle activity as a funcibmumber of neurons. TopR? from the
predictions of the concatenated data across all musclek ¢day) and mean across all muscles (light
grey). Bottom:R? from the predictions of the muscle activity based on thevigial muscles (number
of neurons appears consecutive for each muscle)
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Muscle activity in Pectoralis
3 neurons — 10 neurons — 20 neurons — True muscle activity

Muscle activity [LV]

b

Figure D.2: Prediction of the muscle activity in Pectoralis using 3 &g 10 (blue), and 20 (red) neurons in the
hidden layer, compared to the true activity (bold grey).

From figurd D.? it was clearly revealed that 3 neurons peréafmorst compared to 10 and 20 neurons. It was seen
that the prediction did not follow the characteristics a thue signal especially in the extreme peaks, and is in géner
smoother.

The predictions based on 10, and 20 neurons had many stie#arand both followed in general the overall trend
of the true muscle activity. The difference between the tves ween in the high peaks during movement, where the
configuration based on 10 neurons achieved higher valuesgv@® neurons in the hidden layer tended to overestimate
the activity. Overall 10 neurons in the hidden layer achiesevery accurate prediction in the peaks indicating a
movement.

Based on the above observations 10 neurons were selectiae foidden layer.

D.2 Prediction of kinematics

This sections contains the basis for the selection of thebaumwf neurons in the hidden layer for the prediction of the
kinematics.

D.2.1 Prediction performance as a function of neurons

The prediction performance as a number of neurons in theehitiyer is illustrated for the kinematics in figlire D.3
From figurd D.B it was seen that the predictions were veryeiakbothx andy-direction using more than 2 neurons
in the hidden layer, with only minor variations in the preatias for the varying number
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Performance prediction as a function of number of
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Figure D.3: Prediction performance of the kinematic as a function of benof neurons irx-(dark grey) andy-
direction (light grey).

Figure[D.4 shows the prediction of the positiorxitieft) andy (right) using 1 (green), 10 (blue), and 20 (red) neurons
in the hidden layer, compared to the true position (bold daely).
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Figure D.4: Prediction of the kinematics using 1 (green), 10 (blue),2M(fed) neurons in the hidden layer, compared
to the true kinematics (bold grey).

The predictions in the-direction revealed a poorer prediction based on 1 neunotisd hidden layer, where the
position was flat during the entire period compared to the position. All movements tended to be underestimated
underestimated.

The predicted position using 10 and 20 neurons had similaradheristics and in some parts of the period, the trend
of the true position was followed well by both configuratiom$fiough, the predictions were noisy in some transient
segments.

Similar for the predictions in thg-direction yielded 1 neuron the worst results, with a quitésy signal throughout
the entire period and with both under- and overestimatiach®true position in some cases. The predictions based on
10 and 20 neurons followed the true signal quite well in lgrges of the period.

Based on these observations, 10 neurons were selectec foiditen layer.



Selection of number of
synergies

This chapter contains the results from which the optimal benof synergies were selected for the extraction of syn-
ergies and motor commands. The number of synergies and omtonands to extract were determined by evaluating
the reconstruction performance with a varying number etisynergies and motor commands.

The results were based on the muscle activity from threks trexorded from subject 1 as depicted in figure E.1 -

E3.
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Figure E.1: Recorded muscle activity from trial 1.
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Figure E.2: Recorded muscle activity from trial 2.
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Figure E.3: Recorded muscle activity from trial 3.

E.1 Reconstruction performance as a function of number of syergies

The muscle activity was reconstructed from a varying nunghgrof synergies $) and motor command$§. The

sizes ofSandP are illustrated below

N synergies
S11 S12 SIN
S=| : : : }M muscles
Sm1  Sw2 SVIN
K samples
p1(1)  p1(2) p1(K)
P= : : : } N commands
pn(l)  pn(2) pn(K)

Figure[E:4 andE]5 depicts the performance of the recon&truof the muscle activity with a varying number of
extracted synergies and motor commands shown for the adhdiVimuscles and for the concatenated muscles.
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R? as a function of number of synergies
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Figure E.4: Reconstruction performance of predicting the motor conusam the individual muscles (black, mean
SD across the number of muscles (in all three trials)) anthimconcatenated data for all muscles (grey,
mean+ SD across the three trials) as a function of number of syasrgi

From figure[E.b it appeared that one synergy was capable ohsaeicting approx. 87% of the variability in the
original muscle activity based in the Deltoid anterior. &splly the muscle activity in the three parts of the Deltoid
were well estimated and so was the Anconeus using only orergynAt four synergies, the activity in the Triceps
long head was substantially improved compared to threergigse Also Triceps lateral head, Brachialis, and Biceps
lateral head. Pectoralis yielded in general a poor recoctin.

It was seen that the prediction performance was improvedifme than half the muscles up to 4 synergies, where-
after the performance flattened. Triceps long head and &latead especially showed an improvement from 3 to 4
synergies.

Based on the above observations, 4 was chosen as the nungyereofiies and motor commands for the predictions
during reaching using configuration SSP (based on the mastiaty in the Deltoid muscle and gaze-direction for

the extraction of the motor commands) as described in sgbton page 43.
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Figure E.5: Reconstruction performance of predicting the motor conusan the individual muscles (me&nSD
across all trials), as a function of number of synergies.






Introduction to neural networks

Neural networks have been applied in a wide variety of ergging problems involving pattern recognition, pattern
classification, adaptive filtering, and contriol [20, 1/626,191,41]. The successes presented in([20][162,106, 71, 41],
indicates the usefulness of neural networks in differemponents of a variety of FES control systems.

An artificial neural network (ANN) is an array of processadnaitis linked by connections that can be weakened
or strengthened and the concept is based on inspirationtfrenimterconnected neurons of the briain[152]. The ANN
is based on the operation of biological neural networks,éach neuron generates an output based on the inputs it
receives from other neurons. Thus the functional model efttiological neuron contains three basic components,
namely the synapses of the neuron (modeled as weights)hancbimponents representing the activity within the
neuron cell, which consists of an adder (sums up all inputdifiedl by their weights), and an activation function. In
this fashion the neuron receives an input and produces amssms outpul [152].

The ANN is an adaptive, and most often a nonlinear systemghwistimate a function (or the relationship between
input and output vectors) without requiring a mathemata=gcription of how the output functionally depends on
the input, i.e. the network learn from input/output data pke® [152]. The capability of learning complex nonlinear
input-output mappings is one of the characteristics thaemeural networks an attractive option in many biomedical
problems. The adaptive capabilities of neural networkseadkem particularly attractive for rehabilitation applic
tions in which the system is often customized for particindividuals.[20[ 106]

The network is adaptive in the sense that the system paresraete changed during operation, i.e. during training.
After the training phase the ANN parameters are fixed andytbes can be deployed, i.e. during validation.

The input/output training data are fundamental in ANN sil@®nveys the necessary information to find the optimal
parameters of the network. According to the success of asitigma specific function based on the series of examples
of correct responses, the connections between the prosesscstrengthened or weakened. Hence instead of working
based on an explicit set of rules to follow, the network opesdased on the weights of the links within it. The non-
linear nature of the neurons (the processing elements)dasthe system with a high level of flexibility to achieve
the desired input/output relation. [152]

One of the most widely used types of neural networks is the MNA(also denoted a multilayer feed-forward neural
network).

F.1 Multilayer perceptron neural network

An MLP NN consists of a network of perceptrons (neurons), imcl the data flow strictly feedforward from input
to output units, and the data processing can extend oveipheukayers of units, without feedback connections. The
MLP NN consists of the following elemeni{s [132]

Input layer is a layer of neurons that receives information from extesoarces (in a biological neuron the input
corresponds to sensory nerves and output to motor nerved)passes this information to the network for
processing

Hidden layer is a layer of neurons that receives information from the trigyer and processes them in a hidden way,
i.e. it has no direct connections to the outside world. Alrections from the hidden layer are to other layers
within the system

Output Layer is a layer of neurons that receives processed informatidnsands output signals out of the neural
network

Bias is an offset or threshold value in the neurons. The functidh@bias is to provide a threshold for the activation
of neurons. The bias input is connected to each of the hiddeématput neurons in a network
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A typical neuron from a MLP network is illustrated in figuréllFA larger neural network is constructed from several
interconnecting neurons.

Input General neuron

y1 = p(Wx +b;)

Figure F.1: Typical neuron of a MLP network consists of an ingutvith N elements), the weighi&/, the biash, and
an activation functiorp. Modified from [152]

The outputyy of the network is obtained by successively forming the lirm@anbination of the inpuxy, the weight
N

Wy, and the biady (i.e. v = Z Wi - Xcj + bk, N being the number of inputs), and nonlinearly transform Hyisa
=1

nonlinear activation function, e.g. ttf®shaped sigmoidal function, i.e. the output becomés).[152] Thus the

activation function relates the weighted sum plus a thriesbiothe synaptic inputs to the output.

Thus, each perceptron computes a single output from meiltigdl-valued inputs by forming a linear combination
according to its input weights (the synaptic efficacy in ddmocal neuron), the bias (forming the post-synaptic peten
tial of a neuron), and transforming the output through thelinear activation function. The strength of the connettio
between an input and a perceptron is determined by the véltie aveight, i.e. negative weight values reflect in-
hibitory connections, while positive values designatatakary connections.

Next the actual activity within the neuron cell is modeledibgar combining the input and the weights together with
the bias. Lastly the activation functioth)(maps the output into the range 0 to 1 in the case of the Sigautidation
function, such as the simple logistic Sigmoid function dedinn equatiofi F]1. The function is bounded and mono-
tonically increasing tending to O as the linearly combingglit tends to—c and approaches 1 as the input tends to
oo, This function allows MLP networks to model both mildly artdosigly nonlinear mappings, since the function is
linear near the origin and saturating rather quickly awayrfihe origin.[152] The capability of MLP NN stems from
the non-linearities used within the nodes.

1
o) = 1+exp Y <

This transfer function is often used in backpropagatiomwnekts, e.g.[[69, 63, 70]. The derivative of equafiond F.1 can
be expressed in terms of the function itself.

(0,1) (F.1)

F.2 Structure of MLP NN

Typical MLP NN consists of a set of source nodes forming thpeitdayer, one or more hidden layers of computation
nodes, and an output layer of nodes. A single layer neuralatkthas severe restrictions limiting the type of tasks
such a network can solve. A two layered feed-forward neuslark with biases, a non-linear sigmoid layer, and
a linear output layer is capable of approximating any fuorctivith a finite number of discontinuities to arbitrary
precision[36[ 48, 24].

If linear output neurons are used, the network outputs deda any value instead of being limited to a small range
as is the case with the sigmoid functions|[91].

Figure[E.2 shows a single layer network withhumber of input elements arf®humber of neurons.

In figurelE22x (N x 1) represents the input unitg/ (Sx N) the weights between each input and the unit in the following
layer, andb (Sx 1) the bias added to each of the weighted sums from each oétivens in the current layer(Sx 1)
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Figure F.2: Single layer MLP NN withN input units,S units in the hidden layer, an8l units in the output layer.
Modified from [152]

the output of the current layer, and finally the activationdtion¢ for each of the units.

Thus, a two layer network with one hidden layer can be reprteseas shown in figule F.3 where the input signal
propagates through the network layer-by-layer and alloresifrom one layer are connected to the neurons in the next
layer.

Input Hidden layer of logsig neurons Output layer
-W2
1
Q x S\ U2 @
Q X 1
1 —} b2 N
S Q x 1
/
= logsig(w1x + by) y = lin(way; + b2)

Figure F.3: Two layer MLP neural network with one hidden layer consigtid S units with the logistic Sigmoid as
transfer function, and one output layer consistin@afnits with linear transfer functions.

In figure[E3x represents the input unitsl (x 1), W1 (Sx N) the weights between each input unit and each of the units
in the hidden layer$x 1),y1 (Sx 1) is the output vector of the hidden lay®,, (Q x S) being the weights between
the hidden layer and the output lay€rx 1). b1 andb; are the biases for each of the units in the hidden and the butpu
layer respectively.

The network shown is a full-connected (output from each irgma hidden neuron is distributed to all of the neurons
in the following layer), two layer, feed-forward (the vatuenly move from input to hidden to output layers, no values
are fed back to earlier layers), perceptron neural netwbhnk. number of input neurons corresponds to the number of
input variables (e.g. the number muscle activations), hechtimber of output neurons is the same as the number of
desired output variables (e.g. muscle activation, low disi@nal motor commands, kinematics).

The process of the neural network can be expressed in eg[i28o

Q N
Ym= Z Wmq -0 (Z Wkn'xn> (F.2)
g=1 n=1

N——
Output layer o 1st
hidden layer

X, being then™ input, wi, being the weight from input to nodek, Wmqg being the weight from nodeg to outputm,
andym, being outputn.
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The feed-forward neural network is also defined as a computltgraph, whose nodes are computing units with
directed edges that transmit numerical information frordento node. Each computing unit is capable of evaluating
a single primitive function of its input. Hence, the netwdsla implementation of a composite function from input to

output space, which is called the network function.[132]

F.3 Learning of a neural network

A neural network has to be trained, such that the networkyres the desired output given a set of inputs, i.e. the
strength of the connection weights have to be adjusted adelguo achieve the desired behavior, which allow the
characteristics of the input training data to be inferretlisTrequires a learning algorithm, to which a set of desired
input-output mappings are presented, and in response tesamorrection steps iteratively until the network leams t
produce the desired response, [132]

As seen in figureFl4, the learning algorithm is a closed-jm@sentation of input-output mappings (training data) and
corrections to the network parameters to minimize the tih error [132]. In the training process the outputs is
often specified as targets.

@ Network @

Training input/target data Compute error
(true vs. predicted output)

Adjust network J(@

weights according to
learning algorithm

Figure F.4: Closed loop learning algorithm. The learning algorithm @dahe network parameters according to
previous experience until a solution is found. For eachtinime network produces an output (1) and the
error between the predicted and desired output is calau(@)e The weights are adjusted to reduce the
error according to some learning algorithm. (1) - (3) arecegpd for every sample until the errors are
minimized in the case of incremental training. Modified fr{fi82]

Applying the network on the training data and comparing tregljztions with the true outputs (the targets), forming
the error function, can determine the error of a particutenfiguration of the network. Hence the goal of the training
process is to find the optimal combination of weights, i.e.ltdwest point in the many dimensional error surface each
weight and threshold being a dimension in space, so thatttweonk function approximates a given function described
implicitly through the training samples [132, 152].

From an initial configuration of weights and thresholds, tiiigective of the training algorithm is to seek for the
global minimum. The gradient of the error surface is tydicahlculated in each point and the search continues along
the steepest descent[132].

The backpropagation algorithm is a popular learning metiwitch looks for the minimum of the error function in the
weight/bias space using the method of gradient descens.rméihod requires the computation of the gradient vector
of the error surface at each iteration step; hence diffabitity of the error function is guaranteed by the choice of
activation function, e.g. the sigmoid function. A diffetile activation function makes the function computed by a
neural network differentiable (assuming that the integratunction at each node is just the sum of the inputs), since
the network itself only computes function compositionsyt¢eethe error function also becomes differentialble. [132]
The sigmoid function always have a positive derivative feodlope of the error function (mean square error) provides
a greater or lesser descent direction, which can be followldte gradient vector points along the line of steepest
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descent from the current point, thus by moving along by saee size the error will decrease.

The learning algorithm progresses iteratively through miper of epochs. For each epoch the training data set is
applied to the network, from which the prediction error cancomputed and the weights can be adjusted according
to the error surface gradient and process can be repeateghrdbess continues until some a criterion has been reach,
e.g. a certain number of epochs have evolved, the error aabed an appropriate level or when the network stops
improving.

In the backpropagation learning algorithm the forward gaeslicts the outputs from the given inputs and in the back-
ward pass, the partial derivatives of the cost function wétpect to the different weight parameters are propagated
back through the network where the weights then can be adlaptais only the errors in the output are known and
the output errors are propagated back to the previous lagieg uhe output element weights [132]. The following
summarizes the steps and equations involved in the bac&gabipn algorithm[132], here in a two layer network with

a single hidden layer with a sigmoid transfer function assiitated in figure H 3

1. Feed forward computation

2. Backpropagation to output layer
3. Backpropagation to hidden layer
4. Weight update

The algorithm is stopped according to a defined stop criteria

In the description of the backpropagation algorithm, the Weights between the input and the hidden layer are
denoted/vfjl), for thei’th input unit and the'th hidden layer unit, the weights between the hidden layerthe output
layer are denotewi(jz), for thei’th hidden layer unit and th¢th output layer unit.Y ¥ is the output from the hidden
layer, andY @ is the output from the output layer.

The bias of each of the computing units is implemented as #ight of an additional edge by extending the input
vector and output vector of the hidden unit with a 1-compaieot shown on the figure). Thus the weights between

the constant 1 and the hidden unit is denc»tm#ilS and between the hidden unit and the output yrig denoted
w(szﬁl’Q. This leads tqN + 1) x Sweights between the input sites and the hidden units(8rdl) x Q (=1) between
the hidden and output units. The weight matrices with thiertag corresponding to the bias of the computing units are
denotedV; andW,. The input vectok is likewise extended t& = (x1,...,%n,1). The outputy; of the j’'th hidden
unit is given by equation H.3

o Fi)

since the excitation of th¢'th hidden layer iswi(jl>>_(i and ¢ being the sigmoid activation function. Hence the out-

put vectoryM with its components being the outputs of the hidden layetsuran be written as the vector-matrix
multiplication in equatiof Fl4

y@—¢<ﬂm> (F.4)

and by applying each sigmoidto each component of the argument vector.
The excitation of the units in the output layer can be compbteusing the extended veci?) as seen in equation

[ES

y®—¢G®W% (F.5)

The total error of a training set can be computed by additfaheoerrors computed for each of the training input-output
sample. This error computation is based on an extended reagdhe one shown in figure F.5
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Figure F.5: Extended multilayer network for the computation of the reataerror. yi(l> being thei'th output of the
hidden layer unitstjz) being the weight between this uni} &nd the output unitj{, ¢ being the activation

function, andg’ the derivative of the activation function, agt?) being the outputs of the output layer.
Modified from [132]

In figure[E5 The network has been extended with an additlagat of units, in which the error functiaris computed
for thei’th component of the output vector. Additionally the errsq(tzt—ti), t being the true output, is computed and

store. Still, each output unitin the original network computes the sigmdicand produces the outpyg@. Itis seen
how the addition of the error functions for each output uretds the network errce.

For p input-output samples in the training set, the total erraction can be computed by creatipgetworks like the
one shown in figure B5 and adding the individual error fuorcdi

After setting the initial weights, the algorithm followselsteps listed above. Initially the input vectois presented
to the network, and the vectoy§ andy(® are computed and stored in each unit, and likewise is theates of the
activation function.

After the feed-forward step follows the backpropagati@pstn which the partial derivative‘% is computed. The
oW

1]

backpropagation path from the network output to the outpittjuis illustrated in figuré El6

Hidden layer Output layer Additional layer
N 4 A

@)
w; 2
y L Py y? | — (" =) ] s |1

/ . B

Figure F.6: Backpropagation path to output unit The constant 1 is fed into the output unit and the networkas r
backwards. Incoming information to a node is added and thdtris multiplied by the value stored in the

left part of the unit.yﬁ2> being the output of output neurgnt; being the true output of unit, es being
the error function for unif. Modified from [132]

Thus, the backpropagated erfgrcan be written in equatidn .6

57 =y?(1-y?) P ) (F.6)

Hence the partial derivative can be written in equalfioh F.7

oE (2) (1)
e B (F.7)
awi(jz) i

by considering the weigrwi(jz) to be a variable and the inprtl) to be a constant (originating from the previous layer).
The backpropagation to the hidden layer can now be compstéldstrated in figur€Fl7.
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Figure F.7: Backpropagation path from the output to the hidden Iayéj}.) being the weight from hidden unjtto
inputi, ygl) being the output of the hidden urji,twgﬁ> being the weight from output unitto hidden unit
i 6i(<z> being the backpropagated error from output knivodified from [132]

The partial derivative of interest is nowal(z—l). Each unitj in the hidden layer is connected to each unit 1,...,Q
ow;:

i

in the output layer with the weiglwﬁé). The error is computed by taking into account all possiblekineards paths as

expressed in equatienF.8

L _ (
6j (1- yJ 2 WJq (F.8)
And the partial derivative becomes as expressed in eql@)n

E _ 50
— =95 Xi
o

(F.9)

X being the input vector.
Finally, after computing all the partial derivatives, tlhst step in the algorithm is to update the weights in the negat
gradientdirection. A learning stgplefines the step length of the correction. The correctiomexpressed in equation

[E10

aff = P8P, fori=1,...,5+1;j=1...,Q (F.10)
Y = Y, fori=1,...,N+1:j=1,....S (F.11)

J
(F.12)

Remembering thaty 1 = y§+1 = 1. Thus the corrections to the weights are made after thephbaplgated error
has been computed for all units in the network. The case withler of training samplep > 1, the weight cor-

rections are computed for each pattérlr\vv,(J ), A2W|<J ), . pr<1) and the update in the gradient direction becomes

At = A1W< )+A2W< )—i— +A w'Y for learning in batch mode, in which weights and biases al ated after
i p g g

1]
all the |nputs and targets are presented.

In summary, the feed forward computation stores both théuatian of the primitive function and the derivative.
In the backpropagation the constant 1 is fed into the outpydrland the network is run backwards. The incoming
information to a node is added and the result is multiplietheyderivative stored in that unit. The resultis transrditte
to the left in the of the unit and the result collected at theuinunit is the derivative of the network function with
respect to the input to the network.

This method suffers from various convergence probléms][1R®ese problems can be solved by using second order
derivatives, which is applied in the Levenberg-Marqualttit) algorithm one the most widely used optimization algo-
rithm and is suggested for moderate-sized feedforwardaheetworks (up to several hundred weights) [43,[84, 28].
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In the following, the LM algorithm[[80["133] is introduced &m extent which explains the parameters, which are
configured in practice. For a detailed description of the Liybeithm please refer td [62, 124], since this is beyond
the scope of this report.

The Levenberg-Marquardt algorithm

The LM algorithm relies on both the first and second ordenaditie of the error in the search for the optimal weights.
The LM algorithm provides a faster solution due to the incogpion of the second derivative of the error information
and automatic incorporates adjustments of the learningnpeaiers.[[80]

The idea of the LM algorithm is to minimize the squared distshe, € = x — X. Letting f being an assumed functional
relation which maps a parameter vegooe R™ to an estimated measurement vectet f(p), X € R". The basis of
the LM algorithm is a linear approximation foin the neighborhood gf. [133,[80]

For a small|Ap||, a Taylor series expansion lead to the approximation in op&13

f(p+24p) ~ f(p) +I0p (F.13)

J being the Jacobian matr%. At each step in the iterative algorithm is to find #hgthat minimizes the quantity
given in equation E14

X = f(p+2p)[| =[x f(p—Jbp)|| = [[e = IAp]| (F.14)

The minimum is attained whei\, — € is orthogonal to the column space dfyielding J7 (JA, — €) = 0, A, being
the solution to the normal equationdin B.15

JNn, =3 (F.15)

The matrixJTJ in the left side in equation F.15 is the approximate Hessian,an approximation to the matrix of
second order derivatives. The LM algorithm solves a sligintation of equation E15 as seen in equaffionlF.16, called
the augmented normal equations

NAap =J"e (F.16)

The off-diagonal elements of are identical to the corresponding elementd'af and the diagonal elements are given

in equation E1I7

Nii = p+[37 i, 1> 0 (F.17)

The diagonal elements df J is altered by damping, whegeis the damping term. If the updated parameter vector
p+ Ap, Ap computed from equatidn EIL6, leads to an reduction in ther erthe update is accepted and the process
repeats with a decreased damping term. Otherwise eqliafifirissolved again, and the process iterates until a value
of A, is found (corresponding to one iteration of the LM algori)hrfihe damping term is adjusted at each iteration
to assure a reduction in the erigrthus the damping is raised if a step fails to redeiemd otherwise the damping is
reduced.[[78]

The steps of the LM algorithm is the following [150]

1. Inputs are presented to the network and the correspowdipgits and errors are computed. The mean square
error over all inputs is computed

2. The Jacobian matrixwith respect t@ is computedp representing the weights and biases of the network

3. The Levenberg-Marquardt weight update equdtion F.16Ned to obtaim\,

4. The error is recomputed usimpgt+ Ap. In case the new error is smaller than the one computed inlstdpe
training parametaun is reduced by, andp = p + Ap is computed and the algorithm returns back to step 1. If
the error is not reduced, theris increased by~ and returns to step 3
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5. The algorithm is terminated when at least one of the faligveonditions is met
Magpnitude of gradientsg!, i.e. J"€) drops below some threshodd
The relative change in the magnitudedgfdrops below a threshok
The errore" e drops below a thresholk
A maximum number of iterationgy,axis completed

ut andy™ are predefined values, typically initiated to 10 and 0.1e&etpely.[150]






Configuration of applied
eyetracker

This chapter contains an elaborated description of the gorgtion of the specific eyetracker.

G.1 Eyetracker Tobii X120

Eye-tracking was recorded using Tobii X120 Eye-Tracken(fiare 1.1.14) (sampling frequency 120 Hz), and Tobii
Studio v.1.3.23 eye-tracker software running on Windows ™ eye tracker communicated with the computer via a
standard network cablg.[155] Figlire 5.1 shows the eydtrgaetup.

a) Position settins for Tobii Studio
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Figure G.1: Eye-tracking setup. a) Position parameters set in TobiliSth) Relevant measures for the eyetracking
setup. The subject was placed approximately 70 cm. fromybkeracker in an upright position (90
with the horizontal plane). c) Limits of the eye-trackemwhs ensured that gaze angle did not exceéd 35
to any point on the virtual screen.

Distance to calibration grid, calibgis; -59 cm, the minus indicates that the eye-tracker is locagddnil the virtual
screen measured from the back edge of the eye-tracker toothieseihd of the virtual screen

Horizontal eye-tracker angle, Hingie Adjusted with respect to each subject, such that the eyeplaced in the
center of the status track window when the subject is plaGezhYfrom the eye-tracker. Approx. 15

Vertical eye-tracker angle 90° (0° indicates completely vertical)
Active display area 40 cmx 30 cm set as illustrated in figure .2

Height difference between display and eye-tracker, i 15 cm. The height from the bottom of the eye-tracker
foot and the bottom of the active display area.
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Side offset, 3 0 cm, as illustrated in figufe G.3
Rotation, Rang 0° as illustrated in figure Gl 3

w W =w-1.25

,,,,,,,,,,,,

5 point calibration grid Virtual screen 25% larger

Figure G.2: The height and width of the virtual screen set 25% Larger tharcalibration area

Eye-tracker

Calibration grid

Figure G.3: a) Side offset measured from the center of the eye-trackdérei@enter of the active area b) Rotation
measured between the back of the eye-tracker and the actplayl

The distance from the eye-tracker to the subject was apmiately 70 cm, adjusted to achieve the optimal configu-
ration according to the track status window, i.e. two dopsesenting the eyes should be seen in the middle of track
status window and the status color on the bottom of the winsloould show green as seen in figurelG.4

Figure G.4: Track status meter of eye-tracker. An optimal configuratidth to white dots representing the eyes and
the status color being green, the black box represents fdeofigiew of the eyetracking.

The placement of the eye-tracker ensured that the gaze ditbiet exceed 35to any point on the virtual screen.
Initially the eye-tracker was calibrated, to learn the eleteristics of the subject’s eye movement to achieve ateura
estimation of the gaze points. Thus when the eyes were dététte eye tracker tracker was trained to associate a
position of the eye to a specific location on the object. Dyigalibration, the subject concentrated on focusing the
eyes on the calibration points. Relaxed movement impravedalibration quality.

The setup was configured as a 'Screen recording’ configur&dbii Studio and performed with a perspective cali-
bration. This was performed by placing a calibration grithife paperboard with 5 calibration points marked, one in
each corner and one in the middle as seen on figure G.5) on tfaeeiio be tracked and with the subject placed in
the center of the calibration grid. The calibration grid va#isiched to the surface below the virtual screen.
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Figure G.5: Perspective 5 point calibration grid
Manual calibration mode was selected in Tobii Studio and ex@buated according to calibration plot showing error

vectors as seen on figure 6.6, thus in case of great erroisl{tws indicates insufficient calibration) (a), recaliva
was performed until sufficient calibration was achieved (b)

a) b)
(]
Calibration Result E Calibration Result
LehtEye Right Eye
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1 7
/
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0 Pints Marke for Recalibration
Accept Fecaltrate. Accept Recalbrste:

Figure G.6: Calibration plot from the eye-tracker. a) Calibration pdbthe eye-tracker shows great error, implying
that recalibration is needed. b) Calibration of the eyekea shows only small error vectors, thus no
recalibration is needed.

The following settings were configured in Tobii Studio

Fixation filter ClearView fixation filter
Fixation radius 100
Min duration 50

The following parameters was exported from Tobii Studieitihe recordings

DateTimeStamp Recalculate d and shown in minutes, seconds and millisesc@noh:ss:ms)

Event Automatic events (start and stop, key presses), logged®(enggerData)

Descriptor Description of the event ('Starts’, 'Stop’), the synchrzation signals

GazePointX The horizontal grid position based on the average of botk eye

GazePointY The vertical grid position based on the average of both eyes

Separated in three files, on containibgteTimeStamp Event, Descriptor, another containingsazePointX and
GazePointY, and the last file containingvent. The above configuration was saved in expSetup (ExportExgxort/)

and selected for all recordings. The data points betweetotged events 'Start’ and 'Stop’ were used for the data
analysis.






Trigger application

This chapter describes how the synchronization was iadiaty the eyetracking software. Additionally this chapter
documents i detail how the trigger application was prograainia the API.

The synchronization setup is shown in figlirelH.1

Synchronization of signals

[Trigger application TCP/IP
programmed Via gy, gional TCp/p | Tobii studio | Tobii Eye-tracker
SDK in C - - >
Parallel
Component API port Protocol API
1/0 access Driver
‘ EMG ‘ Motion tracking

Figure H.1: Synchronization of the recording systems. Via an applbcagirogrammed in C++ utilizing the Tobii
SDK, a signal was send to via the parallel port to initiate atfeer recording systems and at the same
time, the eyetracking was initiated.

H.1 Required software

The following software was used for the development of th@iagtion to trigger Tobii Studio.

e Windows XP (operating system)

e Tobii Studio v. 1.3.23 (Eye-tracking software)

e Tobii Studio SDK v. 2.4.3 (Software development kit for TidBiudio)

e cv.dll,cv.lib,andcv. h (Makes the Tobii Trigger Low Level APl available to the cotep)
e Microsoft Visual Studio 2008 (compiler)

e UserPort. sys (kernel driver for Windows NT/2000, which enables usermpamrams to 1/O ports, hence it
becomes possible to access hardware directly from a nommal&able as in previous Windows versions and
DOS)

It appears from the description below how the different elata listed above was used.

H.2 Interfacing the parallel port

This section describes in detail how the interfacing with plarallel port was conducted to be able to use an external
trigger signal for synchronization of the eye-tracker vitile EMG and motion capture system. Initially the parallel
port is introduced.
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H.2.1 The parallel port

Initially it is needed to interface with the parallel portaoquire the analog input signal which serves as the external
trigger. Initially the parallel port is introduced followéby a description on how to interface it. The parallel port is
a 25 pin female connector as seen in figurel H.2. The primanpfifee parallel port in the computer is to connect
printers and is specifically designed for this purpose.

Figure H.2: Parallel port.

The lines in DB25 connector are divided in to three groups

e Data lines (data bus)
e Control lines

e Status lines

Thus data is transferred via the data lines (8 lines), cofitres (4 lines) controls the peripheral devices and they
returns status signals back to the computer through thesstames (5 lines). These three categories of lines are
connected to Data, Control And Status registers internalthe computer, i.e. by manipulating these registers it is
possible to read and write to the parallel port. The regsstee virtually connected to the corresponding lines, hence
what is written to the registers appears in correspondigslas voltages. E.g. if '0x01’ is written to pin 0 in the Data
register, the lin®at a0 will be driven to a high voltage, 'OxFF’ will drive all pins ithe Data register to a high voltage.
The parallel port is TTL-compatible, implying 'high’ is be¢en +2.4 and +5v and a 'low’ is between 0 and 0.8v.

H.2.2 The address of the parallel port

In atypical PC the base address of LPT®i878. The data register then resides at this base address, tire retgister
at base address +0x379) and the control register is at base address0x231a).

H.2.3 Reading from and writing to the parallel port

User Port . sys was installed by copying it t#/ ndows/ syst en82 and runUser Port . exe. select the addresses that
should be open and click start. The parallel port was tesyed Simple analog circuit consisting of a LED and a
resistor and pt . exe, which allows you to write and read from the parallel port ai&Ul, i.e. turning the LED on
and off.

The kernel drivetUser Port . sys was started by usintfser Port . exe, which allowed access to the parallel port
directly from a Win32 application written in C. The driver d®it possible to read from and write to the parallel port
by pre-configured functions.

H.3 Tobii Studio

Triggered events defined what parts of the data that was toddgzed. The application developed to trigger the Tobii
Studio interfaced also with the parallel port . This was actd by using the Tobii SDK, and specifically the Tobii
Studio Trigger Low Level API, which is an API accessible frikfindows 32-bit environments including Windows
XP. The APl is implemented as a traditional Windobg by cv. dl | and can be used by any language that supports
DLL calls such as C. This APl is a set of function calls that hasthe connection to and the communication with
Tobii Studio. Two steps were initially performed as desedlbelow
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e Tobii SDK was installed (move@VTri gConp. dl || andcv. dl | to a directory accessible to the computer and
registering the components)

e cv.dll,cv.lib, andcv. h was moved from the folders i@ / Program Fi | es/ Tobi i / SDK to the directory in
which the project was located

The following functions is accessible by using the API demdiin the header filev. h

CV_ I nit (i pAddress, CLEARVI EW SERVER PORT_NUMBER, NULL) Connectto ClearView and performs
internal initializations, creates a connection to Cleaw/and sets up necessary internal states

CVv_StartWthNanme("My first recordi ng") Startanamed recording
CV_LogEvent ("MyEvent Text ") Add a text data record to an ongoing recording, which is laigge

CV_Cet Last Error Get error details if any function call returned error. WhereaCV_ERRCR is returned from
anyCV_XXX function a call to this function will return the specific lastor

CV_Stop() Stop an ongoing recording, Disconnects ClearView and pagmecessary cleanups

CV_d ose() Disconnect from ClearView and perform internal cleanups

H.4 Synchronization via software

The data recording systems, i.e. EMG, motion capture, astragking were synchronized via a signal send from

the developed application to the eyetracking acquisitmftware, at the time of an event, created at the start of the
recordings of the eyetracker. This synchronization sigrea sent to the EMG and motion capture system. Figure H.3
depicts the synchronization process and the possible tidkiymposes between the signals.

At
N
t=k - A t=k+ At

Create and log event Call .dll Recei .

— . —pp| Receive sync. signal
Write to parallel port Send sync. signal Y £

Eyetracking Operating system EMG and Motion capture

acquisition software acquisition systems

Figure H.3: Possible synchronization delay of the data recording syst& he synchronization signal sent from the
application to the EMG and motion capture system are deleydAt with respect to the logged event.

As depicted on figurle Hl 1 the developed application comnataegwith eyetracker acquisition software via an API. At
the time of the event being logged in the eyetracking actipiissoftware, adl | was called before the synchronization
signal was sent. This implied a delay between the recorditigeoeyetracking and the other recording systems. The
delay was depended on the operating system, i.e. the nurfilpgo@esses running at the time. Having only the
eyetracking acquisition software launched minimized thetay but theoretically, it could have an effect upon the
predictions.





