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Chapter 1
Introduction
Measuring is an important tool for optimisation. To get faster, stronger or
to gain more knowledge about their own performance, humans aim to collect data on their own behaviour. One major example of this is the growing
Quantified Self community with their slogan “Self knowledge through numbers” [55]. People aim to record certain areas of their live in numbers, e.g.
numbers connected to their health or fitness. This data has to be collected,
analysed and visualised in graphs or statistics to help users understand their
own data easily [36]. Users are also increasingly interested in comparing
themselves with other users, which they can do with a variety of fitness
apps. Due to the increasing number of hardware and software related technological developments, the collection of data can be achieved constantly
easier. For example, the sports platform Strava collects cycling data to allow users to analyse their own performance and compete with other people’s
performances. Besides the personal use of this data, this big data [10] collected during everyday life of all users can be evaluated for different tasks
using artificial intelligence. For example, cycling data was used to provide
information on cycling behaviour and air pollution in cities [63].
It is desirable that more data from everyday life be collected in the field
of biomechanics too. With regard to the changes society has undergone, one
application for technological enhancements is public health. Technology can
improve old people’s quality of life by retaining their mobility [43, 52, 41] or
they can make it easier for obese people to monitor themselves, helping them
to modify their behaviour regarding activity levels or dietary habits [57, 53],
to name just a few examples.
For the aforementioned applications, quality of motion needs to be eval1
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uated as easily as possible because motion is a major aspect of life and
quality of life, with gait being the most common form of human locomotion
[54]. Therefore, it is necessary to develop reasoned measurement technology
in the field of motion analysis to investigate not only the number of steps
taken on a given day, which is already common practice using fitness tracker,
but to take this a stage further and evaluate their quality and gain insight
into the stress people experience during their everyday life. Nowadays, motion analysis is still predominantly restricted to motion laboratories and not
widely available to people. This has to be considered as a major limitation
considering the relevance of gait analysis. For example, 89 % of surgery on
children with orthopaedic constraints would have been performed differently,
if there had been access to a preoperative gait analysis [32]. Additionally,
data processing needs to be fast to generate reports or provide feedback to
users on the fly. Amongst others, feedback systems can be effectively used
to train knee osteoarthritis patients on changing their gait pattern to reduce
the knee adduction moment, which is one important parameter for the onset and progress of knee osteoarthritis [70]. Unfortunately, these feedback
systems are until now only available in gait laboratories and their success
cannot be evaluated in real life. To overcome this, cheap and easy-to-use
technology can be used that is capable of collecting data on people’s movement mechanics in their real environment. For these applications a higher
accuracy is necessary than the one provided by common fitness trackers and
fitness apps. The IMU-based motion analysis systems on the market are
not capable of collecting information on the motion kinetics, and the use
of sensor fusion techniques to determine the motion kinematics suffers from
inaccuracies due to unstable magnetic fields in many everyday scenarios [11].
Therefore, a higher accuracy can only be achieved by utilising a more sophisticated measurement set-up and by collecting data during everyday life.
Thereby, a large amount of data will be available to further improve software
solutions based on artificial intelligence [15]. These technological solutions
will be able to support clinical and sports-related applications in the field of
motion analysis in the future.

Chapter 2
Artificial Intelligence
Artificial intelligence (AI) can be used to analyse big data [15]. There is no
common definition of this term, but there are several requirements: big data
needs to incorporate information, which can be stored using specific technology and which can be analysed using distinct methods and, thereby, an
impact can be created. One possible definition yields: “Big Data is the Information asset characterized by such a High Volume, Velocity and Variety
to require specific Technology and Analytical Methods for its transformation into Value.” [10]. This data cannot be collected using the standard
biomechanical laboratory approach, but needs to be collected in daily life
outside the laboratory. This is especially useful to get an unbiased insight in
people’s motion characteristics. Today’s methods for analysing motion outside the laboratory are not as accurate as inside, but with the collection of
big data using appropriate technology and the development of adequate AI
based methods this gap might be bridged. Both an appropriate technology
and adequate AI based methods will be presented in this and the subsequent
chapter of this thesis.
As displayed in Figure 2.1, the term AI includes several subclasses such
as machine learning (ML), expert systems, robotics, and so forth. Mitchell’s
[40] definition of ML is probably the most established one: “A computer
program is said to learn from experience E with respect to some class of
tasks T and performance measure P, if its performance at tasks in T, as
measured by P, improves with experience E.”
The task T defines the problem that needs to be solved. In general, ML
algorithms provide statistical numerical solutions if a deterministic solution
is difficult to implement or time-consuming to execute. Examples of different
3
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ANN

Recurrent
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Convolutional
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Intelligence
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Reinforcement
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Figure 2.1 Overview of different subclasses of artificial intelligence. The methods
used in this thesis are highlighted in dark blue, while other methods are displayed
in light blue. In this thesis, two types of artificial neural networks (ANNs) were
investigated for the prediction of time series data, which is a regression task:
fully-connected feedforward neural networks and recurrent long short-term memory (LSTM) neural networks. In contrast to fully-connected feedforward neural
networks, recurrent networks are capable of retaining the time dependency of data.
In this application, the neural network learns the connection between the input
parameters and the known target parameters, which makes it a supervised learning application. This figure does only provide an overview on selected subclasses
without aiming to present a complete overview.

tasks that can be solved using ML algorithms are classification, clustering
or regression. The experience E describes how the ML algorithm can learn,
either supervised or unsupervised. The terms clustering and classification
are worth mentioning in this context. Both terms describe the division of
data into different groups, but clustering is data driven while classification
is task driven. Clustering methods, as a subclass of unsupervised learning,
learn to distinguish between groups based on the underlying data only, while
classification methods, as a subclass of supervised learning, learn due to a
given target group. For this reason, classification tasks need labelled data,
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i.e. known targets, while clustering tasks require the computer program to
find patterns for unspecified clusters by itself. Since it is not known which
clusters are identified by which clustering algorithm based on the given data
set, the results must be carefully reviewed, as clusters might otherwise be
divided erroneously. In contrast, classification is dependent on labels for the
data, which are in many cases assigned manually. Since this is very timeconsuming, labelled datasets are very valuable. In contrast to classification
or clustering, where the computer program learns to distinguish between
groups of data, the computer program needs to predict a numerical value as
output in regression tasks. The performance measure P is used to evaluate
the accuracy of the predicted values compared to the input. P needs to
be defined specifically for each task T and is supposed to improve with
each experience E. In some cases, it might be important that there are no
samples with large mistakes, while medium sized mistakes on many samples
are acceptable. In other cases, it might be the other way round. Both might
result in the same size of error. For this reason, further evaluation metrics
are necessary and need to be considered for the specific problem [18].
In this thesis, only supervised learning techniques were applied to solve regression tasks. More specifically, fully-connected feedforward neural networks
(FFs) and recurrent long short-term memory neural networks (LSTMs), representing different kinds of artificial neural networks (ANNs), were used to
estimate time series data based on given target values.

2.1

Artificial neural networks

Artificial neural networks fundamentally are universal function approximators [6]. Instead of explicitly programming the solution of one specific task,
they learn from existing data. Artificial neural networks have been inspired
by the structure of the human brain, consisting of multiple neurons that
represent the capacity of the network. The neurons are arranged in multiple
layers. Besides the input and output layer, they can have a varying number of
hidden layers. As an example, a fully-connected feedforward neural network
is displayed in Figure 2.2. An ANN with a single hidden layer consisting of a
sufficient number of neurons is able to approximate any continuous function
to any desired precision [6, 24].
Based on the selected activation functions, the activation of each layer is
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x1w11 (1)
input
layer

hidden
layer

output
layer

x1

x2w12 (1)

a11w11(2)
a11w12(2)

a = f(z) = f(wTx+b)

ŷ1
x3w13 (1)

x2

ŷ2

x3

ŷ3

a11w13(2)

b

sig(z)

tanh(z)

relu(z)

Figure 2.2 Each neuron receives multiple inputs x to determine one scalar output
a which is passed to the next neuron or defines the final output. The inputs are
weighted by w and summed up during the learning process. Finally, the sum z is
transformed by a (non-linear) activation function f (z) as displayed on the right.
The bias term b is added to each neuron.

described by:
a(l) = f (l) z (l)



with z (l) = W (l) a(l−1) + b(l)

∀ l = 1...L

(2.1)

with
a(0) = x :
(L)

a

= ŷ :

input
prediction.

During learning, neural networks adapt their weights W (l) and biases
b(l) to minimise the error – or maximise the similarity of the distributions
– between the output y and the prediction ŷ. A commonly used metric to
describe the error for regression tasks is the mean-squared-error:
 = LMSE (y, ŷ) =

1
1
ky − ŷk2 =
kδk2 .
Ny
Ny

(2.2)
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output
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x2

δ2
(1)

δ3

(L)

x3

δ3
(1)

δ4

Figure 2.3 The error is back-propagated through the neural network to optimise
the prediction.

Based on the loss function, the training process of the ANN can be performed. The error is back-propagated through the ANN (see Figure 2.3) and
the weights and bias terms are updated accordingly to decrease the error.
When using gradient descent as optimisation, the gradient of the loss is determined with regard to the weights. The weights are adapted to decrease
the loss optimally towards the global minimum but in most cases to a local
minimum:
∂L
∂
=
(L)
∂a
∂ ŷ
∂
=
.
∂a(l)

δ (L) =

(2.3)

δ (l)

(2.4)

For each layer l the error δ (l) is computed and the influence of W (l) and
b on δ (l) is evaluated. Based on this, W (l) and b(l) are updated before the
next forward pass. Thereby, the error  is iteratively decreased. The layer
errors δ (l) ∀l = L . . . 1 can be derived from the chain rule:
(l)

δ (l) =

(l+1)
∂z (l+1) ∂a(l+1) (l+1)
(l+1) ∂a
δ
=
W
δ (l+1) .
∂a(l) ∂z (l+1)
∂z (l+1)

(2.5)
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Analogously, the chain rule can be used to derive the influence of each
weight on the error:
∂
∂z (l) ∂a(l) ∂
=
∂W (l)
∂W (l) ∂z (l) ∂a(l)
 ∂a(l) (l)
∂
(l)
=
I
⊗
x
δ .
∂z (l)
∂W (l)

(2.6)
(2.7)

As displayed in Figure 2.3, the layer errors are used during the backpropagation to update the weights of the different layers accordingly:

∆W (l) = −α

∂
.
∂W (l)

(2.8)

In this equation, α displays the learning rate, which is a hyperparameter
of the model and will be further explained in the following.
Fully-connected feedforward neural networks need a large number of parameters W (l) and b(l) , because the shape of the weight tensor W (l) scales
quadratically with the dimensionality of the layers l and l−1. For time series,
where it is common practice to flatten the sequence axis when using FFs, this
means that the time dependency of the data is taken away, increasing the
number of inputs. For this reason, it might become difficult to find the most
relevant time-dependent patterns in the data, despite the large number of
parameters [18].
To overcome this, alternative, recurrent networks have been developed for
the prediction of time series data and the preservation of time dependencies
(see Figure 2.4). While fully-connected feedforward neural networks need
consistent sequence lengths as inputs and outputs, recurrent neural networks
can learn from arbitrary sequence lengths. They process only the preceding time steps and not the complete sequence (see Figure 2.5). In contrast
to fully-connected feedforward neural networks, they have time-delayed inner recursions and inner states that serve as a memory. Unfortunately, the
memory of RNNs suffers from exploding or vanishing gradients during the
back-propagation, which leads to distinct errors during the learning process.
For detailed information on this see Goodfellow et al. [18, pp. 396-399].
One specific recurrent neural network is the long short-term memory neural network, which was introduced to overcome the long-term dependency
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(a)

a(l)

a(l) = f(W(l)a(l-1)+b(l))

a(l-1)

9

(b)

t

a

t

a = f( W[t-1a,tx]+b)
t

t

x

Figure 2.4 A standard fully-connected feedforward neural network (a) and a
recurrent neural network (b). The recurrent neural network is extended by an
additional loop.

problem [22, 16]. The difference between an LSTM and a standard recurrent
neural network are the LSTM’s gate layers, which consist of four different
layers that decide how to update the cell state for the next recurrence. The
gate layers ensure that relevant information from the past can be memorised and information only relevant for a short time can be dismissed. Three
different gates are used to update the cell state and thereby calculate the
activation for the next recursion (see Figure 2.6) [18].

2.2

Dataset split

For neural network applications, the complete dataset is split into three subsets: the training set, the validation set and the test set. Generally, the
training set is the largest subset, consisting of about 70 % of the data. The
validation and test set comprise 15 % of the data each. The validation set
is used to evaluate the trained model and to find the best architecture and
hyperparameters. The test set is only used to evaluate the final model after
all tuning is completed. Hence, to get representative results all three subsets
should include the same patterns. If patterns found in the validation and
test set are not part of the training set, these patterns cannot be learned by
the neural network. If the validation and test do not include similar pat-
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t-1
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t-1
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t-1
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a

t-1

a

t

a = f( W[t-1a,tx]+b)
t

t

x

t+1

a

t

a

t+1

a = f( W[ta,t+1x]+b)
t

t+1

a

t+1

x

Figure 2.5 Unfolded view on a recurrent neural network. The neural network is
extended by an additional loop which allows the use of previous information for
the subsequent prediction.

terns, the prediction on one subset might be very good, while they are not
accurate on the other subset. This makes the tuning process of the model
very cumbersome because the architecture and hyperparameters found to be
best for the validation set might cause large errors in the test set. To achieve
a good representation of relevant patterns in all subsets, different strategies
have been proposed.
For most biomechanical applications, only small datasets are available.
Nowadays, the data is split randomly into the different subsets. For small
datasets, this might cause a test or validation set that cannot adequately be
described by the training set. To overcome this issue, cross-validation techniques are applied [18] and need to be considered carefully. Most datasets
comprise many samples of single subjects. Using a split by sample, data of
one subject might be part of the training, validation and test set . Since
samples of one subject are in general fairly similar if the subject shows stable
motion patterns, the prediction accuracy on these samples is much higher
than on samples of subjects that were not part of the training set. To overcome this, the data needs to be split by subject and not by sample (see Figure
2.7) [59].
As displayed in Figure 2.8, an increased number of folds for cross-validation
leads to smaller variance in the prediction accuracy. To overcome the dependency of the results on the dataset and the number of folds, different
strategies have been proposed [3]: the most common partial data splitting
strategy is the k-fold cross-validation. In this case, one fixed test set is split

CHAPTER 2. ARTIFICIAL INTELLIGENCE
t
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t

c

a

t-1

c

t-1

c = ta(f) ○ t-1c
~

t

c = ta(i) + t-1~
c

t

a = f(tc) ○ ta(o)

t (i)

a = tã(i)○tã

t (f)

a

= sig(W(f)tx+b(f))
forget gate

t

x = [tx,

t (i)

ã = sig(W(i)tx+b(i))
input gate

t

ã = f(Wtx+b)
state update

t (o)

a

= sig(W(o)tx+b(o))
output gate

t-1

a]

Figure 2.6 Overview of an LSTM cell. In each cell, four different networks are
trained (bottom line) to be able to memorise relevant information over long time.
According to these information, the internal cell state t c and the activation t a is
updated and used as further input during the next recurrence.

off the dataset first. Afterwards, k different training and validation sets are
defined. The neural network is trained for each of the k training and validation sets and evaluated with the single test set afterwards. Thereby, the
hyperparameter tuning can be performed on different validation sets. This
has been shown to improve the generalisation capabilities of the network [18].
Another reasonable but exhaustive cross-validation strategy is the leave-oneout validation. With this strategy, a model is trained on n − 1 samples
(subjects in biomechanics) and the left-out sample (subject) is used for validation. This leads to n models that need to be trained. For this reason, this
strategy cannot be used for datasets comprising a large number of subjects.
Additionally, choosing the validation set is difficult, and the hyperparameter
tuning requires enormous computational effort.
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subject 3

subject 3

subject 4

subject 4
subject-wise
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subject 2
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subject 1
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Figure 2.7 Especially for small datasets, which are commonly used in biomechanics, the use of a sample-wise dataset split should be avoided and replaced by
a subject-wise split (adapted from [59]).

classiﬁcation error

2 subjects
10 subjects
30 subjects
subject-wise
sample-wise

number of folds

Figure 2.8 Classification accuracy based on different cross-validation strategies
(adapted from [59]).

2.3

Evaluation of the model

Based on the validation set, the model’s performance can be evaluated. The
best model must neither underfit nor overfit (see Figure 2.9).
If the capacity of the model is too large, it starts to memorise the training
data and cannot generalise to new data from the validation or test set. If the
capacity is too low, it cannot represent the relevant features in the training
data. Both can be seen in the loss curves in Figures 2.9a and 2.9b. A model
that overfits shows high variance and low bias, while a model that underfits
is characterised by low variance and high bias. High bias means that the
model is not fitting to the training data at all, while high variance results in
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(a) The training loss further decreases but (b) The training and validation loss do not
the validation loss increases.
decrease after a short time.

Figure 2.9 The loss curves of the training and validation set show whether the
model over- or underfits the data.

very good training results but no generalisability. To avoid underfitting (high
bias), the capacity of the network needs to be enlarged using more neurons
or layers, which increases the likelihood of overfitting. To prevent a model
from overfitting, different strategies have been proposed. The simplest regularisation strategy to prevent the model from overfitting is early stopping.
In this case, the training procedure is stopped as soon as the validation loss
stops decreasing. A more sophisticated regularisation strategy used in this
thesis is dropout. Dropout means that individual neurons of the network are
randomly switched off during the training process to prevent these neurons
from specialising in specific features. If one neuron is switched off, the neighbouring ones need to adopt the task of the dropped out neuron (see Figure
2.10), which results in a better generalisability [18].

2.4

Neural network optimisation

During the optimisation process of an ANN, the architecture and different
hyperparameters need to be tuned. The architecture of an FF and an LSTM
is described by the number of hidden layers and the number of neurons per
layer. Once a good architecture for the ANN has been found, hyperparameters are tuned mainly by means of a grid search [18]. The hyperparameters
used in this thesis are presented in the following paragraphs.
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Figure 2.10 Neural network with dropout applied. Single neurons and its incoming and outgoing connections are disabled randomly during training.

Learning rate
The learning rate α is a hyperparameter that controls the rate of convergence during training. If α is set too high, the optimisation will fail to
converge, because no minimum can be found. If α is set very low, the convergence will be very slow (see Figure 2.11). A low learning rate α will
cause small weight updates, which might make a higher number of iterations necessary for convergence. However, a high learning rate α might cause
the learning process to become unstable and the model’s weights to diverge.
To overcome this issue, the learning rate is gradually decreased during the
learning process:
k
k
αk = (1 − )α0 + ατ ,
τ
τ

(2.9)

with k denoting the number of iterations and τ denoting the number of
decay iterations. The initial learning rate α0 , the number of decay steps τ
and the learning rate after τ iterations ατ or the decay rate are the hyperparameters that need to be set.
Batch size
For improved computational cost during training, the neural network is
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Figure 2.11 The learning rate α results in a minimum error only if its size is
chosen appropriately.

trained in mini batches consisting of a specified number of samples. As a
result, the gradient only needs to be calculated for the specified number of
samples in one batch. During the training process, the samples within a
mini batch are chosen randomly. Thus, the weight and bias updates occur
according to those samples in the mini batch. Thereby, the batch size has a
regularising effect [71, 18] and can therefore also be regarded as a hyperparameter that needs to be tuned.
Dropout
Dropout is used for regularisation. By masking different hidden neurons
randomly during the training, it adds noise to the hidden neurons to improve
their generalisability. In large neural networks, co-adaption occurs. In this
process, rather strong connections are favoured during training, hence, these
connections become even stronger, while weaker connections remain weak.
This results in a rather small network with very strong connections, which
tends to overfit to specific inputs. By randomly disabling neurons during the
training process, parts of the model are disabled, which reduces the models’
capacity and prevents co-adaption. By using dropout, only parts of the large
network are updated and it becomes possible to swap and interchange hidden
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neurons in one layer because no neuron is specialised in one task. During
testing, the outputs of each layer are scaled down based on the number of
disabled neurons [61]. The dropout rate is usually chosen between 0.5 and
1, which means that either half of the neurons of a network are dropped out
during the training process or none. The closer the dropout rate to 1, the
less regularisation occurs [18].

2.5

Towards application

Artificial neural networks can be used to predict data, that cannot be measured easily based on data than can be collected easily and that is connected
to each other. However, it is necessary to collect reliable training for this
approach using a gold-standard measurement set-up. After training the network, it has to be validated and can afterwards be applied to new data. One
sports-related example is the determination of the maximum oxygen uptake.
A neural network can model the connection between different anthropometric data and the shuttle run performance as inputs to predict the maximum
oxygen uptake as target [60]. Both anthropometric data and shuttle run
results can be easily obtained during a training session, while the measurement of the maximum oxygen uptake cannot be performed easily. For this
purpose, a trained neural network model is a valuable tool to get insight into
the maximum oxygen uptake. However, it is necessary to get a model that
is trained and valid for the population to be analysed. For this purpose,
it is first necessary to collect a large number of training samples using a
gold-standard approach.

Chapter 3
Inertial Measurement Units
In many consumer electronics as well as in telecommunication, navigation and
in the car industry, microelectromechanical systems (MEMS) play an important role. The advantages of these systems are their small size (micrometerscale), low power consumption, high sensitivity and low fabrication costs.
MEMS consist of mechanical and electrical components and include signal
acquisition and processing [21]. An inertial measurement unit (IMU) is a
type of MEMS. This single unit comprises three different MEMS sensors: an
accelerometer to measure the linear acceleration, a gyroscope to determine
the angular rate, and a magnetometer to measure the magnetic field strength.
Since all of these sensors have advantages and disadvantages, sensor fusion
algorithms are commonly used to attenuate the drawbacks and maximise the
strengths.
In this chapter, the general working principle, advantages and disadvantages of the different sensors are depicted and a commonly used sensor fusion
algorithm is presented. Afterwards, a brief overview of the custom IMU system used in this thesis is given.

3.1

Inertial sensors

The term inertial sensors covers accelerometers as well as gyroscopes.
Acceleration sensors incorporate a proof mass that is connected to a frame
by spring elements. The proof mass moves relatively to the frame of the
sensor when acceleration is applied, and integrated strain gauges measure this
displacement piezoresistively or the acceleration is determined capacitively
17

CHAPTER 3. INERTIAL MEASUREMENT UNITS

18

[14].
ﬁxed ﬁnger

ﬁxed ﬁnger
x

x-d

x

VR, Q1

VR, Q2

x+d

VR, Q1

VR, Q2

moveable ﬁnger

C1

C2

C1

C2

mass

C1

C2

C1

C2

springs

VR, Q1

VR, Q2

VR, Q1

VR, Q2

Figure 3.1 If a force is applied to the accelerometer, the whole sensor, proof mass
and frame, is accelerated. Due to the differences in inertia of the proof mass and
the frame, the springs deform and a relative displacement d of the movable fingers
to the fixed fingers occurs. This displacement causes changes in the capacity. On
the left, the accelerometer is static with the capacity C1 = C2 . On the right,
an acceleration is applied to the system which results in a displacement d and
C1 6= C2 .

The comb drive actuators (see Figure 3.1) used in MEMS accelerometers
can be regarded as a spring-mass system with a spring constant of k and
equal distances x. The distance d, which is zero when the system is static,
is defined by [14]:
F
ma
=
.
(3.1)
k
k
Based on [14], the acceleration acting on the system can be derived by
the capacitance charge and the geometric constraints:
d=
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(3.2)
(3.3)

with Q1 and Q2 describing the charge of the fixed fingers, C1 and C2
being the capacitance of the fixed fingers, VR being the reference voltage of
the fixed fingers and VO the output voltage of the moving finger. As long as
the system is static, C1 and C2 are equal and Q1 and Q2 are opposite:
Q1 = −Q2 = Q.

(3.4)

This results in an output voltage VO of:
Q
⇔ Q = C1 (VR − VO )
VR − VO
Q
C2 =
⇔ Q = C2 (VR + VO )
VR + VO
VR (C1 − C2 )
,
VO =
C1 + C2

C1 =

(3.5)
(3.6)
(3.7)

which depends on the displacement and can be related to the acceleration.
Gyroscopes, or angular rate/velocity sensors, work on vibrating structures, too. In one mode, the structures are excited along the drive axis.
When the gyroscope is rotated, the angular rate causes a vibration in a perpendicular direction at the same frequency due to the Coriolis effect (see
Figure 3.2). The amplitude of this second vibration is proportional to the
angular rate [14]. The Coriolis force is defined by a frame of reference that is
rotating at the angular velocity ω, a moving mass m and the velocity v [72]:
Fc = −2m(ω × v).

(3.8)

One commonly used gyroscope is the tuning fork gyroscope with its two
tips being the proof masses that vibrate between the capacitors. The displacement can be measured as a change in capacitance as depicted for the
accelerometer. As the proof masses are structurally connected and ideally
show an equal distance to the centre, both experience the same ω. Linear
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motion causes both masses to move in the same direction, hence no capacitance difference is detected. This makes MEMS gyroscopes insensitive to
linear acceleration [75].
m

Fc

m

v

v
Fc

ω

Figure 3.2 Working principle of a gyroscope. The mass m vibrates due to the
angular velocity ω and the velocity v. The resulting force Fc can be measured.

Different errors affect the measurement precision of MEMS accelerometers and gyroscopes. These errors accumulate and lead to distinct differences
in the estimation of position and orientation [13]. Both sensors may exhibit
a constant bias, which can be determined when the sensor is resting and
can easily be corrected by sensor calibration. This bias can be caused by
geometrical imperfections in the mechanical structures or in the sense and
drive electrodes. In addition, electrical coupling between these electrodes
can cause bias [75]. Besides the constant bias, bias stability affects the data
quality. Bias stability describes the change in sensor output due to pink
( f1 ) noise over time. Both, the constant bias and the bias stability may also
change due to environmental changes, e.g. temperature [72]. Moreover, the
gyroscope exhibits angle random walk (ARW) and the accelerometer velocity
random walk (VRW). Both terms define the integral of white noise in the
sensor outputs. ARW/VRW describes the average error that will occur when
integrating the signal. Since this error increases with an increased integration
time, the ARW/VRW is a distinct limitation of a gyroscope/accelerometer
for orientation/position estimation [62, 72]. In comparison, the error of the
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accelerometer is much smaller than the error of the gyroscope, which shows
a much steeper slope [72]. For this reason, the gyroscope readings are very
useful for short, fast movements, while their tendency to drift makes them
unsuitable for long-term measurements. In contrast, accelerometers can be
used for long-term measurements, but they are not reliable for fast movements due to noise.

3.2

Magnetometers

Most MEMS magnetometers include resonators that work with the Lorentz
force. This force is generated by the interaction of the magnetic and electric
force. The magnetic force Fm on a charge Q moving with a velocity v in a
magnetic field B is defined by [19]:
Fm = Q(v × B).

(3.9)

In presence of an electric field E, this equation can be written as the
Lorentz force law [19]:
FL = Q[E + (v × B)].

(3.10)

The Lorentz force FL deforms the resonator in the MEMS. These deformations can be measured with capacitative, piezoresistive or optical sensing
techniques. In most MEMS, piezoresistive sensing is used to receive an electrical output signal which is related to the magnetic field. One common
problem in this measurement technology is its dependency on thermal stress
and displacements of the resonators [21].
Due to the working principle described, magnetometers are dependent on
the magnetic and the electric field. In the absence of any electric field, the
magnetometer responds to the Earth’s magnetic field only, pointing in the
direction of the north pole. But in most laboratories, there are magnetic or
electric fields that are much stronger than that of the Earth, which disturbs
the measurement output of the magnetometer [19]. Although different calibration methods to account for hard and soft iron effects have been proposed,
measurement errors persist [51]. Typical sources of interference in a motion
lab are force plates, treadmills or equipment with an electric motor and even
construction iron in floors, walls and ceilings [11].
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Sensor fusion

The most commonly used method to fuse the sensor outputs of an IMU is
the (extended) Kalman filter. The Kalman filter is a well-established optimal
state estimator for linear state space problems. The extended Kalman filter
expands the applicability to non-linear problems by linearising the state space
equations at the current state. This filter compensates for the disadvantages
of single sensors.
In the following section, a brief overview of the necessary equations is
given. A more detailed description can be found in section 3.3.2.

3.3.1

Extended Kalman filter

Generally, the Kalman filter uses the state space model that describes the
physical problem to estimate the next state, which is used for a prediction of
the expected measurement values. The difference between the actual measurement and the previous prediction is used to update the state prediction
(Kalman gain). Based on the quality of the state prediction (process noise
matrix) and the quality of the measurements (measurement noise matrix),
the statistically optimal estimation is achieved by weighting each source accordingly through the Kalman gain. Finally, the error covariance matrix
records the error of the estimation and evolves with every time step [30]. For
the orientation estimation of IMUs in space, an extended Kalman filter is
used [58]. The gyroscopes are used to predict the next orientation based on
the current one and the angular velocities are updated. Since the predicted
next state and the updated measurement values are based on the accelerometer and magnetometer data, the drift of the gyroscopes can be excluded
from the orientation estimation. The prerequisite for this is undisturbed accelerometer and magnetometer data. To ensure that only undisturbed data
is used to update the state estimate, the R-Adaption is conducted. If the
accelerometer or magnetometer data is physically impossible, the measurement noise matrix is set to very high values, leading to a negligible Kalman
gain.
A short overview of the extended Kalman filter is given in Figure 3.3 and
the following equations.
The a-priori state vector estimate is defined by:
xk+1 = xk Φ(Ts , ω k ),

(3.11)
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measurement update
zk, zk+1

Kalman gain Kk+1

measurement
noise matrix Rk+1

recursion

R-Adaption

Figure 3.3 Flowchart of the extended Kalman filter.

where xk+1 is the a-priori estimate of the next time step, xk is the current
state vector and Φ(Ts , ω k ) is the state transition matrix. xk+1 and xk are
defined as row vectors.
The a-priori estimate of the error covariance matrix is defined by:
Pk+1 = ΦTk Pk Φk + Qk ,

(3.12)

where Pk+1 is the a-priori estimate of the error covariance matrix for the
next time step and Qk is the process noise matrix.
The Kalman gain is defined as:
Kk+1 = (FTk+1 Pk+1 Fk+1 + Rk+1 )−1 FTk+1 Pk+1 ,

(3.13)

where Kk+1 is the Kalman gain used to update the a-priori estimate of
the next time step, Rk+1 is the measurement noise matrix and Fk+1 is the
Jacobian of the measurement prediction around xk+1 .
The update of the a-priori state vector estimation is based on the actual
measurement:
xk+1 = xk+1 + (zk+1 − zk+1 )Kk+1 ,
(3.14)
where zk+1 and zk+1 are the measurement recorded at the next time step
and the corresponding a-priori estimate.
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The a-priori error covariance matrix estimation is updated as follows:
Pk+1 = Pk+1 − Pk+1 Fk+1 Kk+1 .

3.3.2

(3.15)

Explanations and derivations

State Vector and State Transition Matrix
The state vector xk = [q0 q1 q2 q3 ] is a unit quaternion representing the rotation from the local IMU coordinate system to the global coordinate system,
with q0 being the scalar part. This corresponds to the IMU axes described
in the global coordinate system. The global coordinate system is defined as
the x-axis pointing horizontally east, the y-axis horizontally north and the
z-axis vertically upwards (along gravity). The rotation matrix representing
the current, local IMU coordinate system can be calculated from the unit
quaternion state vector xk through:


1 − 2(q22 + q32 ) 2(q1 q2 + q0 q3 ) 2(q1 q3 − q0 q2 )
Ck (xk ) =  2(q1 q2 − q0 q3 ) 1 − 2(q12 + q32 ) 2(q2 q3 + q0 q1 ) 
2(q1 q3 + q0 q2 ) 2(q2 q3 − q0 q1 ) 1 − 2(q12 + q22 ).

(3.16)

Thus, the angular velocity at time step k can be transformed from the
IMU axes to the global axes via:
L
ωG
k = ω k Ck (xk ),

(3.17)




0
ωx
ωy
ωz
1−ωx
1
0
ωz −ωy 
 = q Ω.
q̇ = q [0 ω G ] = q 
0
ωx 
2
2−ωy −ωz
−ωz ωy −ωx
0

(3.18)

Discretising 3.18, based on the assumption of a constant ω in [kTs , (k +
1)Ts ], yields the equation for the state transition:
xk+1 = xk expm(Ts Ω) = xk Φk
Here, expm(•) is the matrix exponential and Ts =
determined by means of the measurement frequency.

(3.19)
1
f

is the time step
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Process Noise Matrix
The measurements of the gyroscope can be considered as a combination
of the exact angular velocity and the zero mean measurement noise with
standard deviation σg , ω L = ω Lexact + ω Lnoise . The estimation of the next
state vector is based on the angular velocity measured by the IMU. Thus,
the process noise matrix should be related to the measurement noise of the
IMU. The estimate is conducted with the IMU measurement transformed
into the global coordinate system:
L
ωG
noise = ω noise C.

(3.20)

Now, ω G needs to be transformed into the resulting noise of the quaternion:


q0
q3 −q2 −q1

q0
q1 −q2  = ω G
qnoise = ω G
(3.21)
noise −q3
noise Θ.
q2 −q1 q0 −q3
The process noise matrix may now be described as the accumulated noise
of one time step by:
1
(3.22)
Qk = ΘTk ( σg Ts I)2 Θk .
2
A-priori estimate of the Error Covariance Matrix
The estimate of the error covariance matrix Pk+1 is straightforward once
Qk and Φk are calculated. It needs to be considered to initialise P0 as a
non-zero matrix, because Pk corresponds to the error covariance at time
step k.
Measurement Prediction
The global coordinate system is time invariant. Consequently, the magnetic field vector of the Earth h and the gravitational vector g can be assumed
to be constant and known. If the accelerometer and magnetometer are not
disturbed, i.e. no external acceleration or magnetic disturbances are applied
to the sensor, the expected measurement vector can be calculated through:
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#
T
Ck+1
0
= [g h]
, and Ck+1 = C(xk+1 ).
T
0
Ck+1
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(3.23)

Jacobian of the Measurement Prediction
The Kalman filter was designed for linear state space problems. While
the state vector estimate (3.11) satisfies this condition, the measurement
prediction (3.23) is a highly non-linear function of the estimated next state
vector xk+1 . To solve this problem, the extended Kalman filter linearises this
relation with the Jacobian evaluated at xk+1 :
∂[gCT (x) hCT (x)]
,
∂x
x=xk+1
x=xk+1

T 
 ∂C
0
[g h] ∂q0 ∂C 
0



 ∂C ∂q0 T 


[g h] ∂q1 0 


∂C
0 ∂q


1
Fk+1 = 
,
 ∂C
T 


0
[g h] ∂q2 ∂C 

0 ∂q2 



T 

∂C
0


[g h] ∂q3 ∂C
0 ∂q3

Fk+1 =

∂z
∂x

=

(3.24)

(3.25)

x=xk+1

with


∂C
∂q0
∂C
∂q2

0
= −q3
2q2

−4q2
=  2q1
2q0


2q3 −2q2
0
2q1 
−2q1
0

2q1 −2q0
0
2q3 
2q3 −4q2

Measurement Noise Matrix



∂C
∂q1
∂C
∂q3


0
2q2
2q3
= 2q2 −4q1 2q0 
2q3 −2q1 −4q1


−4q3 2q0 2q1
= −2q0 −4q3 2q2 
2q1
2q2
0.

(3.26)

(3.27)
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The accelerometer and the magnetometer are subject to white noise with
the standard deviations σa and σm respectively. The measurement noise
covariance matrix thus reads:

 2
σa I
0
(3.28)
Rk+1 =
2
I.
0 σm
When considering equation 3.13, higher values for Rk+1 lead to a reduced Kk+1 . Thus, for extremely noisy measurements, the estimation of the
next state relies on the state transition matrix and mostly ignores deviations
between the predicted and the actual measurement. Applying R-Adaption
Sabatini, Rk+1 is set to extremely high values if the measurements at the next
time step deviate strongly from the possibly undisturbed measurements. For
this, the following conditions are checked:
(
σa
σa =
∞



σm
σm = ∞


∞

if kza k2 − kgk2 < a
if kza k2 − kgk2 > a ,

(3.29)

if kzm k2 − khk2 < m
if kzm k2 − khk2 > m
if arccos kzmzkm ·zkzaa k − Θdip > Θ .

(3.30)

2

2

Here Θdip is the dip angle for the true vectors g and h:


h·g
Θdip = arccos
.
(3.31)
khk2 kgk2
The acceptable deviations a , m and Θ are filter parameters and need
to be determined through experiments for optimal results.
For more information on the basic quaternion operations, rotation matrices and angular velocity calculations see [23, 12, 27].

3.4

Custom IMU system

Hardware
The individual sensors of the IMU system are built of different stackable
boards including a micro-processor, an IMU and a WIFI-shield, which are
all part of the TinyShield collection (see Figure 3.4).
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Figure 3.4 One sensor of the custom IMU system with its single stackable boards
and the 3D-printed housing (adapted from [42]).

The micro-processor used is an Atmel Atmega328P processor. This processor is an Arduino compatible board in a very compact package with a size
of 20 mm x 20 mm x 2.9 mm and a weight of about 1.1 g. The processor
includes a memory of 32 kB Flash, 2 kB RAM and 1 kB EEPROM and a
default clock speed of 8 MHz. It draws a typical amperage of 1.2mA at a current of 3V [68]. The WiFi TinyShield is based on an Atmel ATWINC1500
WiFi module. The board has a size of 20 mm x 30 mm x 5.1 mm and a
weight of about 2.4 g [67]. The 9-Axis IMU TinyShield includes a 3D digital
linear acceleration sensor, a 3D digital angular rate sensor, and a 3D digital magnetic sensor. The inertial sensor used is an LSM9DS1, which has
a selectable linear acceleration full scale of ±2/±4/±8/±16 g, a selectable
magnetic field full scale of ±4/±8/±12/±16 G and a selectable angular rate
of ±245/±500/±2000 s° [65]. For the purpose of the study undertaken, the
acceleration scale was set to ±8 g and the gyroscope to ±500 s° . The magnetometer was not enabled. One sensor including the three stackable boards
and a battery mounted in a housing as displayed in Figure 3.4 weighs about
30 g. During WiFi mode, measurements of up to 2.5 h can be performed.
Software
The sensors are programmed in C++ using Arduino Studio. Each sensor
is programmed as a finite-state machine (see Figure 3.5).
During the state ’started’, the micro-processor is used to decode the data
measured by the IMU, pack the data into packages and send it to its master, a
smartphone, using the smart phone’s WiFi access point. In this application,
only the data collected by the accelerometers and gyroscopes is decoded
and sent. These tasks already use 99 % of the micro-controller’s program
memory. One major issue with distributed systems, such as the IMU system
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consisting of different sensors, is synchronicity [64]. One commonly used
method to ensure synchronicity is the use of a real-time clock (RTC). The
micro-processor used in this thesis bought in 2017 did not offer an on board
RTC. Although the TinyShield platform offers the opportunity to stack an
additional board to the sensor, the exhausted program memory and the aim
to keep the sensor small did not allow for this solution. The direct use of
the local time of each sensor caused a large skew in time. To overcome this,
it is possible to update the sensor’s time regularly using the time of the
master, in this case of the smartphone. Unfortunately, the crystals used in
the micro-controller did not provide a sufficient precision, hence, the data
traffic to perform the time update became too large. The final solution was
not to use the sensors’ time at all but the time the master received the data.
Thereby, it is assumed that the sending frequency of each sensor is stable and
equal for all sensors, and the delay caused by the transmission is acceptable
for the application. During experimental validation, it could be shown that
independent of the number of sensors used (up to nine sensors) the receiving
frequency of each sensor’s data is relatively stable around 100 Hz. Today,
the problems encountered during development of the sensor system could be
easily avoided due to the availability of strongly improved micro-processors
for the TinyShield platform [66].
The master of the system, the smartphone, communicates with the sensors using a specific application. This app is used to send the commands
’calibrate’, ’start’ and ’stop’ to all sensors. Each measurement can be saved
to a text file using a definable file name. During the measurement, the data
of each sensor is decompressed and saved to a file. When stopping the measurement, the data of all sensors is upsampled to 200 Hz and merged into
a single file. For resampling, the last valid value is used. For this purpose,
the first and last sample of all sensors are determined and all data is interpolated for this time frame. Thereby, it can be ensured that no invalid data
is generated and all data is distributed along the same time axis. The app
is programmed in .NET C# 4.6 with the cross-platform development tool
Xamarin for Visual Studio. In the app, the state of each sensor is displayed.
During the measurement, the acceleration and angular rate of each active
sensor can be visualised.
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Figure 3.5 Overview of the different states the sensor can adopt: Once the sensor
is switched on, it will adopt the state ’ready’. As soon as it is connected via
WiFi, it will adopt the state ’connected’. By inputting the command to calibrate,
the state of the sensor will change to calibrating. In this state, it calibrates it’s
internal sensor states and automatically transitions to the state ’calibrated’ when
it is finished. Now, the measurement can be started, setting the sensor’s state to
’started’. As long as there is no further command and the connection is stable, the
sensor will maintain its state, in which it continuously (in 10 ms steps) retrieves
data from the IMU, processes the data and sends it to the smart phone. By
prompting the sensor to stop, it will stop the measurement, fall back to the state
’calibrated’ and wait for another input. Whenever the connection is lost, the sensor
will continuously try to reconnect to the master and on success will transition to
the state ’connected’ again.

Chapter 4
Problem Statement and
Outline
There are numerous publications dealing with the analysis of kinematic and
kinetic motion parameters addressing a very wide spectrum of research questions. However, most of these studies have one aspect in common: they
were conducted in a laboratory setting. These set-ups require a high degree
of expert knowledge, which makes them expensive, time-consuming and unavailable to many people. Although they provide very accurate and precise
measurements, they do not consider real-life situations. To overcome these
limitations, this thesis aims to provide the first steps towards an easy-tohandle and portable motion analysis system for measurements in the field.
To satisfy these requirements, the system will be based on inertial sensors
and artificial intelligence.
In order to analyse a restricted, but very important field of motion analysis, the first aim of this thesis was to analyse previous research on the use
of artificial intelligence in gait analysis. The state of the art of inertialsensor-based motion analysis systems was included in this study. Based on
the findings, the further process was defined: By analysing joint kinematics, joint kinetics and the ground reaction force (GRF), we can understand
people’s motion during different tasks. These parameters have not been well
investigated for field studies, especially not with artificial intelligence.
Artificial neural networks have shown their feasibility for regression tasks.
Hence, this thesis aimed to compare different types of ANNs. Additionally,
the choice of different input and output parameters and data augmentation
techniques for the prediction of kinematic and kinetic parameters of differ31
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ent motions was investigated for an improved understanding of the ANN
performance. The focus was on inertial sensor data. For this purpose, the
prototype of a simple IMU-based system was developed to validate findings
of simulations.
This doctoral thesis is based on six studies. The first study is a systematic review. Furthermore, three original research papers have already been
published in peer-reviewed journals. Two more are currently under review.
A brief summary of the studies is presented in the following.
Review Caldas, R., Mundt, M., Potthast, W., Buarque de Lima Neto, F.,
and Markert, B. A systematic review of gait analysis methods based on inertial sensors and adaptive algorithms. Gait & Posture, 57(February):204–210,
2017. doi: 10.1016/j.gaitpost.2017.06.019
The aim of this systematic literature review was to identify research gaps
in the field of IMU-based gait analysis using adaptive algorithms. For this
purpose, the following hypotheses were investigated: (i) IMU systems can
acquire gait kinematic parameters such as walking phases, spatio-temporal
features and joint angles, (ii) adaptive algorithms can accurately classify gait
events and (iii) the classification performed by the AI algorithms is relevant
to the clinical practice.
The results revealed that there are numerous studies analysing gait events
and spatio-temporal gait parameters with distinct success using AI methods.
The analysis of joint angles was only investigated in three publications. They
revealed the potential of the method. This indicates that further investigation in this direction is necessary. Three studies used AI for classification
purposes, all achieving good results. The major drawback of all studies was
that the methodology was not indicated and that the standardisation in the
metrics used for the presentation of results was limited. Since inertial sensors
are potentially easy to use and can provide easy-to-interpret outcome measures these systems are a valuable tool for clinicians. Nevertheless, extensive
research, especially on the evaluation of joint kinematics and the unexplored
ground and joint kinetics is necessary before these systems can demonstrate
their full potential.
Based on these findings, further analyses of joint angles, joint moments
and the GRF should be conducted. There are several commercial IMU systems for the determination of joint angles available that do not use AI. These
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systems need to be investigated to define the current state of the art. The
prediction of joint moments and GRF had not been investigated at all at the
time the review paper was published.
Study I Mundt, M., Thomsen, W., David, S., Dupré, T., Bamer, F., Potthast, W., and Markert, B. Assessment of the measurement accuracy of
inertial sensors during different tasks of daily living. Journal of Biomechanics, 84:81–86, 2019. doi: 10.1016/j.jbiomech.2018.12.023
This study aimed to analyse the performance of a commercially available
IMU system in determining joint angles during different tasks of daily living.
This study hypothesised that (i) the accuracy of the joint angle waveforms for
inclined walking and stair climbing is higher than for level walking because
IMUs can capture larger ranges of motion more precisely than small motions
and (ii) the anatomical model accounts for the majority of deviations in joint
angle waveforms.
For this purpose, straight level walking at different speeds, stair ascent
and descent and inclined and declined walking were investigated in the laboratory with 12 participants. The MyoMotion (Noraxon, USA) inertial sensor
system was used synchronously with a standard optical motion capture setup to determine differences between both systems. The IMU system’s direct
output angles were compared with the optically determined joint angles, and
the inertial sensor data was also rotated to the optical system’s reference
frame that defines the anatomical model of both systems.
The results showed that the majority of differences between both systems
were related to the different anatomical models used by the two systems. The
discrepancies were particularly large in the minor motion planes. Besides the
differences between the systems, the IMU system showed distinctly larger
standard deviations within single participants. This can be related to the
calibration. It is necessary to calibrate the system for each trial to avoid
drift of the gyroscope. During the calibration process, the IMUs are aligned
with the segment that they are attached to. This means, the participant
has to stand in a neutral position and the IMUs orientations are set to zero.
Thereby, the rotation axes, which are necessary for the joint angle calculation
are determined. By performing the calibration for each trial, there is some
variance in the rotation axes, which results in a large standard deviation in
joint angle output. Another aspect is that the IMU system relies on the
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output of the magnetometer to determine the sensors’ orientation. Hence, a
calibration spot with as little disturbances as possible had to be defined in
the laboratory.
In conclusion, it could be shown that the measurement technology of
IMUs is capable of determining joint angles. Nevertheless, the use of the
magnetometer outputs and calibration postures make the system cumbersome to apply and lead to distinct differences compared to optical motion
capture systems. The IMU system used in this study was a black box system
without the possibility to access the raw data. For this reason, we decided
that a custom IMU system is necessary for further research. This prototype
system is further described in Chapter 3, Section 3.4.
Study II Mundt, M., David, S., Koeppe, A., Bamer, F., Markert, B., and
Potthast, W. Intelligent prediction of kinetic parameters during cutting manoeuvres. Medical and Biological Engineering and Computing, 57(8):1833–
1841, 2019. doi: 10.1007/s11517-019-02000-2
The aim of this study was to investigate, whether a feedforward neural network can be used to predict the ground reaction force and joint moments of
the hip, knee and ankle joint during 90° maximum effort cutting manoeuvres.
For this purpose, a dataset, which was collected during a previous study was
used. Three different inputs were used: (a) marker trajectories of a full body
model, (b) marker trajectories of a lower body model and (c) joint angles of
the lower body. For each input, three different networks were trained and
evaluated in terms of performance for: (1) the execution contact, (2) the
depart contact and (3) the combination of both. The aim was to investigate which input parameters lead to the highest prediction accuracy and,
furthermore, if a network trained on different motions performs better than
one trained for specific sequences.
The results showed that the joint angles include all information needed
for the network to predict the GRF and that the combination of joint angles
and GRF can be used to predict the joint moments of the hip, knee and ankle
joint. The use of marker trajectories resulted in a slightly higher accuracy for
the prediction of the GRF, while the joint angles led to a higher accuracy for
the prediction of the joint moments. This might be attributed to filters that
were used [9]. The prediction of the joint moments and the GRF for both the
execution and depart contact using a single neural network performed nearly
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as good as when using two different networks, one for each contact. When
adding a larger variety of data, neural networks can most likely be used to
predict the kinetic parameters of braking contacts, which are of high interest
and should be addressed in future research projects.
The use of joint angles as input data makes it possible to use inertial sensors and optical motion capture systems to gather a large variety of training
data because a large amount of data from former studies is already available. Taking these existing records into account allows to further improve
the training of an artificial neural network. Future research needs to analyse
if good results can also be achieved when using joint angles as input parameter to predict the joint moments of a more cyclic motion such as gait.
Furthermore, it needs to be investigated if the information of the GRF is
required for the neural network to predict the joint moments.
Study III Mundt, M., Koeppe, A., David, S., Bamer, F., Potthast, W.,
and Markert, B. Prediction of ground reaction forces and joint moments
during gait. Medical Engineering & Physics, Under Review
The purpose of this study was to analyse two different artificial neural networks: a fully-connected feedforward neural network (as it was used in study
II) and a recurrent long short-term memory neural network. The main advantage of the LSTM is its ability to make real-time predictions, while FFs
can only be used with time-normalised data. Since the results of study II
revealed that the joint angles can be used as inputs to the neural network,
this approach was adopted. In contrast to the previous study, the GRF was
not added to the input of joint angles for the prediction of the joint moments.
The hypotheses of the study were that (i) the FF will outperform the LSTM
in accuracy, although (ii) both networks will show a high correlation with
measured values. The analysis was based on a dataset that comprised several
studies conducted previously.
The overall results showed a good agreement between the measured and
predicted values. This revealed that joint angles include the necessary information to predict the joint moments and GRF. The minor motion planes
showed a distinctly lower accuracy than the main motion plane. The mediolateral component of the GRF also experienced large variations in terms of
prediction accuracy. Since these motion planes and this GRF component
show the largest variance in input and output data, the results are not sur-
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prising. As it is difficult to determine the knee joint’s non-sagittal motion
with an optical set-up, the ground truth data might be flawed. The maximum
values of the joint moments and GRF were in general over- or underestimated
by both neural networks, although the FF delivered better results.
Nevertheless, the new approach showed an improvement in prediction
compared to different studies, which suggested that we were moving in the
right direction. For most biomechanical studies, there are only small datasets,
which is why artificial intelligence can only be applied to a limited degree.
Therefore, the use of joint angles as input parameters is promising because
they can be derived from inertial sensors and optical motion capture systems.
This leads to a larger number of datasets. However, sophisticated data augmentation techniques need to be developed to further increase the amount
of data and to improve the results.
Study IV Mundt, M., Thomsen, W., Witter, T., Koeppe, A., David, S.,
Bamer, F., Potthast, W., and Markert, B. Prediction of lower limb joint
angles and moments during gait using artificial neural networks. Medical and
Biological Engineering and Computing, 2019. doi: 10.1007/s11517-019-02061-3
In order to be able to generate large datasets of inertial data, it is useful
to simulate data, because only very few datasets comprise inertial sensor
data and ground kinetics. Therefore, the objective of this study was to first
simulate inertial sensor data based on marker trajectories recorded with an
optical motion capture system. In a second step, FFs and LSTMs were
trained on the simulated data to predict joint angles and joint moments of
the lower limbs during gait. When inertial data is used, magnetometers and
calibration postures are not needed because the neural network implicitly
learns the anatomical model needed for the joint angle calculation. Furthermore, it was investigated whether additional anthropometric data and data
augmentation support the prediction accuracy. Based on the results of study
III, the results of the LSTM were expected to be slightly poorer than those
of the FF. Nevertheless, both kind of networks were expected to show high
accuracies. The dataset used in this study was the same as in study III.
The focus of this study was on describing the framework for optimising
neural network models in detail. For this purpose, first a baseline model is
defined, and all optimised models are compared to this baseline. Thereby,
the effect of additional input features or data augmentation could be anal-
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ysed. The prediction of joint angles and moments showed an overall good
accuracy. Especially the prediction of joint moments indicated that the proposed method has great potential since it achieved a mean normalised root
mean squared error of less than 8 % for both networks. As hypothesised, the
prediction accuracy of the joint angles and joint moments was higher when
using an FF. Nevertheless, the application of LSTMs should be emphasised,
since it offers the opportunity to retain the time dependency of the data
and thereby helps to keep models small, less computational intensive and
applicable in real time. The additional use of anthropometric data and data
augmentation only led to small improvements.
A distinct limitation of this study was the exclusive use of simulated data.
The simulation framework was only validated using a single trial with one
participant. Hence, the simulated data should be further validated. Nevertheless, the good results suggest that further research should be conducted
using measured IMU data. The finding that data augmentation did not improve the prediction accuracy is not intuitive. For this reason, a better data
augmentation method needs to be developed. Subsequently, the prediction
accuracy of a network trained on more realistic simulated data needs to be
analysed.
Study V Mundt, M., Koeppe, A., David, S., Witter, T., Bamer, F., Potthast, W., and Markert, B. IMU-based estimation of joint kinematics and
kinetics during gait. frontiers Bioengineering, Under Review
The aim of this study was to confirm the findings of study IV using measured data and an improved data augmentation method. For this purpose,
30 participants were equipped with both five custom IMU sensors and optical markers. The participants performed level walking trials at five different
speeds ranging from 0.8 to 2.0 ms . The hypotheses investigated were (i) that
the use of a combined simulated and measured dataset will achieve a higher
accuracy than the use of measured data only and (ii) that the additional
noise in the measured data caused by soft tissue movements will decrease the
prediction accuracy compared with using simulated data only. The simulated
data was taken from study IV. However, this dataset was used exclusively
for training and not for evaluation, because the prediction accuracy of the
different models on the measured data is of interest. Hence, only the newly
measured IMU data was used to analyse the performance of the neural net-
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work.
Several cross-validation strategies were employed in this study: first, the
best hyperparameters for the model were determined using a five-fold crossvalidation. Afterwards, an exhaustive leave-one-out validation was performed
to analyse each participant separately. The results supported the finding from
the previous study that it is possible to achieve a high accuracy in the prediction of joint moments and joint angles based on inertial data only. Unlike
in study V, the use of a large augmented dataset improved the results, especially for the joint angles. This supports the hypothesis that large datasets
are superior. Counter-intuitively, the prediction accuracy was hardly lower
for the measured data than for the simulated data, and the prediction of joint
moments was even better with measured data than with simulated data. This
reveals that noise, attributed to soft tissue movements, in the inputs may be
advantageous for the neural network. Alternatively, this might suggest that
the marker data used to simulate the inertial data already contains similar
amounts of soft tissue movement.
These findings encourage further investigations using inertial sensors. Future research is needed to find out why the prediction of joint angles and
joint moments behaves differently. This will lead to a better understanding
of why different methods perform better or worse on different tasks. Additionally, a data augmentation strategy including noise should be developed.
Furthermore, the performance of different neural networks, e.g. LSTMs or
convolutional neural networks, should be evaluated. For this purpose, the
performance on simulated inertial data as well as on measured data should
be investigated. These networks might foster first applications in (close to)
real time.

Chapter 5
Discussion
This thesis aimed to provide a first step towards an intelligent IMU-based
motion analysis system capable of determining kinematic and kinetic motion
parameters. The usability and accuracy of state-of-the-art IMU systems for
the calculation of joint angles has not been satisfactory, especially with regard to real life applications. For this reason, the extended Kalman filter and
calibration postures or movements were replaced by an ANN. The extended
Kalman filter is commonly used to determine the orientation of the segment
the IMU is attached to. Calibration postures or movements are necessary to
set up the anatomical model. Additionally, the kinetic parameters that had
rarely been investigated before, were predicted. Recently, research was undertaken to develop a musculoskeletal-model based inverse dynamics method
including the prediction of the GRF to allow applications using inertial sensors only [31]. However, this method cannot overcome the aforementioned
limitations. Therefore, ANNs were used in this thesis to predict the joint
angles and joint moments of the lower limbs as well as the ground reaction
force based on the output of inertial sensors. Magnetometers, which are also
part of an IMU, were not integrated in this thesis at all, because they are
the most unreliable part of an IMU in real life scenarios. The advantages
and disadvantages of various input parameters and types of neural networks
were analysed in several steps. Furthermore, a framework to simulate IMU
data from optical data and augment this data to increase the size of available
datasets was developed.
The results achieved in this thesis are summarised for the kinematics in
Table 5.1 and for the kinetics in Table 5.2. The influence of using different
types of neural networks, different input data and data augmentation are
39
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discussed in the following paragraphs. Finally, an outlook on the necessary
steps towards application is presented.
Summary of the results
For the prediction of joint angles, the proposed method performs better
for both gait and cutting manoeuvres than the standard approach using a
commercial IMU system with its implemented Kalman filter and reliance on
calibration postures. For the neural networks, the prediction of the joint
angles is easier with seven sensors present than for a reduced dataset of five
sensors. The larger variance in cutting manoeuvres decreases the prediction
accuracy, but less than the reduction of the input data. Interestingly, the
missing foot sensors do not only result in a lower prediction accuracy for the
ankle joint angle, but for all angles (see Table 5.1). This suggests that the
neural network uses more complex correlations in the data spanning multiple segments and joints. This is also supported by Lim et al. [34] who used
only one IMU attached to the pelvis to determine the sagittal plane joint angles and joint moments and the vertical and anterior-posterior GRF. Their
achieved accuracy was lower than when using multiple sensors but the feasibility of the approach is very high and the accuracy might be acceptable for
some tasks. The lower prediction accuracy for the cutting manoeuvres might
be attributed to the fact that the dataset available for these manoeuvres was
smaller than that for gait. This hypothesis is supported by the finding of
study V that data augmentation leads to an improved prediction accuracy.
The prediction of the joint moments and the ground reaction force was
not compared to a different approach because there is no established method
yet. The GRF was only predicted based on joint angles for both gait and
cutting manoeuvres. The accuracy was better for gait, which might be attributed to the larger dataset or the lower complexity of this motion. The
prediction of the joint moments during cutting manoeuvres was investigated
based on joint angles and the ground reaction force. The use of inertial sensor data to predict the GRF has been analysed by different research groups
recently achieving a high accuracy [33, 73]. The results achieved for cutting
manoeuvres cannot be compared properly with the results achieved for gait,
because the prediction accuracy for gait was evaluated based on joint angles,
the IMU data of seven sensors and of a reduced dataset without foot sensors.
The results based on joint angles and the reduced IMU dataset are slightly
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ankle

knee

hip

Table 5.1 Root-mean squared error [°] of the evaluation of joint angles in this
thesis.

?

Method
Input
sagittal
frontal
transverse
sagittal
frontal
transverse
sagittal
frontal
transverse
mean

Study I
MyoMotion
7 IMUs

[45]
FF
7 IMUs×

9.07
5.39
8.99
6.87
10.23
15.95
8.39
18.75
12.32
10.66

2.38
4.10
4.98
3.29
4.97
5.30
3.32
3.34
3.14
3.87

cross validation ∗ data augmentation

×

Study IV∗
FF
LSTM
7 IMUs× 7 IMUs×

1.31
1.25
2.48
1.37
1.55
1.74
1.56
1.31
1.76
1.59

1.74
1.30
2.70
1.92
1.92
3.73
1.80
1.35
2.14
2.07

Study V?∗
FF
5 IMUs

5.04
2.13
4.95
4.74
4.01
6.32
2.39
4.24
3.80
4.18

simulated

better than for the full IMU data (see Table 5.2). This might be attributed
to the missing cross-validation in study IV. If there was one participant in
the test set showing motion patterns different from the participants in the
training set, this directly reflected in the test results. Another possible explanation might be that the results of the foot sensors are not relevant for
the neural network and that the additional information of 2x6x101 = 1212
features prevents the network from learning the relevant information. As for
the joint angles, it is likely that similar results can be achieved for the analysis of cutting manoeuvres and that data augmentation can also improve the
prediction for this task. Including other types of motion, e.g. straight running, or combining the gait and cutting dataset might also further improve
the prediction accuracy.
Artificial neural network types
In this thesis, two different types of ANNs were analysed for the regression task. Fully-connected feedforward neural networks are the ones most
commonly used for biomechanical applications, e.g. [1, 50, 20, 73]. These
networks have the advantage that they have access to all time steps of a
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GRF

ankle

knee

hip

Table 5.2 Normalised root-mean squared error [%] of the evaluation of joint moments and ground reaction force in this thesis (JA: joint angles).

?

Method
Input
sagittal
frontal
transverse
sagittal
frontal
transverse
sagittal
frontal
transverse
mean
ant-post
med-lat
vertical
mean

Study II
FF
JA+GRF

9.22
12.37
17.08
9.37
15.11
17.88
5.49
16.29
22.10
13.88
10.17
13.52
7.91
10.53

Study III?
FF
LSTM
JA
JA

6.89
7.97
6.59
8.29
11.99
13.81
5.20
16.38
14.71
10.20
3.81
14.35
3.71
7.29

cross validation ∗ data augmentation

×

11.08
11.48
9.11
12.28
14.69
15.66
9.85
19.45
16.74
13.37
6.49
17.36
7.66
10.50

Study IV∗
FF
LSTM
7 IMUs× 7 IMUs×

10.29
7.34
6.50
9.46
10.58
17.12
7.39
22.60
17.59
12.10

9.83
8.34
8.64
11.85
14.52
20.05
7.32
24.19
19.68
13.82

Study V?∗
FF
5 IMUs

8.44
8.01
8.36
11.46
10.27
11.64
6.65
15.73
11.75
10.26

simulated

sequence simultaneously. This is necessary because they cannot cover time
dependencies. However, this also results in a large number of input parameters, and thus in rather large networks, which makes them computationally
expensive. The structure of these networks also makes time normalisation of
the inputs and outputs necessary. This might hide relevant features, e.g. the
walking velocity or the stance time, from the inputs. These disadvantages
might be overcome by using a recurrent ANN structure such as an LSTM.
These networks are computationally less demanding because of their smaller
size. In these networks, the time dimension of the input data can be retained.
Hence, information along this dimension can also be retained using different
input lengths. LSTM networks have been applied to biomechanical research
as well, e.g. [78, 74, 37, 26], but mainly in recent times, not very often and
for solving tasks other than the ones discussed in this thesis. Choi et al. [5]
compared the performance of an FF to the performance of an LSTM for the
prediction of the centre of pressure. They achieved slightly better results with
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the LSTM. To keep the network size as small as possible they used less inputs
to the FF than to the LSTM. In two studies of this thesis the performance
of both kind of networks was analysed without the reduction of input parameters: The performance was analysed for the prediction of joint moments
and the GRF based on joint angles as inputs parameters (study III) and for
the prediction of joint angles and moments based on simulated IMU data as
input parameters (study IV). In both studies, the LSTM achieved a slightly
lower prediction accuracy than the fully-connected feedforward neural network. However, in both studies the data was time normalised for both types
of networks to improve comparability. However, this might have prevented
the LSTM from displaying its full potential because information contained
within the time sequence was taken away from the data. Additionally, LSTM
networks perform better on large datasets [69], which was not addressed in
these studies. Future research needs to examine if the LSTM’s prediction
accuracy can be improved by using data that is not time normalised and
applying data augmentation. Another interesting approach that needs further investigation are convolutional neural networks [29, 39, 17]. The first
results of a pilot study indicate that this type of network has great potential.
The use of a pre-trained network as by Johnson et al. [29] might also be
advantageous.
Input parameters
There are many studies using AI algorithms for the prediction of motion data, mainly kinetics. However, the input data used is manifold, e.g.
electromyography data [1], marker trajectories [29] or data of a single accelerometer [28]. There is more and more research trying to find solutions
for analysing motion outside of the lab, but there is only limited evidence
to which parameters include information that will make an ANN perform a
given task better or worse. Since ANNs do not necessarily require an obvious physical connection, there might be relevant features in input parameters
that are not clearly physically related. For this reason, it was investigated
in a first study on ANNs (study II) whether using marker trajectories that
can only be measured with optical systems is better than using joint angles
that can be measured with optical and inertial measurement systems. Although counter-intuitive, the prediction based on joint angles was nearly as
good as the prediction based on the marker trajectories, for both the joint
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and ground kinetics. These results were considered very promising for future
steps towards the use of inertial data. Just like the joint angles, this data
does not include any spatial information. Studies IV and V yielded highly
satisfactory results using simulated and measured IMU data as inputs. In
study IV, data for the pelvis, both thighs, both shanks and both feet was
simulated to analyse all lower limb joints. In study V, the information on
the feet was excluded to reduce the input data. This reduced set of input
data resulted in a lower prediction accuracy, not only for the ankle joint angles and moments, which might have been intuitive, but for all joints. This
demonstrated that it is necessary to gain further insight into the black box
ANN to further improve its performance. A possible approach based on the
Layer-Wise Relevance Propagation (LRP) technique was recently presented
[25]. Another possibility to analyse the sensitivity of different input parameters to the outputs is principal component analysis (PCA) [2]. In future
work, it might be interesting to analyse whether it is possible to reduce the
number of sensors in the experiment or to retain the experimental complexity
but use model order reduction techniques such as PCA to reduce the input
data to the relevant information. Another feasible approach could be the
extension of outputs to joint kinematics and kinetics using a single neural
network [77].
Data augmentation
In studies IV and V, data augmentation was applied to the training data
of the ANN. Other studies have analysed different data augmentation techniques for classification problems [76, 56, 69]. In these studies, data augmentation improved the classification accuracy. Especially rotation and permutation of the data, which is the same as different initial orientations and
positions of a sensor, helped to improve the accuracy of the network [69].
Adapting this approach, the input data was only rotated randomly in study
IV, while in study V, rotation and permutation were applied to the sensors to
the same extent as the sensor’s orientations and positions differed in the experimental investigation. The random rotation in study IV hardly improved
the results of the prediction. To overcome this issue, the data augmentation
was refined. Consequently, the neural networks trained on augmented data
using this approach improved their prediction accuracy in study V. Since
especially LSTM networks require large datasets [56], this approach might
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also improve the prediction accuracy of the LSTM. For this reason, the augmented dataset should be used to train an LSTM in future work. Another
worthwile approach is the use of convolutional networks, which generally
have fewer trainable parameters and do not tend to overfit as quickly if they
are not trained on very large datasets [69].
Towards application
The long-term aim of this project is to develop a system that can be
applied to different movements, both to gait analysis in a clinical setting
and to sports-related tasks, where it could be used to enhance performance
or reduce injuries. It is very difficult to define a specific accuracy that is
satisfactory because this strongly depends on the task evaluated. For this
reason, the applicability of a system needs to be evaluated for specific tasks
[35].
Until now, the developed method was mainly applied to data of ablebodied participants. Hence, it is not possible to make any reliable assumptions about the performance for people with a movement impairment. It can
be expected that a network trained on a sufficiently large dataset of impaired
motion is capable of making reliable predictions for these cases, too. Since it
cannot be stated for all applications in general which accuracy is sufficient,
this needs to be evaluated for each (research) question separately.
In this thesis, the proposed method was evaluated for gait, which is a very
cyclic and slow motion (0.8–2.0 ms ), as well as for highly dynamic changes
of direction, which include decelerating, turning and accelerating again with
speeds ranging between 5 and 6 ms during the approach and between 2 and
3 ms during the actual turn. For both movements, a neural network could
cover the prediction. This suggests that movements between these extremes,
such as straight running, can be covered too. If this method were applied to
a more sophisticated inertial sensor system, it might be a valuable tool for
coaches to analyse the objective demands of a training session on a specific
athlete. As shown in previous studies [7, 8], different athletes use different
movement strategies to perform a similar task, such as a change of direction.
Using a different strategy results in different loading characteristics. Hence,
it is not sufficient to just count the number of repetitions of a specific task
during a training session or competition. The motion needs to be analysed in
more detail. The same arguments hold true for the analysis of less demand-
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ing movements such as recreational running or walking. Recent literature
shows that the analysis of more complex parameters such as joint angles and
moments provides insight into injury mechanisms during running, while simple parameters such as the mileage per week do not reveal this information
[38].
To bring the proposed method to application, several steps need to be
taken to overcome its current limitations and validate it in real life. Most
research in this thesis is based on simulated IMU data. A small cohort was
measured using IMUs and an optical motion analysis system to validate the
method, but for gait only. The use of the custom IMU system to analyse
fast changes of direction resulted in data clipping in many cases because the
measurement range of the sensors is too small. Therefore, IMUs covering a
larger measurement range should be used for this investigation. Additionally,
motion such as straight running or activities of daily living such as stair
climbing should also be included in the analysis. The influence of different
surfaces and inclinations needs to be investigated too. The use of one neural
network that is capable of covering different movements would be beneficial
because of its ability to analyse motion tasks that can be found in real world
settings. It might be advantageous to first classify a specific motion task and
pass this information on to the artificial neural network so it can predict the
movement kinematics and kinetics. Thereby, the accuracy of the ANN might
be improved.
Subsequent to an extensive validation, the method will help to evaluate
motion on the fly. Thereby, it will also support people during their everyday
life because motion is an essential part of quality of life. By taking motion analysis out of the laboratory into daily routine, large datasets can be
generated that will provide information on people’s movement habits before
the onset of diseases or injuries and will assist them to adapt their training.
Additionally, these large datasets will improve our understanding of stress
during daily life.

Chapter 6
Summary
Motion analysis gains more and more relevance because people are interested
in gaining knowledge about their performance and it is possible to collect big
data easily using wearable sensors. There are also more and more ways of
collecting data in daily life. Nevertheless, motion analysis providing insight
into joint kinematics and kinetics is still restricted to a laboratory set-up. To
overcome this, the aim of this thesis was to take the first steps towards an
easy-to-use and easy-to-interpret inertial-sensor-based motion analysis system. Due to the increasing amount of data available, the approach could be
based on artificial intelligence models.
Artificial neural networks can be used to approximate the relationship
between given inputs and outputs. During a training process, they learn to
adapt their weights and biases to predict the output of unknown test samples.
This thesis investigated if it is possible to predict the three dimensional angles
and moments of the hip, knee and ankle joint and the ground reaction force
using artificial neural networks based on inertial data only. For this purpose,
a framework to simulate inertial sensors’ data based on marker trajectories
collected by an optical system was developed and validated with a custom
IMU system.
The results showed a good agreement of the predicted values and the
ground truth data for gait and fast changes of direction. Employing data
augmentation techniques to enlarge the dataset improved the results. The
use of a fully-connected feedforward neural network resulted in a better prediction than the use of a recurrent LSTM neural network. Nevertheless,
recurrent neural networks should still be considered for future work because
they are able to make real-time predictions and do not need time normalised
47

CHAPTER 6. SUMMARY

48

data like fully-connected feedforward networks. In a pilot investigation, the
use of a convolutional neural network also seemed to be a promising approach.
However, further steps are required to validate the methods developed in this
thesis and bring an intelligent inertial-sensor-based motion analysis system
towards application. The very promising results of this thesis prompt further
research in this direction.

Chapter 7
Zusammenfassung
Die Relevanz der Bewegungsanalyse nimmt mehr und mehr zu, da Menschen
daran interessiert sind, Wissen über ihre Leistung zu erlangen und es immer einfacher wird, große Datenmengen mittels tragbarer Sensoren zu sammeln. Dadurch bieten sich immer mehr Gelegenheiten im Alltag Daten zu
erfassen. Dennoch ist Bewegungsanalyse, die tatsächlich Informationen über
Bewegungskinematik und -kinetik gibt, bisher an ein Labor gebunden. Um
diesen Nachteil zu überwinden, zielt diese Arbeit darauf ab, erste Schritte in
Richtung eines einfach zu handhabenden und leicht zu interpretierenden Bewegungsanalysesystem basierend auf Inertialsensoren zu unternehmen. Dank
der wachsenden Verfügbarkeit großer Datenmengen kann dieses Vorhaben auf
Methoden der Künstlichen Intelligenz basieren.
Künstliche Neuronale Netze können die Beziehung zwischen gegebenen
Eingangs- und Ausgangsgrößen annähern. Während eines Trainingprozesses
lernen sie, Gewichte und Bias anzupassen, um Ausgangsgrößen für unbekannte Testbeispiele vorherzusagen. Diese Thesis untersuchte, ob es möglich
ist, dreidimensionale Winkel und Momente des Hüft-, Knie- und Fußgelenks sowie die Bodenreaktionskraft mittels Künstlicher Neuronaler Netze
basierend auf Inertialsensoren vorherzusagen. Zu diesem Zweck wurde eine
Methodik entwickelt, die Daten eines Inertialsensors basierend auf Markertrajektorien, die mit einem optischen System gemessen werden können,
simuliert. Anschließend wurde diese Methodik mittels eines individuell gefertigten Inertialsensorsystems validiert.
Die Ergebnisse zeigten eine gute Übereinstimmung zwischen den vorhergesagten und gemessenen Daten für Gang und schnelle Richtungswechsel. Mithilfe von Techniken zur Vergrößerung des Datensatzes konnten die Ergeb49
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nisse verbessert werden. Die Nutzung eines fully-connected feedforward neural network erzielte bessere Vorhersagen als die Nutzung eines rekurrenten
LSTM neural network. Nichtsdestotrotz sollten rekurrente Neuronale Netze
in zukünftigen Arbeiten weiter untersucht werden, da sie in der Lage sind,
Vorhersagen in Echtzeit zu machen, wohingegen fully-connected feedforward
neural networks zeitnormalisierte Daten benötigen. In ersten Pilotstudien
konnten auch convolutional neural networks vielversprechende Ergebnisse
liefern. Weitere Schritte sind notwendig, um die Methoden, die in dieser Thesis entwickelt wurden, zu validieren und ein intelligentes Inertialsensorsystem
in die Anwendung zu bringen. Die äußerst vielversprechenden Ergebnisse
dieser Thesis motivieren Forschung in diese Richtung.
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