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Figure D.1: Prediction performance of the muscle activity as a functionof number of neurons. Top:R2 from the
predictions of the concatenated data across all muscles (dark grey) and mean across all muscles (light
grey). Bottom:R2 from the predictions of the muscle activity based on the individual muscles (number
of neurons appears consecutive for each muscle)
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Figure D.2: Prediction of the muscle activity in Pectoralis using 3 (green), 10 (blue), and 20 (red) neurons in the
hidden layer, compared to the true activity (bold grey).

From figure D.2 it was clearly revealed that 3 neurons performed worst compared to 10 and 20 neurons. It was seen
that the prediction did not follow the characteristics of the true signal especially in the extreme peaks, and is in general
smoother.
The predictions based on 10, and 20 neurons had many similarities, and both followed in general the overall trend
of the true muscle activity. The difference between the two was seen in the high peaks during movement, where the
configuration based on 10 neurons achieved higher values, where 20 neurons in the hidden layer tended to overestimate
the activity. Overall 10 neurons in the hidden layer achieved a very accurate prediction in the peaks indicating a
movement.
Based on the above observations 10 neurons were selected forthe hidden layer.

D.2 Prediction of kinematics

This sections contains the basis for the selection of the number of 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 the hidden layer is illustrated for the kinematics in figure D.3
From figure D.3 it was seen that the predictions were very stable in bothx andy-direction using more than 2 neurons
in the hidden layer, with only minor variations in the predictions for the varying number
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Figure D.3: Prediction performance of the kinematic as a function of number of neurons inx-(dark grey) andy-
direction (light grey).

Figure D.4 shows the prediction of the position inx (left) andy (right) using 1 (green), 10 (blue), and 20 (red) neurons
in the hidden layer, compared to the true position (bold darkgrey).
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Figure D.4: Prediction of the kinematics using 1 (green), 10 (blue), and20 (red) neurons in the hidden layer, compared
to the true kinematics (bold grey).

The predictions in thex-direction revealed a poorer prediction based on 1 neurons in the hidden layer, where the
position was flat during the entire period compared to the true position. All movements tended to be underestimated
underestimated.
The predicted position using 10 and 20 neurons had similar characteristics and in some parts of the period, the trend
of the true position was followed well by both configurations. Though, the predictions were noisy in some transient
segments.
Similar for the predictions in they-direction yielded 1 neuron the worst results, with a quite noisy signal throughout
the entire period and with both under- and overestimation ofthe true position in some cases. The predictions based on
10 and 20 neurons followed the true signal quite well in largeparts of the period.
Based on these observations, 10 neurons were selected for the hidden layer.



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

The results were based on the muscle activity from three trials recorded from subject 1 as depicted in figure E.1 -
E.3.

0 100 200 300 400 500 600
2

4

6

8

10
Brachioradialis

0 100 200 300 400 500 600
0

50

100

150

200
Anconeus

0 100 200 300 400 500 600
0

5

10

15

20
Biceps medial head

0 100 200 300 400 500 600
0

10

20

30

40
Biceps lateral head

0 100 200 300 400 500 600
0

10

20

30

40

50
Brachialis

0 100 200 300 400 500 600
0

50

100

150
Triceps lateral head

0 100 200 300 400 500 600
0

20

40

60
Triceps long head

0 100 200 300 400 500 600
0

50

100

150
Deltoid medial

0 100 200 300 400 500 600
0

10

20

30
Pectoralis

0 100 200 300 400 500 600
0

100

200

300
Deltoid anterior

0 100 200 300 400 500 600
0

10

20

30

40

50
Deltoid posterior

Time [s]

0 100 200 300 400 500 600
0

5

10

15

20
Latissimus

M
u
sc

le
 a

ct
iv

at
io

n
 [

μ
V

]

Trial 1

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 synergies

The muscle activity was reconstructed from a varying number(N) of synergies (S) and motor commands (P). The
sizes ofSandP are illustrated below

S=

N synergies
︷ ︸︸ ︷





s11 s12 . . . s1N
...

...
...

...
sM1 sM2 . . . sMN






}

M muscles

P =

K samples
︷ ︸︸ ︷





p1(1) p1(2) . . . p1(K)
...

...
...

...
pN(1) pN(2) . . . pN(K)






}

N commands

Figure E.4 and E.5 depicts the performance of the reconstruction of the muscle activity with a varying number of
extracted synergies and motor commands shown for the individual muscles and for the concatenated muscles.
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Figure E.4: Reconstruction performance of predicting the motor commands in the individual muscles (black, mean±
SD across the number of muscles (in all three trials)) and forthe concatenated data for all muscles (grey,
mean± SD across the three trials) as a function of number of synergies.

From figure E.5 it appeared that one synergy was capable of reconstructing approx. 87% of the variability in the
original muscle activity based in the Deltoid anterior. Especially the muscle activity in the three parts of the Deltoid
were well estimated and so was the Anconeus using only one synergy. At four synergies, the activity in the Triceps
long head was substantially improved compared to three synergies. Also Triceps lateral head, Brachialis, and Biceps
lateral head. Pectoralis yielded in general a poor reconstruction.
It was seen that the prediction performance was improved formore than half the muscles up to 4 synergies, where-
after the performance flattened. Triceps long head and Lateral head especially showed an improvement from 3 to 4
synergies.
Based on the above observations, 4 was chosen as the number ofsynergies and motor commands for the predictions
during reaching using configuration SSP (based on the muscleactivity in the Deltoid muscle and gaze-direction for
the extraction of the motor commands) as described in section 5.2 on page 43.
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Figure E.5: Reconstruction performance of predicting the motor commands in the individual muscles (mean± SD
across all trials), as a function of number of synergies.
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Introduction to neural networks F
Neural networks have been applied in a wide variety of engineering problems involving pattern recognition, pattern
classification, adaptive filtering, and control [20, 162, 106, 71, 41]. The successes presented in [20, 162, 106, 71, 41],
indicates the usefulness of neural networks in different components of a variety of FES control systems.

An artificial neural network (ANN) is an array of processors that is linked by connections that can be weakened
or strengthened and the concept is based on inspiration fromthe interconnected neurons of the brain[152]. The ANN
is based on the operation of biological neural networks, i.e. each neuron generates an output based on the inputs it
receives from other neurons. Thus the functional model of the biological neuron contains three basic components,
namely the synapses of the neuron (modeled as weights), and the components representing the activity within the
neuron cell, which consists of an adder (sums up all inputs modified by their weights), and an activation function. In
this fashion the neuron receives an input and produces a response as output [152].

The ANN is an adaptive, and most often a nonlinear system, which estimate a function (or the relationship between
input and output vectors) without requiring a mathematicaldescription of how the output functionally depends on
the input, i.e. the network learn from input/output data samples [152]. The capability of learning complex nonlinear
input-output mappings is one of the characteristics that make neural networks an attractive option in many biomedical
problems. The adaptive capabilities of neural networks makes them particularly attractive for rehabilitation applica-
tions in which the system is often customized for particularindividuals.[20, 106]
The network is adaptive in the sense that the system parameters are changed during operation, i.e. during training.
After the training phase the ANN parameters are fixed and the system can be deployed, i.e. during validation.
The input/output training data are fundamental in ANN sinceit conveys the necessary information to find the optimal
parameters of the network. According to the success of estimating a specific function based on the series of examples
of correct responses, the connections between the processors are strengthened or weakened. Hence instead of working
based on an explicit set of rules to follow, the network operates based on the weights of the links within it. The non-
linear nature of the neurons (the processing elements) provides the 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 MLPNN (also denoted a multilayer feed-forward neural
network).

F.1 Multilayer perceptron neural network

An MLP NN consists of a network of perceptrons (neurons), in which the data flow strictly feedforward from input
to output units, and the data processing can extend over multiple layers of units, without feedback connections. The
MLP NN consists of the following elements [132]

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

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

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

Bias is an offset or threshold value in the neurons. The function of the bias is to provide a threshold for the activation
of neurons. The bias input is connected to each of the hidden and output neurons in a network
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A typical neuron from a MLP network is illustrated in figure F.1. A larger neural network is constructed from several
interconnecting neurons.

Input General neuron

Figure F.1: Typical neuron of a MLP network consists of an inputx (with N elements), the weightsW, the biasb, and
an activation functionϕ. Modified from [152]

The outputyk of the network is obtained by successively forming the linear combination of the inputxk, the weight

wk, and the biasbk (i.e. vk =
N

∑
j=1

wk j · xk j + bk, N being the number of inputs), and nonlinearly transform thisby a

nonlinear activation function, e.g. theS-shaped sigmoidal function, i.e. the output becomesϕ(vk).[152] Thus the
activation function relates the weighted sum plus a threshold of the synaptic inputs to the output.

Thus, each perceptron computes a single output from multiple real-valued inputs by forming a linear combination
according to its input weights (the synaptic efficacy in a biological neuron), the bias (forming the post-synaptic poten-
tial of a neuron), and transforming the output through the nonlinear activation function. The strength of the connection
between an input and a perceptron is determined by the value of the weight, i.e. negative weight values reflect in-
hibitory connections, while positive values designate excitatory connections.
Next the actual activity within the neuron cell is modeled bylinear combining the input and the weights together with
the bias. Lastly the activation function (ϕ) maps the output into the range 0 to 1 in the case of the Sigmoidactivation
function, such as the simple logistic Sigmoid function defined in equation F.1. The function is bounded and mono-
tonically increasing tending to 0 as the linearly combined input tends to−∞ and approaches 1 as the input tends to
∞. This function allows MLP networks to model both mildly and strongly nonlinear mappings, since the function is
linear near the origin and saturating rather quickly away from the origin. [152] The capability of MLP NN stems from
the non-linearities used within the nodes.

ϕ(x) =
1

1+exp−vk
∈ (0,1) (F.1)

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

F.2 Structure of MLP NN

Typical MLP NN consists of a set of source nodes forming the input layer, one or more hidden layers of computation
nodes, and an output layer of nodes. A single layer neural network has severe restrictions limiting the type of tasks
such a network can solve. A two layered feed-forward neural network with biases, a non-linear sigmoid layer, and
a linear output layer is capable of approximating any function with a finite number of discontinuities to arbitrary
precision [36, 48, 24].
If linear output neurons are used, the network outputs can take on any value instead of being limited to a small range
as is the case with the sigmoid functions [91].
Figure F.2 shows a single layer network withN number of input elements andSnumber of neurons.
In figure F.2x (N×1) represents the input units,W (S×N) the weights between each input and the unit in the following
layer, andb (S×1) the bias added to each of the weighted sums from each of the neurons in the current layer,y (S×1)
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Input Layer of neurons

Figure F.2: Single layer MLP NN withN input units,S units in the hidden layer, andS units in the output layer.
Modified from [152]

the output of the current layer, and finally the activation functionϕ for each of the units.
Thus, a two layer network with one hidden layer can be represented as shown in figure F.3 where the input signal
propagates through the network layer-by-layer and all neurons from one layer are connected to the neurons in the next
layer.

  

  

  

    

  

Input Hidden layer of logsig neurons Output layer

  

  

  

 

Figure F.3: Two layer MLP neural network with one hidden layer consisting of S units with the logistic Sigmoid as
transfer function, and one output layer consisting ofQ units with linear transfer functions.

In figure F.3x represents the input units (N×1),W1 (S×N) the weights between each input unit and each of the units
in the hidden layer (S×1), y1 (S×1) is the output vector of the hidden layer,W2 (Q×S) being the weights between
the hidden layer and the output layer (Q×1). b1 andb2 are the biases for each of the units in the hidden and the output
layer respectively.
The network shown is a full-connected (output from each input and hidden neuron is distributed to all of the neurons
in the following layer), two layer, feed-forward (the values only move from input to hidden to output layers, no values
are fed back to earlier layers), perceptron neural network.The number of input neurons corresponds to the number of
input variables (e.g. the number muscle activations), and the number of output neurons is the same as the number of
desired output variables (e.g. muscle activation, low dimensional motor commands, kinematics).
The process of the neural network can be expressed in equation F.2

ym =
Q

∑
q=1

wmq

︸ ︷︷ ︸

Output layer

·ϕ

(
N

∑
n=1

wkn ·xn

)

︸ ︷︷ ︸

1st
hidden layer

(F.2)

xn being thenth input, wkn being the weight from inputn to nodek, wmq being the weight from nodeq to outputm,
andym being outputm.
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The feed-forward neural network is also defined as a computational graph, whose nodes are computing units with
directed edges that transmit numerical information from node to node. Each computing unit is capable of evaluating
a single primitive function of its input. Hence, the networkis a 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 network produces the desired output given a set of inputs, i.e. the
strength of the connection weights have to be adjusted adequately to achieve the desired behavior, which allow the
characteristics of the input training data to be inferred. This requires a learning algorithm, to which a set of desired
input-output mappings are presented, and in response executes correction steps iteratively until the network learns to
produce the desired response. [132]
As seen in figure F.4, the learning algorithm is a closed-looppresentation of input-output mappings (training data) and
corrections to the network parameters to minimize the prediction error [132]. In the training process the outputs is
often specified as targets.

Network

Compute errorTraining input/target data

Adjust network 

weights according to

learning algorithm

1 2

3

(true vs. predicted output)

Figure F.4: Closed loop learning algorithm. The learning algorithm adapts the network parameters according to
previous experience until a solution is found. For each input, the network produces an output (1) and the
error between the predicted and desired output is calculated (2). The weights are adjusted to reduce the
error according to some learning algorithm. (1) - (3) are repeated for every sample until the errors are
minimized in the case of incremental training. Modified from[132]

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

From an initial configuration of weights and thresholds, theobjective of the training algorithm is to seek for the
global minimum. The gradient of the error surface is typically calculated in each point and the search continues along
the steepest descent[132].
The backpropagation algorithm is a popular learning method, which looks for the minimum of the error function in the
weight/bias space using the method of gradient descent. This method requires the computation of the gradient vector
of the error surface at each iteration step; hence differentiability of the error function is guaranteed by the choice of
activation function, e.g. the sigmoid function. A differentiable activation function makes the function computed by a
neural network differentiable (assuming that the integration function at each node is just the sum of the inputs), since
the network itself only computes function compositions; hence the error function also becomes differentiable. [132]
The sigmoid function always have a positive derivative, so the slope of the error function (mean square error) provides
a greater or lesser descent direction, which can be followed. The gradient vector points along the line of steepest
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descent from the current point, thus by moving along by some step size the error will decrease.
The learning algorithm progresses iteratively through a number of epochs. For each epoch the training data set is
applied to the network, from which the prediction error can be computed and the weights can be adjusted according
to the error surface gradient and process can be repeated. The process continues until some a criterion has been reach,
e.g. a certain number of epochs have evolved, the error has reached an appropriate level or when the network stops
improving.
In the backpropagation learning algorithm the forward passpredicts the outputs from the given inputs and in the back-
ward pass, the partial derivatives of the cost function withrespect to the different weight parameters are propagated
back through the network where the weights then can be adapted. Thus only the errors in the output are known and
the output errors are propagated back to the previous layer using the output element weights [132]. The following
summarizes the steps and equations involved in the backpropagation algorithm [132], here in a two layer network with
a single hidden layer with a sigmoid transfer function as illustrated in figure F.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 the weights between the input and the hidden layer are

denotedw(1)
i j , for thei’th input unit and thej ’th hidden layer unit, the weights between the hidden layer and the output

layer are denotedw(2)
i j , for the i’th hidden layer unit and thej ’th output layer unit.Y(1) is the output from the hidden

layer, andY(2) is the output from the output layer.
The bias of each of the computing units is implemented as the weight of an additional edge by extending the input
vector and output vector of the hidden unit with a 1-component (not shown on the figure). Thus the weights between

the constant 1 and the hidden unit is denotedw(1)
N+1,S and between the hidden unit and the output unitj is denoted

w(2)
S+1,Q. This leads to(N+1)×Sweights between the input sites and the hidden units and(S+1)×Q (=1) between

the hidden and output units. The weight matrices with the last row corresponding to the bias of the computing units are
denotedW1 andW2. The input vectorx is likewise extended tox = (x1, . . . ,xN,1). The outputy j of the j ’th hidden
unit is given by equation F.3

y(1)
j = ϕ

(
N+1

∑
i=1

w(1)
i j xi

)

(F.3)

since the excitation of thej ’th hidden layer isw(1)
i j xi andϕ being the sigmoid activation function. Hence the out-

put vectory(1) with its components being the outputs of the hidden layer units can be written as the vector-matrix
multiplication in equation F.4

y(1) = ϕ

(

xW1

)

(F.4)

and by applying each sigmoidϕ to each component of the argument vector.
The excitation of the units in the output layer can be computed by using the extended vectory(1) as seen in equation
F.5

y(2) = ϕ

(

y(1)W2

)

(F.5)

The total error of a training set can be computed by addition of the errors computed for each of the training input-output
sample. This error computation is based on an extended network as the one shown in figure F.5
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Output layerHidden layer Additional layer

Figure F.5: Extended multilayer network for the computation of the network error. y(1)
i being thei’th output of the

hidden layer units,w(2)
i j being the weight between this unit (i) and the output unit (j), ϕ being the activation

function, andϕ′ the derivative of the activation function, andy(2) being the outputs of the output layer.
Modified from [132]

In figure F.5 The network has been extended with an additionallayer of units, in which the error functione is computed

for the i’th component of the output vector. Additionally the error (y(2)
i − ti), t being the true output, is computed and

store. Still, each output uniti in the original network computes the sigmoidϕ and produces the outputy(2)
i . It is seen

how the addition of the error functions for each output unit yields the network errorε.
For p input-output samples in the training set, the total error function can be computed by creatingp networks like the
one shown in figure F.5 and adding the individual error functions.
After setting the initial weights, the algorithm follows the steps listed above. Initially the input vectorx is presented
to the network, and the vectorsy(1) andy(2) are computed and stored in each unit, and likewise is the derivative of the
activation function.

After the feed-forward step follows the backpropagation step, in which the partial derivative
∂E

∂w(2)
i j

is computed. The

backpropagation path from the network output to the output unit j is illustrated in figure F.6

Output layerHidden layer

1

Additional layer

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

left part of the unit.y(2)
j being the output of output neuronj, t j being the true output of unitj, eS being

the error function for unitj. Modified from [132]

Thus, the backpropagated errorδ j can be written in equation F.6

δ(2)
j = y(2)

j (1−y(2)
j )(y(2)

j − t j) (F.6)

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

∂E

∂w(2)
i j

= δ(2)
j x(1)

i (F.7)

by considering the weightw(2)
i j to be a variable and the inputx(1)

i to be a constant (originating from the previous layer).
The backpropagation to the hidden layer can now be computed as illustrated in figure F.7.



F.3 Learning of a neural network 115
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Backpropagated 

error

Figure F.7: Backpropagation path from the output to the hidden layer.w(1)
i j being the weight from hidden unitj to

input i, y(1)
j being the output of the hidden unitj, w(2)

jk being the weight from output unitk to hidden unit

j, δ(2)
k being the backpropagated error from output unitk. Modified from [132]

The partial derivative of interest is now
∂E

∂w(1)
i j

. Each unitj in the hidden layer is connected to each unitq = 1, . . . ,Q

in the output layer with the weightw(2)
jq . The error is computed by taking into account all possible backwards paths as

expressed in equation F.8

δ(1)
j = y(1)

j (1−y(1)
j )

Q

∑
q=1

w(2)
jq δ(2)

q (F.8)

And the partial derivative becomes as expressed in equationF.9

∂E

∂w(1)
i j

= δ(1)
j xi (F.9)

xi being the input vector.
Finally, after computing all the partial derivatives, the last step in the algorithm is to update the weights in the negative
gradient direction. A learning stepγ defines the step length of the correction. The corrections are expressed in equation
F.10

∆w(2)
i j = −γx(1)

1 δ(2)
j , for i = 1, . . . ,S+1; j = 1, . . . ,Q (F.10)

∆w(1)
i j = −γxiδ

(1)
j , for i = 1, . . . ,N+1; j = 1, . . . ,S (F.11)

(F.12)

Remembering thatxN+1 = y1
S+1 = 1. Thus the corrections to the weights are made after the backpropagated error

has been computed for all units in the network. The case with number of training samplesp > 1, the weight cor-

rections are computed for each pattern∆1w(1)
i j , ∆2w(1)

i j , . . ., ∆pw(1)
i j and the update in the gradient direction becomes

∆w(1)
i j = ∆1w(1)

i j +∆2w(1)
i j + . . .+∆pw(1)

i j for learning in batch mode, in which weights and biases are only updated after
all the inputs and targets are presented.

In summary, the feed forward computation stores both the evaluation of the primitive function and the derivative.
In the backpropagation the constant 1 is fed into the output layer and the network is run backwards. The incoming
information to a node is added and the result is multiplied bythe derivative stored in that unit. The result is transmitted
to the left in the of the unit and the result collected at the input unit is the derivative of the network function with
respect to the input to the network.
This method suffers from various convergence problems [129]. These problems can be solved by using second order
derivatives, which is applied in the Levenberg-Marquardt (LM) algorithm one the most widely used optimization algo-
rithm and is suggested for moderate-sized feedforward neural networks (up to several hundred weights) [43, 84, 28].
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In the following, the LM algorithm [80, 133] is introduced toan extent which explains the parameters, which are
configured in practice. For a detailed description of the LM algorithm please refer to [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 order derivative of the error in the search for the optimal weights.
The LM algorithm provides a faster solution due to the incorporation of the second derivative of the error information
and automatic incorporates adjustments of the learning parameters. [80]
The idea of the LM algorithm is to minimize the squared distanceεtε, ε = x− x̂. Letting f being an assumed functional
relation which maps a parameter vectorp ∈ Rm to an estimated measurement vectorx̂ = f (p), x̂ ∈ Rn. The basis of
the LM algorithm is a linear approximation tof in the neighborhood ofp. [133, 80]
For a small||∆p||, a Taylor series expansion lead to the approximation in equation F.13

f (p+ ∆p)≈ f (p)+J∆p (F.13)

J being the Jacobian matrix∂ f (p)
∂p . At each step in the iterative algorithm is to find the∆p that minimizes the quantity

given in equation F.14

||x− f (p+ ∆p)|| ≈ ||x− f (p−J∆p)||= ||ε−J∆p|| (F.14)

The minimum is attained whenJ∆p− ε is orthogonal to the column space ofJ, yielding JT(J∆p− ε) = 0, ∆p being
the solution to the normal equations in F.15

JTJ∆p = JTε (F.15)

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

N∆p = JTε (F.16)

The off-diagonal elements ofN are identical to the corresponding elements ofJTJ and the diagonal elements are given
in equation F.17

Nii = µ+[JTJ]ii , µ> 0 (F.17)

The diagonal elements ofJTJ is altered by damping, whereµ is the damping term. If the updated parameter vector
p + ∆p, ∆p computed from equation F.16, leads to an reduction in the error ε, the update is accepted and the process
repeats with a decreased damping term. Otherwise equation F.16 is solved again, and the process iterates until a value
of ∆p is found (corresponding to one iteration of the LM algorithm). The damping term is adjusted at each iteration
to assure a reduction in the errorε, thus the damping is raised if a step fails to reduceε and otherwise the damping is
reduced. [73]
The steps of the LM algorithm is the following [150]

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

2. The Jacobian matrixJ with respect top is computed,p representing the weights and biases of the network

3. The Levenberg-Marquardt weight update equation F.16 is solved to obtain∆p

4. The error is recomputed usingp + ∆p. In case the new error is smaller than the one computed in step1, the
training parameterµ is reduced byµ−, andp = p+ ∆p is computed and the algorithm returns back to step 1. If
the error is not reduced, thenµ is increased byµ+ and returns to step 3
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5. The algorithm is terminated when at least one of the following conditions is met

Magnitude of gradient (εεt , i.e. JTε) drops below some thresholdε1

The relative change in the magnitude ofδp drops below a thresholdε2

The errorεTε drops below a thresholdε3

A maximum number of iterationskmax is completed

µ+ andµ− are predefined values, typically initiated to 10 and 0.1 respectively.[150]
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Configuration of applied
eyetracker G
This chapter contains an elaborated description of the configuration of the specific eyetracker.

G.1 Eyetracker Tobii X120

Eye-tracking was recorded using Tobii X120 Eye-Tracker (firmware 1.1.14) (sampling frequency 120 Hz), and Tobii
Studio v.1.3.23 eye-tracker software running on Windows XP. The eye tracker communicated with the computer via a
standard network cable.[155] Figure G.1 shows the eyetracking setup.

Virtual screen

Tobii 120

Max 35˚ Max 35˚

Max 35˚

12 cm

70 cm

Virtual screen

12 cm

59 cm

8 cm

Calibration grid / virtual screen

Horizontal surface

a)

b) c)

Position settins for Tobii Studio

Relevant measures Eye-tracker limits

Figure G.1: Eye-tracking setup. a) Position parameters set in Tobii Studio b) Relevant measures for the eyetracking
setup. The subject was placed approximately 70 cm. from the eye-tracker in an upright position (90◦

with the horizontal plane). c) Limits of the eye-tracker. Itwas ensured that gaze angle did not exceed 35◦

to any point on the virtual screen.

Distance to calibration grid, calibdist -59 cm, the minus indicates that the eye-tracker is located behind the virtual
screen measured from the back edge of the eye-tracker to the front end of the virtual screen

Horizontal eye-tracker angle, Hangle Adjusted with respect to each subject, such that the eyes areplaced in the
center of the status track window when the subject is placed 70 cm from the eye-tracker. Approx. 15◦

Vertical eye-tracker angle 90◦ (0◦ indicates completely vertical)

Active display area 40 cm× 30 cm set as illustrated in figure G.2

Height difference between display and eye-tracker, Hdiff 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, Soff 0 cm, as illustrated in figure G.3

Rotation, Rang 0◦ as illustrated in figure G.3

5 point calibration grid Virtual screen 25% larger

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

Eye-tracker

a)

Calibration grid

b)

Eye-tracker

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

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

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

The placement of the eye-tracker ensured that the gaze angledid not exceed 35◦ to any point on the virtual screen.
Initially the eye-tracker was calibrated, to learn the characteristics of the subject’s eye movement to achieve accurate
estimation of the gaze points. Thus when the eyes were detected the eye tracker tracker was trained to associate a
position of the eye to a specific location on the object. During calibration, the subject concentrated on focusing the
eyes on the calibration points. Relaxed movement improved the calibration quality.

The setup was configured as a ’Screen recording’ configured inTobii Studio and performed with a perspective cali-
bration. This was performed by placing a calibration grid (white paperboard with 5 calibration points marked, one in
each corner and one in the middle as seen on figure G.5) on the surface to be tracked and with the subject placed in
the center of the calibration grid. The calibration grid wasattached to the surface below the virtual screen.
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2
4

 cm

32 cm

Figure G.5: Perspective 5 point calibration grid

Manual calibration mode was selected in Tobii Studio and wasevaluated according to calibration plot showing error
vectors as seen on figure G.6, thus in case of great errors (long lines indicates insufficient calibration) (a), recalibration
was performed until sufficient calibration was achieved (b).

Figure G.6: Calibration plot from the eye-tracker. a) Calibration plotof the eye-tracker shows great error, implying
that recalibration is needed. b) Calibration of the eye-tracker 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 Studio after the recordings

DateTimeStamp Recalculate d and shown in minutes, seconds and milliseconds (mm:ss:ms)

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

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

GazePointX The horizontal grid position based on the average of both eyes

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

Separated in three files, on containingDateTimeStamp, Event, Descriptor, another containingGazePointX and
GazePointY, and the last file containingEvent. The above configuration was saved in expSetup (Export/TextExport/)
and selected for all recordings. The data points between thelogged events ’Start’ and ’Stop’ were used for the data
analysis.
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Trigger application H
This chapter describes how the synchronization was initiated by the eyetracking software. Additionally this chapter

documents i detail how the trigger application was programmed via the API.

The synchronization setup is shown in figure H.1

EMG Motion tracking

Tobii Eye-trackerTobii studio
Trigger application 

programmed via 

SDK in C

Component API Protocol API
I/O access Driver

Sync. signal TCP/IP

Parallel

 port

TCP/IP

Synchronization of signals

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

H.1 Required software

The following software was used for the development of the application to trigger Tobii Studio.

• Windows XP (operating system)

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

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

• cv.dll, cv.lib, andcv.h (Makes the Tobii Trigger Low Level API available to the compiler)

• Microsoft Visual Studio 2008 (compiler)

• UserPort.sys (kernel driver for Windows NT/2000, which enables usermodeprograms to I/O ports, hence it
becomes possible to access hardware directly from a normal executable as in previous Windows versions and
DOS)

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

H.2 Interfacing the parallel port

This section describes in detail how the interfacing with the parallel port was conducted to be able to use an external
trigger signal for synchronization of the eye-tracker withthe 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 port toacquire the analog input signal which serves as the external
trigger. Initially the parallel port is introduced followed by a description on how to interface it. The parallel port is
a 25 pin female connector as seen in figure H.2. The primary useof the 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

• Data lines (data bus)

• Control lines

• Status lines

Thus data is transferred via the data lines (8 lines), control lines (4 lines) controls the peripheral devices and they
returns status signals back to the computer through the status lines (5 lines). These three categories of lines are
connected to Data, Control And Status registers internallyin the computer, i.e. by manipulating these registers it is
possible to read and write to the parallel port. The registers are virtually connected to the corresponding lines, hence
what is written to the registers appears in corresponding lines as voltages. E.g. if ’0x01’ is written to pin 0 in the Data
register, the lineData0 will be driven to a high voltage, ’0xFF’ will drive all pins inthe Data register to a high voltage.
The parallel port is TTL-compatible, implying ’high’ is between +2.4 and +5v and a ’low’ is between 0 and 0.8v.

H.2.2 The address of the parallel port

In a typical PC the base address of LPT1 is0x378. The data register then resides at this base address, the status register
at base address +1 (0x379) and the control register is at base address +2 (0x37a).

H.2.3 Reading from and writing to the parallel port

UserPort.sys was installed by copying it toWindows/system32 and runUserPort.exe. select the addresses that
should be open and click start. The parallel port was tested by a simple analog circuit consisting of a LED and a
resistor andlpt.exe, which allows you to write and read from the parallel port viaa GUI, i.e. turning the LED on
and off.
The kernel driverUserPort.sys was started by usingUserPort.exe, which allowed access to the parallel port
directly from a Win32 application written in C. The driver made 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 to be analyzed. The application developed to trigger the Tobii
Studio interfaced also with the parallel port . This was achieved by using the Tobii SDK, and specifically the Tobii
Studio Trigger Low Level API, which is an API accessible fromWindows 32-bit environments including Windows
XP. The API is implemented as a traditional WindowsDLL by cv.dll and can be used by any language that supports
DLL calls such as C. This API is a set of function calls that handles the connection to and the communication with
Tobii Studio. Two steps were initially performed as described below
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• Tobii SDK was installed (movedCVTrigComp.dlll andcv.dll to a directory accessible to the computer and
registering the components)

• cv.dll, cv.lib, andcv.h was moved from the folders inC:/Program Files/Tobii/SDK to the directory in
which the project was located

The following functions is accessible by using the API declared in the header filecv.h

CV_Init(ipAddress, CLEARVIEW_SERVER_PORT_NUMBER, NULL) Connect to ClearView and performs
internal initializations, creates a connection to ClearView and sets up necessary internal states

CV_StartWithName("My first recording") Start a named recording

CV_LogEvent("MyEventText") Add a text data record to an ongoing recording, which is logged

CV_GetLastError Get error details if any function call returned error. Whenever aCV_ERROR is returned from
anyCV_XXX function a call to this function will return the specific lasterror

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

CV_Close() Disconnect from ClearView and perform internal cleanups

H.4 Synchronization via software

The data recording systems, i.e. EMG, motion capture, and eyetracking were synchronized via a signal send from
the developed application to the eyetracking acquisition software, at the time of an event, created at the start of the
recordings of the eyetracker. This synchronization signalwas sent to the EMG and motion capture system. Figure H.3
depicts the synchronization process and the possible delaythis imposes between the signals.

Create and log event

Write to parallel port
Receive sync. signal Call .dll

Send sync. signal

∆t

t = k t = k + ∆t 

Eyetracking 

acquisition software

EMG  and Motion capture 

acquisition systems

Operating system

Figure H.3: Possible synchronization delay of the data recording systems. The synchronization signal sent from the
application to the EMG and motion capture system are delayedwith ∆t with respect to the logged event.

As depicted on figure H.1 the developed application communicates with eyetracker acquisition software via an API. At
the time of the event being logged in the eyetracking acquisition software, a.dll was called before the synchronization
signal was sent. This implied a delay between the recording of the eyetracking and the other recording systems. The
delay was depended on the operating system, i.e. the number of processes running at the time. Having only the
eyetracking acquisition software launched minimized thisdelay but theoretically, it could have an effect upon the
predictions.




