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Abstract

In this thesis a deep learning approach for 6-DoF pose estimation is developed. In
doing so a neural network model is trained on several sensor inputs (GPS, IMU and
odometry) with the aim of predicting a 6D pose (latitude, longitude, altitude, pitch,
roll and yaw).
During an architecture search with simulation data it turned out that a recurrent neural
network (RNN) containing one gated recurrent unit (GRU) with 256 units performs
best. This model archives a mean position accuracy of 3,5 meter while the mean pitch,
roll and yaw error is below 1,5 ◦. By increasing the dataset size from 2 hours to 20
hours the results could be improved to 0,95 meter and 0,3 ◦.
By training on a real world dataset which contains 1,5 hours of driving time the model
archived a mean position accuracy of 3,6 meter and a orientation accuracy of 0,05 ◦,
0,16 ◦ and 0,08 ◦ for pitch, roll and yaw.
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CHAPTER 1

Introduction

1.1 Motivation

Pose estimation and tracking is one of the most important tasks in the field of aug-
mented reality. Modern navigation systems provide useful information to the user
based on the current location [Rao+14a; Rao+14b]. For such an application, as it can
be seen in figure 1.1, it is critical to estimate the current pose, meaning the position
and orientation, of a vehicle very precisely. An inaccurate pose estimate would result
in a mismatch between reality and the augmented livestream which leads to bad user
experience. In the case of navigation systems this could even be dangerous if the
driving directions are inaccurate or wrong.

Traditional methods are based on mathematical models and human engineered
features. However, in a driving scenario these models become very complex and
complicated. Furthermore all models are based on assumptions which do not describe
the real world exactly. Another way of approaching this problem is the use of machine
learning. Here one does not require prior knowledge. Instead the algorithm discovers
useful features and pattern by itself without the need of human knowledge. Machine
learning algorithms have shown tremendous success on different fields like computer
vision, natural language processing and signal processing. Therefore the question arises
if machine learning can be used for pose estimation.
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1 Introduction

(a)

(b)

Figure 1.1: Mercedes MBUX augmented reality navigation. A livestream of the front
camera is augmented with additional information such as destination direc-
tions, house numbers or street names.

(a) thedrive.com/tech/23816/
daddy-mbux-testing-mercedes-benzs-new-infotainment-system-in-the-2019-a-class

(b) blog.mercedes-benz-passion.com/2018/02/
neue-a-klasse-erstes-bild-der-augmented-reality-funktion
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1 Introduction

There are some challenges for using augmented reality in vehicles:

1. Sensor noise. In most cases cheap sensors are used which provide inaccurate
measurements with a lot of noise. Besides noise, sensors can contain other types
of errors like drift, jitter or complete outages.

2. Varying sensor update rates. Different sensor types have different update rates.
While a IMU sensor usually provides measurements at 100 Hz the rate is typically
at 1-3 Hz for GPS receivers.

3. Limited computation power. Computational power is often very limited in vehicles
since those platforms are optimized for low energy consumption and efficiency.

4. Real-time requirements. Augmented reality applications require real-time perfor-
mance up to 60 frames per second.

1.2 Task Definition

Figure 1.2: Schematic view of the approach to be developed. The input of the algorithm
are different sensor measurements. The goal is to train a neural network
which predicts a 6D pose estimate.

The aim of this work is it to evaluate if deep learning can be applied to 6-DoF pose
estimation using sensor data. This involves the following tasks:

• The dataset contains different sensor types with different update rates which
need to be synchronized.

• In order to find a suitable network an architecture search needs to be done which
should include different suitable neural network types and layers.

• The resulting trained neural network should be executable in real-time (60 Hz).

• It is to be investigated whether pre-training on simulation data improve the
performance

3



1 Introduction

• The performance of the developed neural network should be evaluated quantita-
tively and qualitatively.

1.3 Overview

Chapter 2 gives an insight into the state of the art for pose estimation and shows related
work.
Chapter 3 present the required background knowledge in order to understand this
work. It gives an overview of different sensor types and focuses on neural networks.
In Chapter 4 simulation data was used in order to get first insights into the problem.
This includes an architecture search in order to find out which architectures and models
archive good results as well as the analysis and discussion of the results.
Similar, chapter 5 presents the results when using a real world dataset. Here again
an architecture search is described. Furthermore the performance of the developed
approach is compared to other algorithms.
Finally, chapter 6 summarizes the results. At the end some future work is presented in
chapter 7.

4



CHAPTER 2

Related Work

Pose estimation is the task of determining the position and orientation of an object. To
compute an accurate pose it is essential that different sensor data are combined with
each other [Ang+13; KHS17; Lan+10]. Sensor fusion describes the process of combining
multiple sensor data in order to compute a more accurate results than the sum of the
individual sensors [Elm02; Sha17].

Modern vehicles often contain small and low-cost sensors which provide noisy mea-
surements and relatively high errors [Roa08]. In order to use such sensors for automated
driving and augmented reality it is critical to filter and fuse those measurements. By
combining multiple sensor sources the overall result can be improved. Another benefit
of sensor fusion is it that the pose can be predicted continuously even if sensor outages
occur. Especially GPS outages are likely in city’s or tunnels. By using IMU and odome-
try data a sensor fusion system is still able to compute a pose estimate in such a scenario.

The most common used approach is the Kalman filter [Kal60; HR05] and the extended
Kalman filter [Sab06; Rib04] which can be used for non-linear processes. There a several
publications for 6-DoF (six degrees of freedom) pose estimation and Kalman filters
which include only IMU data [TYH13; TO17] as well as IMU and GPS data [YZL12;
MWJ12; Qin+19].
However, there are several downsides of the Kalman filter [Roa08; CESN04; VO99].
One main limitation is that the Kalman filter requires an error model (noise model) for
each sensor. Thus, it requires accurate prior information about the statistical sensor
characteristics. It has been shown that sensor noise in non-linear and correlated over
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2 Related Work

time which makes it very hard to distinguish sensor data and noise based on a physical
model [AKR06; Par04]. Additionally, estimating the error states of the sensors is a
major problem [RAHS04]. Finally, in the extended Kalman Filter non-linear motion
and sensor models are linearized which leads to inaccuracies.
Other traditional approaches for pose estimation are Bayesian Inference [REG14; BF10],
Dempster-Shafer [Wu+02] reasoning or Analytical methods [BL11]. To summarize, these
classical approaches often require prior information as well as domain-knowledge and
human experience since they often contain handcrafted features and models [Nwe+18].

One promising way to overcome these issues is deep learning [GBC16] which had
tremendous success in many fields like image and object recognition [He+16], machine
translation [Sin+17b; Wu+16] and speech recognition [Dah+11] during the last years
[Yan+15; Sch15]. It has been shown that deep learning can be applied to time-series data
tasks like classification, forecasting and anomaly detection [Gam17; LKL14; Ism+19].
Deep learning is the approach of training an end-to-end neural network in a super-
vised manner. Popular deep learning models are Convolutional Neural Networks (CNN)
[LeC+98; KSH12] and Recurrent Neural Networks (RNN) [ZSV14]. These models can
learn complex and high-level features from raw sensor data [Zeb+18]. As a result, there
is no need for human engineered and hand-crafted features or heuristics. Additionally,
RNN’s are suited for time series since they take temporal correlations into account
[Wan+17]. Often used RNN cells are long short-term memory (LSTM) [HS97a] or gated
recurrent unit (GRU) [Chu+14] which contain an internal memory in order to process
sequential data and detect temporal patterns.

Most deep learning approaches for pose estimation so far are based on image and
video data as inputs [Pen+19; TSF18; KGC15; Keh+16; TS14; Bel+15]. However, com-
puter vision is computationally expensive since image data can be high dimensional.
Especially in vehicles, where low-cost and low-power hardware is used, computational
power is very limited which makes it hard to fulfill the real-time requirements. Addi-
tionally, visual pose estimation is sensitive to motion blur, occlusions and illumination
changes [Ram+16].

Deep learning approaches which use only sensor data are often limited to classifica-
tion and do not use IMU as well as GPS data [HHC17]. A lot of work has been done in
the area of human activity recognition [SPG19; Wan+17; Nwe+18; Zhe+14; Lim+19]. In
general, this tasks involves classification of IMU data into several categories (walking,
running, drinking etc.). These works are often based on Recurrent neural networks with
stacked LSTM layers [Hua+18; Wan+19; Zeb+18; Yan+15; HHP; KDD17; MP17b]. The
performance of pure RNN networks can be improved by a combination of CNN and

6
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RNN (also called CRNN) [Rue+18; HC16; Yao+16; Sin+17a; JY15]. In these networks
CNN layers are applied beforehand in order to extract meaningful and useful features
which are then processed by the RNN instead of feeding the recurrent layers with
the raw sensor data. The idea behind this approach is that the CNN capture spatial
relations and the RNN temporal relations [Wan+17]. Some publications indicate that
2D convolution works better than 1D convolution [HYC16; HC16; Yao+16; JY15; Jaf+19].

However, almost all mentioned publications above are used for classification tasks.
Pose estimation on the contrary is a regression problem [Lat+19]. An interesting ap-
proach is DeepSense described in [Yao+16] since it can be used for classification and
regression tasks. In this work the authors provide a CRNN architecture containing
several convolution layers with two recurrent and one output layer on top. Additionally,
the input data is transformed to the frequency domain by applying a Fourier transform.
The authors claim that patterns are better visible and detectable in the frequency than
in the time domain. However, the authors use only IMU data as input.
In [Ö19] an end-to-end CRNN is proposed for 6-DoF pose estimation based on IMU
data. Once again, no GPS input is used which has some limitations. Since IMU sensor
measurements are local it is not possible to determine the absolute pose of an object.
To overcome this, one may feed an initial starting pose into the algorithm and perform
a relative prediction with respect to this starting point. However, this approach has
serious downsides. Firstly, the result is depends strongly on the accuracy of the initial
pose. Secondly, even with small prediction errors at each timestep, those error will
accumulate and lead to a inaccurate pose after short prediction intervals. Therefore it is
important to use both, IMU and GPS data, in order to determine the absolute pose of a
vehicle. To the best of the author’s knowledge there exist no end-to-end deep learning
approach for 6-DoF pose estimation which uses IMU as well as GPS data at the moment.

Another approach is the combination of deep learning and Kalman filter. In [Ram+16]
a RNN predicts a pose from IMU data. Simultaneously, a visual tracker proposes a
second pose based on camera images. Afterwards a Kalman filter merges both poses
and outputs a final pose.
As mentioned before one main disadvantage of the Kalman filter is that one has to
specify a sensor and error model. One way to overcome this issue is to learn those
motion and noise models by a neural network which is called Deep Kalman filter [Hos18;
Cos+17; KSS15].
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CHAPTER 3

Background

3.1 Inertial Measurement Unit

Figure 3.1: A IMU has it’s own local (body) frame which is usally not the same as the
world (global) frame [Woo07].

An inertial measurement unit (IMU) combines accelerometer, gyroscope and sometimes
magnetometers into a single unit. Magnetometers are generally not used in the
electromagnetic environment of vehicles, as the sensor measurements contain too much
noise and are not reliable inside such systems. IMU’s measure the (angular) velocity

8
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and can be used to determine the position and orientation of an object when no external
reference, like GPS, is available (dead reckoning) [GWA07]. There are two different types
of IMU’s (see figure 3.2) [Woo07]:

• Gimbaled or stable platform: This systems compensate external rotations such
that local frame is always aligned with the global frame. Stable platform system
contain torque motors which compensate and cancel out external rotations.

• Strapdown Systems: Sensors are mounted on a fixed base. The outputs are
therefore measured in the local body frame and not in the world frame. Position
and orientation can be computed by integrating the accelerometer and gyroscope
measurements which is also called inertial navigation. Strapdown Systems are
cheaper, smaller and less complex which is why they are more commonly used.

Figure 3.2: Comparison between a strapdown and gimbaled IMU [GWA07].

Since a vehicle has six degrees of freedom (6DoF) its orientation (also called attitude)
is described by the rotation around three axes (see figure 3.3). These three angle values
are called roll (front-to-back axis), pitch (side-to-side axis) and yaw (vertical axis). These
rotation axes a relative to the vehicle. This means that they move within the vehicle
relative to the global earth frame.

9
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Figure 3.3: Roll, pitch and yaw in a vehicles [Kis+19].

3.2 Global Positioning System

Global Positioning System (GPS) is a system for military, civil and commercial appli-
cations [BDW95]. GPS calculates the position of a receiver with an accuracy of 5 to
15 meters if the receiver is visible by four or more satellites [Sha17]. GPS is cheap,
fast, reliable and provides an absolute position in the world frame. However, position
accuracy can be drastically reduced by obstacles like buildings, mountains, trees or bad
weather conditions.
The position accuracy can be improved to 1 - 3 cm by using differential GPS (DGPS)
[PE96]. DGPS uses a additional base station in order to compute differential corrections.
The major drawback of DGPS is that it only works in a narrow area around a reference
station and is more expensive.

A location on the earth is represented in a geographic coordinate system. To represent
a position latitude, longitude and altitude (or elevation) are often used (see figure 3.4).
Latitude describes the angle between a point and the equatorial plane. Latitude values
range from -90◦ (South) to +90◦ (North). Longitude measure the angle to the east or
west and range from -180◦ to +180◦.

10



3 Background

Figure 3.4: Latitude and longitude system.

https://gisgeography.com/latitude-longitude-coordinates (13.02.2020)

3.3 Artificial Neural Network

Artificial neural networks are inspired by the biological nervous systems and can be
viewed as a simplified mathematical model of the human brain. Neural networks
consist of several connected units which exchange signal among each other. By stacking
multiple of those units neural networks are able to learn and process non-linear
relationships.

3.3.1 Perceptron

The fundamental unit of a neural network is the so called Perceptron [Ros61] developed
by Rosenblatt in 1958. The Perceptron is a binary classifier which takes an vector x as
input an maps it to an output f (x), where w are the weights and b the bias.

f (x) =

{
1 if w · x + b > 0

0 otherwise
(3.1)

After multiplying each input value with the respective weight (dot product) a bias
term is added in order to shift the decision boundary of the classifier. The activation
function determines the output of the classifier and is the Heaviside step function for
the Perceptron (see figure 3.5).

A major problem of the Perceptron is that it can only solve linear separable problems.
Therefore, even the logical XOR problem is not solvable by a Perceptron [MP17a]. This

11
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Figure 3.5: Perceptron Model [Sha17]. The Perceptron is a binary classifier with weights
w which maps a set of input values to a binary output.

issue can be solved by stacking several Perceptrons.

3.3.2 Feedforward Neural Network

A feedforward neural network is contains several Perceptrons stacked into layers (see
figure 3.6). It consists of an input layer, a variable number of hidden layers and an
output layer. Thus it is also called multilayer perceptron (MLP). A MLP is a universal
function approximator and is able to learn complex functions including the XOR
problem [HSW89].

A MLP has a variable number of outputs, depending on the number of units in the
output layer. Additionally, this model can be used for classification and regression by
choosing an appropriate activation and loss function.

In order to learn non-linear relationships it is necessary to use non-linear activation
functions. By stacking those non-linearities a neural network can learn abstract and
high-level concepts. The following are popular and often used activation functions:

• Rectified Linear Unit (ReLU):

σ(x) =

{
x if x > 0

0 x ≤ 0
(3.2)

12
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Figure 3.6: Model of a feed forward neural network (multilayer perceptron) with a
single hidden layer where σ is the activation function. A MLP can consists
of multiple hidden layers with different activation functions in every layer.
In most cases MLP’s are fully connected which means that the inputs of
each unit are the outputs of all units in the previous layer.

• Hyperbolic Tangent (tanh):

σ(x) =
2

1 + e−2x − 1 (3.3)

• Sigmoid:

σ(x) =
1

1 + e−x (3.4)

3.3.3 Training and Optimization

In neural networks learning is achieved by modifying the weights. The goal of super-
vised learning is to minimize the deviation (error) between the target output value ŷ
and the actual output value y. Therefore a cost function or loss function is required which
measures the error. Possible loss functions for regression problems are:

• mean squared error (MSE):

MSE =
∑N

i=1(ŷi − yi)
2

N
(3.5)

• root-mean-square error (RMSE):

RMSE =

√
∑N

t=1(ŷt − yt)2

N
(3.6)
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The goal of the training process is to adjust the weights in such a way that the loss
function is minimized. Gradient descent is a possible optimization method for finding
such a minima. Here one iteratively follows the negative gradient of the loss function
∇L(w) by a small step size λ (learning rate). Hence we change the weights w at each
timestep t in such a way that the loss function decreases fastest:

wt+1 = wt − λ∇L(wt) (3.7)

Some drawbacks of gradients descent optimization are [GBC16]:

• There is no convergence guarantee. Training can be slow, especially if the loss
function contains plateaus, saddle points or flat regions.

• It may converge to a local minima.

• Oscillation and zig-zagging may occur which may slow down training or even
lead to divergence.

However, gradient descent is the most used optimization method for neural networks.
Some of the mentioned issues above can be reduced if a more advanced optimization
method is used which modifies and extends gradient descent and can speed up training
[Rud16]. Popular choices are Adam [KB14] or RMSprop [TH12].
Within gradient descent the loss is computed with respect to all training examples
before a weight update happens. When training on large datasets this can lead very
quickly to memory issues and long training times. In order to speed up the learning
process stochastic gradient descent (SGD) is used. Here the weights get updated after a
batch of training examples (usually 64 to 512). Therefore stochastic gradient descent is
only a approximation of the “true” gradient and not as accurate. However, in practice
it is only feasible to use stochastic gradient descent since memory and time is limited.

Calculating the gradients with respect to each weight of the loss function is not trivial.
Since a neural network can have millions of weights (parameters) and a complex loss
function it is infeasible to calculate the gradients directly or analytically. For neural
networks Backpropagation [RHW86] is a efficient way for for calculating the gradients of
a neural network and updating weights.

In order to detect and prevent overfitting the available data is usually split into
training, validation and test data [GB10; Zha+16]. Overfitting happens if the network
memorizes training examples and does not generalize to new unseen data. One way to
prevent overfitting is to use the early stopping method [Pre98]. In this case training is
stopped, if the validation error increases (see figure 3.7).

14
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Figure 3.7: Typical plot of training and validation loss during training a neural network
[GBC16]. The blue training loss decreases constantly. At some point the
validation loss start increasing which is a indicator for overfitting.

Other techniques to prevent overfitting are:

• Dropout [Sri+14]: A certain percentage of the units are excluded which helps to
reduce the generalization gap [Sri13].

• DropConnect [Wan+13]: Similar to Dropout. Here a certain percentage of weights
are set to zero.

• L1 / L2 Regularization [Ng04]: Add a regularization or penalty term to the loss
function that punishes large weights.

15
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3.3.4 Convolutional Neural Networks

A convolutional neural network (CNN) [LeC+98] is able to learn and extract features from
input data and have been successfully applied to a wide range of applications like
image classification [He+16], human activity recognition [Yao+16] or natural language
processing [Geh+17]. The core of a CNN is the so called (discrete) convolutional
operation. This works by looping a filter (kernel) over the input data which can be seen
in figure 3.8. Usally a convolutional layer contains multiple filters which weights are
learned automatically by gradient descent. By stacking several convolutional layers
followed by a non-linear activation function CNN’s are able to learn abstract and
high-level features [Yos+15; Qin+18].

Figure 3.8: Example of a 2D convolution [GBC16]. Here a 2 x 2 filter is applied to a 3 x
4 input. The result of the operation is a 2 x 3 output.
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3 Background

3.3.5 Recurrent Neural Network

A recurrent neural network (RNN) has a feedback connection as it is shown in figure 3.9.
Combined with their internal state (memory) RNN’s are able to process sequential and
time-series data [GSC99].

Figure 3.9: A recurrent neural network has a feedback connection and can be also be
viewed as unrolled graph [Ola15]. Thus, the input at each time step is the
previous internal state and the current input.

However, when the input sequence is long standard recurrent neural networks suffer
from vanishing or exploding gradients. This can be avoided by using long short-term
memory (LSTM) cells [HS97a]. Instead of using just a single activation function per cell,
LSTM’s are more advanced units (see figure 3.10). Each LSTM block contains 3 gates
(input, output and forget gate) which modify and regulate the flow of information. As a
result the gradients are more stable and the network can store and process information
for long time intervals [HS97b].

Figure 3.10: Model of a LSTM network [Ola15]. The yellow σ node represents the
sigmoid function.

17
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LSTM’s forward pass can be described by the following equations where f , i and
g are the forget, input and output gate. σ is the Sigmoid activation function, b the
respective bias for each gate and c the internal cell state. The Hadamard product ∗
denotes the element-wise product. W and U are the trainable weight matrices.

ft = σ(W f xt + U f ht−1 + b f ) (3.8)

it = σ(Wixt + Uiht−1 + bi) (3.9)

ot = σ(Woxt + Uoht−1 + bo) (3.10)

ct = ft ∗ ct−1 + it ◦ tanh(Wcxt + Ucht−1 + bc) (3.11)

ht = ot ∗ tanh(ct) (3.12)

An popular alternative to a LSTM cell is the gated recurrent unit (GRU) [Cho+14].
GRU’s combine the forget and input gates into a single gate as well as some other
minor changes (see figure 3.11). This makes the model simpler and requires less
parameters which results in faster training time. However, it has been shown that
LSTM’s outperform GRU’s in most cases [Chu+14; Bri+17].

Figure 3.11: Model of a GRU cell with corresponding equations [Ola15]. The operator
∗ denotes element-wise multiplication.
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CHAPTER 4

Training on Simulation Data

In order to find out which models, architectures and techniques work for the task of
pose estimation simulation data was used. Training on simulation data has several
benefits:

• In reality, real world data contain typically both, more diverse and higher noise.
With simulations, however, the sensor noise can be varied and freely selected.
Thereby expensive hardware can be simulated in order to gain more insights and
explore the limitations of the developed algorithm.

• Real sensors have different resolutions or update frequencies. While IMU sensors
provide measurements at around 100 Hz GPS sensor on the other hand are often
limited to 1 - 3 Hz. A simulation framework on the other hand is able to provide
GPS measurements with 100 Hz.

• The measurements of different sensor are perfectly synchronized. Thus, at each
timestep the measurements from all sensor as well as the ground truth data is
available. In reality sensors measurements arrive unsynchronized. Additionally,
sensor failure, outage and jitter occur in real world. By using simulation data one
can generate high quality data such that additional data pre-processing steps are
not needed.

• Data gathering is time consuming and cost intensive in real world. It also requires
special hardware for monitoring the ground truth data which must be set up and
configured properly.
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4 Training on Simulation Data

To summarize, simulation data is used in order to reduce the complexity of the task.
This allows to gain first insights and understandings about the presented problem.

4.1 Simulation Framework

The public available framework GNSS-INS-SIM1 can be used for simulating a 6D pose
with the corresponding sensor measurements. It provides IMU, odometer, magne-
tometer and GPS measurements as well as the associated ground truth values for each
sensor. The ground truth reference trajectory can be freely defined with a so called
motion profile (see table 4.1).

1 ini lat ini lon ini alt ini vx ini vy ini vz ini yaw ini pitch ini roll
2 31.9965 120.004 0 10 0 0 315 0 0

3 command yaw pitch roll vx vy vz duration gps
4 1 0 0 0 10 0 0 10 1
5 5 0 45 0 10 0 0 250 1

Table 4.1: Example motion file to generate the reference trajectory.

A motion profile starts with the initial position, velocity and orientation in line 2.
From line 4 onwards the actual motion definition begins. There are several different
command types. Type 1 defines the absolute velocity and orientation change rate. In
this case we define that the vehicle accelerates with 10 m

s for the next 10 seconds while
the orientation does not change (line 4). Command type 5 sets the orientation change
rate and the absolute velocity. In this example, during the next 250 seconds, we increase
the pitch angle by 45 degree and set the velocity along the x axis to constant 10 m

s (line
5).

After the trajectory has been defined one can set the sensor update frequencies and
sensor accuracy. Unless otherwise stated, all sensor measurements (including GPS) are
simulated at 100 Hz with medium accuracy. The error model (noise) of each sensor can
be set freely. If not otherwise stated medium accuracy is used (see table 4.2).

1https://github.com/Aceinna/gnss-ins-sim
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4 Training on Simulation Data

error type low accuracy medium accuracy high accuracy
gyro bias (deg/h) 0 0 0
gyro angle random walk (deg/rt-h) 0,75 0,25 2.0e-3
gyro bias instability (deg/hr) 10 3,5 0,1
accel. bias (m/s2) 0 0 0
accel. velocity random walk (m/s) 0,05 0,03 2.5e-5
accel. bias instability (m/s2) 2.0e-4 5.0e-5 3.6e-6
magnetometer std. noise (uT) 0,1 0,01 0.001
GPS position RMS error (m) 5 5 5
GPS vertical RMS error (m/s) 0,05 0,05 0,05

Table 4.2: Predefined sensor error model from the simulation framework.

4.2 Dataset Analysis

For training a motion profile was defined which resulted in the trajectory shown in
figure 4.1. The dataset contains a round trip route with a driving time of 10 minutes
per round. The data is rather simple and minimalistic, because it does not contain
all possible driving scenarios and is quite short. Additionally, ground truth values
for pitch, roll and altitude values do not change and are constant at zero. As stated
previously, the aim is it to simply the problem and start at a lower complexity in order
to find a good performing model.
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Figure 4.1: Dataset overview. The left plot shows the ground truth GPS coordinates.
On the right the yaw angles are shown. Altitude, pitch and roll are constant
at zero.
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The sample rate of the sensor measurements was set to 100 Hz for IMU as well as
the GPS sensor. Therefore no synchronization of the sensor measurements is needed.

4.3 Data Preprocessing
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Figure 4.2: Dataset values after standard scaling has been applied.

The first pre-processing step is it to scale the different features. This is important,
because the range of values differs strongly between the features since they have
different units and scales. These differences may increase the difficulty of the problem.
Especially for neural networks very high values can lead to large weights and vice versa.
However, very small or large weights can make training and optimization unstable,
lead to bad performance and generalization or can even cause divergence.
Very often used is the so called standard scaler. This scaling method will transform
the data in such a way that the distribution will have a mean value of 0 and standard
deviation 1. To archive this we subtract the mean value µ of the dataset and then divide
by the standard deviation σ.

z =
x− µ

σ
(4.1)

µ =
1
N

N

∑
i=1

xi (4.2)

σ =

√√√√ 1
N

N

∑
i=1

(xi − µ)2 (4.3)
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In this case we have a multivariate dataset with 9 features (3 for each sensor). There-
fore we apply the scaling feature-wise (each column individually). The effect of this
transformation can be seen in figure 4.2. The data has still the same shape, but the
value range is changed compared to figure 4.1.

Predicting an accurate pose estimate from on single sensor measurement is clearly
not manageable. Since this is a time series regression problem the network gets multiple
sensor readings from the past as input. In order to generate the input data a sliding
window approach is used (see figure 4.3). At each timestep the inputs are the last T
sensor measurement from all sensors, where T is called the window size or sequence length.
Afterwards the window is moved by 1 timestep such that we generate overlapping
windows and generate as much data as possible.

Figure 4.3: Sliding window approach for data preprocessing [OR16]. The length of the
window is also called window size or sequence length.

The last preprocessing step is it to split the data into a training and test set. In this
case 80% were used for training and 20% for testing.
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4.4 Architecture search

In order to find a good performing model an architecture search was done. Here
model architectures and parameters are systematically tested by a grid search. It is
first investigated how good pure recurrent neural networks work before testing the
combination of CNN and RNN.

4.4.1 RNN

The most obvious architecture for time series modeling is a recurrent neural network.
RNN’s are specifically designed for processing time series since they have an internal
memory.

Comparison between GRU and LSTM

A first question is which RNN cell to use. The most common cell types are long
short-term memory (LSTM) [HS97a] and gated recurrent unit (GRU) [Chu+14]. Typically
LSTM’s perform slightly better since they have a more complex internal structure with
more parameters. However, GRU are very popular since they are simpler. Due to the
fact the GRU has less parameters they allow deeper architectures and train faster which
is why they are often preferred over LSTM.

In multiple experiments with different parameters and number of layers it turned out
that the quantitative difference between LSTM and GRU cells is negligible. Training and
validation loss as well as other metrics such as mean position error are almost identical.
However, there is a qualitative difference if one looks at the predictions shown in figure
4.4. It turns out that LSTM’s sometimes has larger deviations and bigger jumps. The
GRU predictions on the other hand are more stable, especially while making a turn.
The mean average position error is almost identical, but qualitatively the GRU outputs
are preferred. The jumps like in the LSTM outputs would lead to bad user experience.
This is why the GRU predictions are preferred and in subsequent sections always GRU
cells are used.
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(a) GRU (b) LSTM

(c) GRU (d) LSTM

Figure 4.4: Comparison between GRU and LSTM predictions. The top shows the
predictions and ground truth values. The second row shows an enlarged
section of the upper row. On average the quantitative deviation is almost
identical between GRU and LSTM. However, qualitatively the GRU outputs
are better and preferred. The left hand side show GRU predictions which
are more stable. On the right are LSTM outputs which sometimes contain
huge deviations from the ground truth (gt).
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Architecture search

In the context of this architecture search 2 hours of data was used. This amount of
data is generated when you drive the above mentioned tour (section 4.2) 10 times. GPS
and IMU data were simulated with an update rate of 100 Hz. Magnetometer sensor
measurement were not used as inputs as they wouldn’t be available in a real world car
scenario. Each sensor (accelerometer, gyroscope and GPS sensor) produces 3 values
which results in 9 input values.

The results for the architecture search are shown in table 4.3. The models listed
are just a selection of the architectures actually tested in order to keep it clearly. The
architecture GRU(64), GRU(128) for example means that the model has two hidden
GRU layers with 64 and 128 units. The last layer is always a dense layer with 6 units
since we predict 6 values. Deeper models with more than 3 layers were not possible
since this leads to training problems such as vanishing and exploding gradients which
is typical for training recurrent neural networks. The same holds for using a cell with
more than 512 units. The following conclusions can be drawn from this architecture
search:

• Increasing the window size (sequence length) seems to improve the performance.
Going beyond a window size of 500 however does not seem to improve the result
much more. Using a window size of more than 1000 (which equals to 10 seconds
of data) was not possible due to training errors such as vanishing and exploding
gradients.

• Pitch and roll estimates are constantly very good due to the fact that their ground
truth values are always zero in this dataset. This shows that the network is in
principle able to learn a target value very precisely.

• Deeper networks with 3 or more layers do not improve the performance. Networks
with 1 or 2 layer outperform deeper models in most cases.

• The best models are GRU(64) and GRU(256). These models contain only one
single hidden layer with 64 and 256 units. In the best case the model GRU(256)
archives an average position error of 3,5 m and a mean yaw angle error of 1,5 ◦.

• Regularization and Dropout did not improve the metrics. For most of the models
training and testing loss was very close such that there was no generalization gap.
Unsurprisingly, regularization and dropout are not needed in this case.
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Architecture seq-len position yaw pitch roll
GRU(64) 10 6,4 7,3 0,0016 0,0013
GRU(128) 10 6,9 4,7 0,0026 0,0028
GRU(256) 10 6,5 5,0 0,0037 0,0023
GRU(512) 10 6,8 5,0 0,002 0,0019
GRU(64),GRU(64) 10 7,2 7,0 0,0034 0,004
GRU(128),GRU(128) 10 7,6 4,1 0,002 0,002
GRU(256),GRU(256) 10 7,1 3,7 0,0031 0,0018
GRU(512),GRU(128) 10 7,6 3,8 0,0023 0,002
GRU(64),GRU(64),GRU(64) 10 7,9 5,6 0,0019 0,003
GRU(128),GRU(128),GRU(128) 10 8,7 4,1 0,0027 0,003
GRU(256),GRU(128),GRU(64) 10 6,8 3,7 0,0023 0,001
GRU(64) 100 4,8 3,5 0,0022 0,0017
GRU(128) 100 6,4 4,6 0,0028 0,0021
GRU(256) 100 4,8 2,2 0,0023 0,0028
GRU(512) 100 5,4 1,5 0,0021 0,0020
GRU(64),GRU(64) 100 6,3 2,9 0,0042 0,0017
GRU(128),GRU(128) 100 6,3 2,1 0,0032 0,0047
GRU(256),GRU(256) 100 8,7 1,6 0,0022 0,0029
GRU(512),GRU(128) 100 6,2 0,9 0,0030 0,0024
GRU(64),GRU(64),GRU(64) 100 6,0 1,6 0,0014 0,0035
GRU(128),GRU(128),GRU(128) 100 7,5 1,3 0,0024 0,0016
GRU(256),GRU(128),GRU(64) 100 6,7 1,1 0,0022 0,0028
GRU(64) 500 3,9 3,8 0,0023 0,0028
GRU(128) 500 4,0 2,6 0,0026 0,0022
GRU(256) 500 3,4 3,5 0,0020 0,0023
GRU(512) 500 5,4 1,9 0,0020 0,0084
GRU(64),GRU(64) 500 3,7 2,3 0,0039 0,0031
GRU(128),GRU(128) 500 6,3 1,8 0,0030 0,0020
GRU(256),GRU(256) 500 6,4 2,9 0,0055 0,0069
GRU(512),GRU(128) 500 6,6 1,6 0,0022 0,0032
GRU(64),GRU(64),GRU(64) 500 4,6 2,8 0,0030 0,0029
GRU(128),GRU(128),GRU(128) 500 4,7 1,5 0,0034 0,0031
GRU(256),GRU(128),GRU(64) 500 7,1 1,3 0,0036 0,0027
GRU(64) 1000 4,3 5,1 0,0025 0,0021
GRU(128) 1000 4,4 2,4 0,0030 0,0013
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GRU(256) 1000 3,5 1,5 0,0061 0,0030
GRU(512) 1000 6,4 3,7 0,0042 0,0092
GRU(64),GRU(64) 1000 3,8 2,1 0,0025 0,0021
GRU(128),GRU(128) 1000 4,2 1,9 0,0030 0,0041
GRU(256),GRU(256) 1000 5,8 1,4 0,0043 0,0042
GRU(512),GRU(128) 1000 4,2 1,4 0,0030 0,0026
GRU(64),GRU(64),GRU(64) 1000 5,9 3,3 0,0040 0,0035
GRU(128),GRU(128),GRU(128) 1000 5,0 2,3 0,0025 0,0044
GRU(256),GRU(128),GRU(64) 1000 5,6 2,5 0,0039 0,0058

Table 4.3: Result of the architecture search for recurrent neural networks. Each model
was trained for 5 epochs. The reported values in the columns position, pitch,
roll and yaw are the mean absolute error of the test data. Position error is
in meters and angle error in degrees. Column seq-len is the sequence length
or window size and determines how many sensor measurements from the
past the network gets as input. Data is simulated with 100 Hz. A sequence
length of 1000 therefore means that the model gets the last 10 seconds as
input. The architecture GRU(64), GRU(128) for example describes a model
with two hidden GRU layers with 64 and 128 units followed by a dense layer
with 6 units at the end.

4.4.2 CRNN

Convolutional neural networks are able to learn high level features from inputs. The
idea behind a convolutional recurrent network (CRNN) is that the convolution layer
extract meaningful patterns and features from the raw signal which are fed into a RNN
cell. Thus, the convolution part is a feature extractor for noisy inputs while the RNN
is able to learn temporal aspects. Several works have shown that this combination of
CNN and RNN can increase the performance in the area of human activity recognition
(see section 2). The question remains if this is also the case for pose estimation which is
a regression problem.

Results for the CRNN architecture search are listed in table 4.4. The most important
parameters of a convolution layer are the number of filters and the filter size. In this
case it turned out that a filter size of 5 works best (compared to 3, 7, 10, 12 and 15).
Therefore all the convolution layers below use a filter size of 5. The number of layers,
number of filters and window length varies. From this search the following conclusions
can be drawn:
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• For a CRNN regularization and dropout improve the performance. Convolutions
tend to overfit quite quickly even with a small amount of layers and filters. In
order to reduce the generalization gap a L2 regularization of 0.001 was applied to
each CNN layer. Additionally, a Dropout layer with a rate of 0,1 after each layer
reduced the generalization gap further and resulted in better metrics.

• Again increasing the window length tend to increase the performance. In this
case going from a window length of 500 to 1000 resulted in a considerable
improvement in contrast to the previous RNN architecture search.

• Using a deep network with many convolutional layers did not lead to training
errors such as with pure RNN’s. However, using more than 3 convolution layers
did not lead to any further improvement.

• Overall the metrics for the CRNN architectures (table 4.4) are not as good as for
pure RNN (table 4.3). In most cases the position error is slightly above the pure
RNN for a given window size. Especially yaw angles are often significant worse
with errors up to 32 ◦.

• The best performing model is CNN(32),CNN(32),GRU(256) which reaches 4 meters
position accuracy and 1,5 ◦ orientation error.

• Pooling layers [SMB10] and Batch Normalization layers [IS15] did not improve
the result. Quite the contrary, using such layers resulted in poorer performance
in most cases.

Architecture seq-len position yaw pitch roll
CNN(16),CNN(16),GRU(64) 10 7,6 8,9 0,0028 0,0052
CNN(32),CNN(32),GRU(64) 10 8,4 6,1 0,0038 0,0032
CNN(16),CNN(16),GRU(256) 10 8,6 2,7 0,0036 0,0043
CNN(32),CNN(32),GRU(256) 10 9,5 4,6 0,0052 0,0032
CNN(16),CNN(16),GRU(64) 10 8,1 6,0 0,0016 0,0034
CNN(16),CNN(16),GRU(256) 10 8,8 3,0 0,0037 0,0020
CNN(32),CNN(32),GRU(256) 10 7,8 3,8 0,0032 0,0030
CNN(8),CNN(8),CNN(8),GRU(64) 10 7,4 8,37 0,0033 0,0034
CNN(16),CNN(16),GRU(64) 100 5,0 8,5 0,0031 0,0030
CNN(32),CNN(32),GRU(64) 100 6,6 6,4 0,0043 0,0044
CNN(16),CNN(16),GRU(256) 100 8,7 7,0 0,0060 0,0040
CNN(32),CNN(32),GRU(256) 100 6,6 22,0 0,0010 0,0075
CNN(16),CNN(16),GRU(64) 100 6,8 5,7 0,0024 0,0041
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CNN(16),CNN(16),GRU(256) 100 9,6 4,6 0,0082 0,0043
CNN(32),CNN(32),GRU(256) 100 7,0 4,3 0,0033 0,0035
CNN(8),CNN(8),CNN(8),GRU(64) 100 6,5 12,0 0,0032 0,0053
CNN(16),CNN(16),GRU(64) 500 7,1 32,0 0,0068 0,0054
CNN(32),CNN(32),GRU(64) 500 7,2 10,2 0,0032 0,0034
CNN(16),CNN(16),GRU(256) 500 9,5 7,5 0,0049 0,0069
CNN(32),CNN(32),GRU(256) 500 4,0 1,5 0,0018 0,0050
CNN(16),CNN(16),GRU(64) 500 5,6 5,7 0,0026 0,0019
CNN(16),CNN(16),GRU(256) 500 8,4 3,0 0,0037 0,0087
CNN(32),CNN(32),GRU(256) 500 5,4 2,2 0,0044 0,0017
CNN(8),CNN(8),CNN(8),GRU(64) 500 6,7 13,0 0,0050 0,0048
CNN(16),CNN(16),GRU(64) 1000 5,5 5,9 0,0025 0,0034
CNN(32),CNN(32),GRU(64) 1000 5,6 5,1 0,0051 0,0071
CNN(16),CNN(16),GRU(256) 1000 6,2 2,8 0,0068 0,0053
CNN(32),CNN(32),GRU(256) 1000 7,7 2,3 0,0066 0,0065
CNN(16),CNN(16),GRU(64) 1000 6,6 4,3 0,0015 0,0029
CNN(16),CNN(16),GRU(256) 1000 5,7 1,3 0,0015 0,0061
CNN(32),CNN(32),GRU(256) 1000 5,0 1,4 0,0049 0,0016
CNN(8),CNN(8),CNN(8),GRU(64) 1000 9,1 13,5 0,0038 0,0053

Table 4.4: Result of the architecture search for convolutional recurrent neural networks
(CRNN). The reported values in the columns position, pitch, roll and yaw
are the mean absolute error over the test data. Position error is in meters and
angle error in degrees. Column seq-len is the sequence length or window size
and determines how many sensor measurements from the past the network
gets as input. The architecture CNN(32),CNN(32),GRU(256) for example
describes a model with two CNN layers which have 32 filters and a kernel
size of 5 followed by a GRU cell with 256 units. At the end of each model is
again a dense layer with 6 units.
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4.4.3 Other Parameters

For the sake of completeness, more (hyper-)parameters are listed below:

• Adam optimizer with an initial learning rate of 0.001 worked best compared to
other optimizer such as vanilla gradient descent or RMSProp.

• The network was trained on a NVIDIA Quadro P6000 GPU with 24 GB of memory.
Training with a large batch size of 512 maximized training speed and didn’t result
in memory issues even with large window length of 1000.

• During preprocessing standard scaling worked best. Other scaling methods like
MinMaxScaler, RobustScaler or PowerTransformer 2 led to poorer results.

• Usually training for more than 5 epochs did not improve the performance. Train-
ing for more than 10 epochs resulted in overfitting.

• At the final output layer no activation function is used. The last layer is a dense
layer with 6 outputs and linear activation. Adding an non-linearity (like sigmoid,
tanh or relu) in this layer led to bad results.

• Mean absolute error (MAE) as loss function yielded the best results. Other
popular choices like mean squared error (MSE) or Hinge Loss resulted in poorer
results.

Besides of CRNN’s also pure CNN’s were tested. A CNN means that the network
contains only convolutional and dense layers. Therefore there are no RNN cells used in
pure CNN’s. However, this architecture showed the worst results. This makes sense,
because CNN’s are not able to process sequential time series data. Therefore they
are not able to learn and extract temporal patterns which is very important for this
problem.

2https://scikit-learn.org/stable/auto_examples/preprocessing/plot_all_scaling.html

(10.01.2020)
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4.5 Increasing Dataset Size

In the above mentioned architecture search the models were trained with roughly 2
hours of data. An interesting question is now what influence the amount of data has on
the position accuracy. It is known that the power of deep learning evolves when large
amounts of data are used. But how many hours of data do we need for this problem in
order to use it in a real application?

Table 4.5 shows the results of increasing the dataset size. For this experiment the best
model GRU(256) from the architecture search was used and trained for 5 epochs with
varying amounts of training data.

Rounds Driving Time Position MAE Yaw MAE
1 12 min 15 m 120 ◦

2 24 min 9 m 16 ◦

5 1 h 6 m 4,6 ◦

10 2 h 4 m 1,8 ◦

25 5 h 4 m 2,0 ◦

50 10 h 2,5 m 0,9 ◦

75 15 h 2 m 0,7 ◦

100 20 h 95 cm 0,3 ◦

Table 4.5: Effect on increasing the dataset size on the position accuracy. Rounds de-
scribes how often the presented round trip tour (section 4.2) was driven. In
this case the model GRU(256) (one GRU layer with 256 units) was trained for
5 epochs.

As expected increasing the dataset size improves position and orientation accuracy
clearly. Increasing the dataset size from 12 minutes to 20 hours improved the position
accuracy from 15 m to 95 cm. Similar, yaw accuracy increased significantly. The increase
is even stronger here (from 120 ◦ to 0,6 ◦).

However, the final position accuracy of 95 cm is still way too high in order to use it in
an augmented navigation system. For the desired navigation application presented in
section 1.1 a position accuracy of less then 20 cm is required. It could be the case that a
deeper network architecture with more parameters and capacity would archive better
results when training with more than 20 hours of data. Whether the position accuracy
will fall below 20 cm with sufficient data cannot be predicted. But since the position
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accuracy does not seem to saturate there may still be room for further improvement
when using even more data.

4.6 Analysis and Debugging of the Network

In the previous section it turned out that the presented models are able to learn
something meaningful. However, 0,95 meter position accuracy in the best case is still
far from being able to use it in a real world application. The aim of this section is it to
analyze why the predictions are not as good and what could be the reasons for this.

4.6.1 Comparison between RNN and CRNN

The first question is it to identify if something is going wrong during the training
process. The training loss and metrics are shown in table 4.6 for the best RNN and
CRNN model.

1 2 3 4 5
RNN train loss 0.0768 0.0159 0.0086 0.0069 0.0053

RNN test loss 0.028 0.0124 0.0072 0.0075 0.0054
RNN position acc 11,5 8,4 6,5 4,3 3,7

RNN yaw acc 14,8 4,7 1,7 2,1 1,2

CRNN train loss 0.0943 0.025 0.00096 0.0142 0.0095
CRNN test loss 0.051 0.0139 0.009 0.0115 0.0075

CRNN position acc 28,8 10,1 6,5 7,4 4,6
CRNN yaw acc 24,5 4,5 2,4 3,7 2,1

Table 4.6: Loss and metric values during training. RNN is the best performing
GRU(256) model from the architecture search. Similar, CRNN is the model
CNN(32),CNN(32),GRU(256) which is the best CRNN architecture. Both mod-
els were trained for 5 epochs. Position accuracy values are in meters and
calculated with respect to the test set. Yaw accuracy values are in degree.

For both networks the loss decreases very fast during the first 3 epochs and more
or less converges afterwards. Also there is no indicator for overfitting. In both cases
no generalization gap is visible since the test loss is not significantly higher than the
training loss.
The loss for the RNN model is constantly lower than the CRNN loss which results in
better position and orientation accuracy.
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Overall there are no inconsistencies or oddities visible. They training process seems
fine, because we have typical loss curves and the model is able to learn and improve
it’s performance during training.

If you just look at the numbers and compare the metrics, the difference between the
RNN and CRNN does not seem too big. Although RNN metrics are better they still
are in the same region. Quantitatively there is not much difference between RNN and
CRNN. However, there is a qualitative difference as it can be seen in figure 4.5. If you
look at the predictions of both models they RNN predictions are better and preferred,
because they are much more stable. The CRNN predictions contain often high errors
and major fluctuations which can result in kind of a messy output. Especially when
not driving a straight line, for example a curve, the deviations from the ground truth
trajectory can be quite big (see figure 4.5). The errors are much more stable and evenly
distributed in the RNN case. This is why the RNN predictions are preferred over
CRNN outputs.

(a) RNN (b) CRNN

Figure 4.5: Predictions and ground truth data for both models. In difficult driving
situations CRNN outputs can become messy and unstable.

Something that stands out when you look at the predictions of both networks is a
constant offset between predictions and ground truth (see figure 4.6). In most cases
the predictions follow the ground truth closely and have the same shape and trajectory.
However, the center of the predictions if often slightly off the ground truth values. This
offset is not constant across the whole test set such that it could be easily manually
removed. Usually this offset is only constant for a short period of time and then changes.

One guess was that this is due to the scaling method of the dataset. As described
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Figure 4.6: RNN and CRNN predictions often contain a constant offset which changes
over time.

previously standard scaling was used in this case, which scales the data such that it
has a mean of 0 and a variance of 1. However, switching to other scaling methods, like
MinMaxScaler, RobustScaler or PowerTransformer, resulted in the same offset in the
predictions or decreased the overall performance. Other methods that were used to
fix this problem was using a different coordinate system (section 4.8.4). However, all
experiments and techniques which were tested to eliminate this prediction offset were
not successful.

4.6.2 Monitoring Weights and Gradients

To have closer look and identify possible training problems Tensorboard 3 can be used.
Tensorflow is a visualization toolkit included in Tensorflow and can track and visualize
losses and metrics. Furthermore, it can be also used to view and track weights and
gradient changes over time. This enables one to have a closer look into what is going
on during training time. The changing of the weights over time is shown in figure 4.7.

It can be seen that the weights surprisingly don’t change much over time and across
epochs. Most weight distributions look pretty much the same for every epoch. Addi-

3https://github.com/tensorflow/tensorboard (20.10.2020)
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Figure 4.7: Tensorboard weight distribution during training for model GRU(256). Here
the model was trained for 5 epochs. The weight histograms are stacked
vertically for each epoch. Layer gru_1 is the only hidden layer and layer
dense_1 is the output layer.

tionally, the weights for the hidden GRU layer form a normal distribution where most
of the weights are zero or very close to zero. This is a indicator that the model does not
learn very well. Gradient changes are not shown in this figure.

To understand why this is the case it helps to look how the gradients change over
time since they determine how much the weights will be adjusted. Surprisingly, the
gradients look very similar to the weight distributions meaning that the gradients are
most of the times zero or very small. Again, this vanishing gradients show that the
model does not learn very much.

To overcome this vanishing gradients problem the following steps have been taken:

• Use a smaller model with less parameters.

• Use different RNN cells like LSTM or a CRNN architecture.

• Use a different optimizer instead of Adam (like SGD or RMSProp).
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• Decrease the learning rate and use a learning rate decay.

• Use a different scaling method during preprocessing.

Unfortunately, all these actions have not solved the vanishing gradient problem. It
remains unclear why the weights and gradients are so small.

4.6.3 Explaining Model Predictions

Traditional methods for pose estimation, like a Kalman filter, often contain human
engineered features or models. Thus, this models can be understood, analyzed and
debugged quite easily. Neural networks on the other hand are kind of a black box.
Basically we don’t know what and how the model learned exactly and why it comes to
a specific decision or prediction. Explainable artificial intelligence (XAI) aims to tackle
this problem. This involves techniques to open the black box such that the models and
result can be understood [Arr+19].

The frameworks LIME [RSG16] and SHAP [LL17] are examples for an explainable AI
framework. Both can be used to explain the outputs of any machine learning classifier
(see figure 4.8).
Both frameworks only support a single output. Therefore a models was trained on

predicting the latitude values of the position based on GPS and IMU inputs. In order
to keep things clear the model was trained with a window length of 10 meaning that it
gets the last 10 measurements as input. Thus the models gets three values from the
GPS sensor (gps1, gps2, gps3), accelerometer (acc1, acc2, acc3) and gyroscope (gyro1,
gyro2, gyro3) at every time step (seq0,...,seq9).
One can clearly see in the output explanations that the model relies basically only on
the GPS inputs for predicting the position. In other words, the model does not include the
IMU measurements for predicting the position. This explains, why the position accuracy is
as bad as presented in the previous sections. The GPS inputs are quite noisy (RMS error
of 5 meters). Therefore it is obvious that the model can not predict the position accurate
to the centimeter when relying only on the GPS inputs. In order to predict the position
precisely the model should learn to include IMU measurements into its predictions.
This would be even more important in a real dataset where GPS measurements come
at 1 - 3 Hz and not with 100 Hz as in this simulated dataset.

But why the model does not learn to handle IMU measurements remains unclear.
LIME and SHAP can explain what the model does at inference, but not why it does
something or not. It might be the case that IMU data is just to complex and requires
huge amounts of training data.
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(a) LIME

(b) SHAP

Figure 4.8: Explainable AI frameworks such as LIME or SHAP can explain model
predictions. In this case the model predicts the latitude value based on GPS
and IMU data. The model was trained with a window length of 10 meaning
that it gets the last 10 measurements from each sensor. The value seq9_gps1
for example describes the last of the 10 input values from the gps sensor. It
can be seen that the model uses basically only the GPS values for calculating
a position estimate.
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4.7 Comparison to other Algorithms

As described in the previous sections the position accuracy is not very good and it
remains unclear why this is the case. Therefore the question arises if this is a specific
deep learning issue. In order to answer this other (machine) learning algorithms were
applied on the same dataset (see table 4.7).

Method Position MAE
AutoML (H2O) 2,5 m

Linear Regression 3,4 m
Decision Tree 11,8 m

LastValue 4,5 m

Deep Learning (proposed approach) 3,5 m

Table 4.7: Position accuracy of other algorithms when training on 2 hours of data. In
this case the best H2O model was a Gradient Boosting Machine (GBM). The
algorithm LastValue acts as a baseline and only returns the last GPS sensor
measurement as prediction.

Automated machine learning (AutoML) automates the training of a machine learning
model. AutoML takes care of the whole process of training a model, from the raw
dataset to a deployable model, without the user having to intervene or make decisions.
Thus it allow also non exerts to use machine learning.
An example for an AutoML frame work is H2O 4. H20 automates the process of model
selection and training as well as parameter tuning. This involves testing a wide range
of different algorithms (like random forests, gradient boosting machines, support vector
machines, deep learning and more). The tuning of a model, or a ensemble of models, is
done by a (random) grid search. H20 was used in this context because it allows one to
test multiple algorithms at once via a single and easy to use interface.

In this case the best model trained by H20 was a Gradient Boosting Machine (GBM)
which builds an ensemble of regression trees. This is done by iteratively growing
multiple regression trees in parallel. This model archived a position accuracy of 2,5
meters. A standard decision tree model 5 archived only 11,8 meter position accuracy.

4https://www.h2o.ai (20.01.2020)
5https://scikit-learn.org/stable/modules/preprocessing.html (20.01.2020)
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Training a linear regression model resulted in a position accuracy of 3,4 meters and
is therefore just as good as the deep learning approach (3,5 meters). This is surprising
because a linear regression is rather simple and was not specifically designed for
processing time series like recurrent neural networks.
It is somewhat surprising that models like linear regression and GBM are in the same
region although these models are not specifically designed for handling time series
data like a RNN.

All the models mentioned above were trained on 2 hours of data. Unfortunately, it
was not possible to use more data for the non deep learning algorithms. Using more
data resulted either in extremely long computing time or very high memory usage
since linear regression and decision trees don’t scale well. Even with 256 GB of memory
it is not possible to train these models with several hours of data.

On the other hand the memory usage neural networks is constant and independent of
the dataset size since one only has to load the current batch into memory. Furthermore,
computation time scales linear meaning that twice as much data only doubles training
time. Therefore deep learning is the only algorithm which can be easily trained on
large datasets. As described in section 4.5 the position accuracy can be improved to
95 cm when using up to 20 hours of training data. Therefore deep learning clearly
outperforms the other algorithms, but only when training with sufficient data.

4.8 Further Experiments

In order to better understand and perhaps improve the result, a number of experiments
were done. However, none of the following experiments brought a significant improve-
ment of the result. For the sake of completeness they are nevertheless listed and briefly
described.

4.8.1 Overfitting and Ground Truth as Input

One common approach of training neural networks is it to overfit on a small amount
of data or even a single training example. By this procedure one can verify that the
data preprocessing and training pipeline works. Additionally, overfitting shows that
the network is in principle able to process the data and learn from it even though it is
just memorizing the few training examples.

Surprisingly, in this case overfitting was not really possible. Even with training on
very few training examples (10 to 100) and for many epochs (more than 20) the loss was
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not significantly lower than by training on the full dataset. Also the offset between train-
ing and validation loss (generalization gap) was not that large. The model archived a
position accuracy of 1,8 meters which is surprisingly bad for this overfitting experiment.

One can take this overfitting experiment even further. In this case the model was
again trained on a few data points. But this time the GPS sensor measurements were
replaced with the ground truth position. This means that the inputs and target values
are exactly the same. Very surprisingly the model only archived a position accuracy of
1,6 meters. When you consider that the network in this case only have to output the last
GPS input in order to archive a position accuracy of almost zero the result is rather poor.

This overfitting experiments indicate that there is probably a more general problem
when applying deep learning to this problem. It seems that the networks somehow is
not really able to process this kind of GPS input data. It remains an open question why
this is the case.

4.8.2 Low GPS Update Rates

In order to simplify the problem the GPS measurements were simulated with 100 Hz
so far. In reality such high update rates are unrealistic. Especially low cost GPS senors
often provide update rates of 1-3 Hz. In order to check if the network can handle
different sensor resolutions and low GPS update rates the same dataset was simulated
with 1 Hz GPS measurements. IMU measurements were again simulated with 100 Hz.

The results are shown in table 4.8. As one can see, a low resolution GPS sensor
does not lead to poorer performance. The position accuracy is in this case 3,7 meter
(compared to 3,5 meter with 100 Hz GPS). Surprisingly, the yaw accuracy is much
better in this experiment (0,62 ◦ compared to 1,5 ◦).

Epoch Position Yaw
1 9,6 m 1,35 ◦

2 5,8 m 1,12 ◦

3 4,6 m 0,94 ◦

4 4,4 m 0,85 ◦

5 3,7 m 0,62 ◦

Table 4.8: Training the model GRU(256) with a GPS update rate of 1 Hz. IMU data was
simulated at 100 Hz.
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4.8.3 Relative Prediction

So far the model always got absolute coordinates (latitude and longitude) as inputs
and also predicted the absolute position. In this experiment the model was trained
on relative GPS inputs. This means that the GPS input at each timestep is the relative
change to the previous timestep. Thus, the model gets the position change (deltas) as
input and not absolute coordinates. As an example the absolute input sequence (47◦,
48◦, 48.5◦, 48.2◦) would be transformed to the relative input (0◦, 1◦, 0.5◦, -0.3◦).

Similar, the ground truth data was changed such that the model has to predict the
position 1 second in the future relative to the current position (the first position from
the input). Thus, the model has to predict a translation and not a absolute position. The
aim of this experiment is it to find out if absolute coordinates as inputs and ground
truth are a problem.

Table 4.9 shows the results for this experiment. In the best case the position error was
8,2 cm which is much lower than with absolute coordinates. However, one must keep
in mind that this error sums up at each prediction step. Thus, the model outputs would
be unreliable after a few predictions. In this case the model GRU(256) was trained to
predict the pose 1 second in the future. Different time intervals resulted in similar
results. Therefore we can conclude that absolute coordinate inputs and predictions
doesn’t seem to be a major problem.

Epoch Position Yaw
1 11 cm 0,20 ◦

2 10 cm 0,16 ◦

3 10 cm 0,17 ◦

4 9,7 cm 0,15 ◦

5 8,2 cm 0,16 ◦

Table 4.9: Prediction errors for the relative prediction experiment. Numbers show the
mean absolute error (MAE).
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4.8.4 Coordinate Transformation

The position inputs and targets so far were latitude and longitude. It could be the
case that the network has problems handling latitude and longitude values. In order
to test this the GPS measurements and ground truth positions were transformed into
other coordinate systems. One of the coordinate systems tested is ECEF (earth-centered,
earth-fixed) which is a Cartesian coordinate system where the origin (0,0,0) is defined
as the center of the earth. Therefore positions in ECEF are represented as X, Y and Z
coordinates (see figure 4.9).

Figure 4.9: Comparison between different coordinate systems.

source: https://upload.wikimedia.org/wikipedia/commons/8/88/Ecef.png (23.01.2020)

One assumption was that this improves the prediction, because the IMU measure-
ments are also represented in a Cartesian coordinate system. Therefore the model
only has to learn handling Cartesian coordinates and not geodesic coordinates as well.
However, the position accuracy was pretty much the same with ECEF coordinates.
Another coordinate systems tested was Universal Transverse Mercator (UTM) which
didn’t improve the results either.
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4.8.5 Bidirectional RNN Cells

Normal RNN cells contain one hidden layer. When a cell is called with a sequence of
data a forward pass is computed where at each timestep the cell processes the current
element from the sequence. A bidirectional recurrent neural network (BRNN) extends
those standard cells with an additional second hidden layer. The difference between
both hidden layers is that one layer processes the input sequence backwards (see figure
4.10). Thus it allows the cell to get information from the past and the future which in
theory results in more accurate predictions.
Each of the two hidden layers in a BRNN compute one hidden state. In order to
compute a final output for the layer those two internal states have to be merged or
combined into one final output state. Possible ways of doing that is it to sum up both
states or take the position wise average.

BRNN cells improved the performance of deep learning systems especially in the
area of natural language processing which involves tasks like speech recognition
or translation. In this case however the performance didn’t improve when using
bidirectional RNN cells.

Figure 4.10: Comparison between unidirectional RNN (a) and bidirectional RNN (b).
In the bidirectional case the sequence is additionally processed backwards.

source: https://upload.wikimedia.org/wikipedia/commons/3/35/Structural_diagrams_of_
unidirectional_and_bidirectional_recurrent_neural_networks.png (22.01.2020)
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4.8.6 Stateful RNN Cells

Usually the internal state of a RNN cell will be deleted after each training example.
Therefore a series of predictions are independent of each other, because the “memory”
of the network is cleared. Another way of training a RNN is so called stateful training.
Here one does not delete the internal state after each training point. Therefore the
model can keep it’s internal state for the next prediction.

In theory this enables the model to learn long dependencies. In this work the window
length was varied up to 1000 which corresponds to 1 second of data. If one does not
use stateful training the model can only compute it’s prediction based on this short
time window. It could be the case that there is some useful information further in the
past which would help to make a more accurate prediction. By using stateful RNN
cells the model could in theory be able to exploit those long term dependencies.

Due to unknown reasons stateful training did not work at all in this case. During
training the model did not learn and the loss did not improve or even diverged. None
of the tested architectures was able to produce any useful results.

4.8.7 Using Existing Architectures

A lot of deep learning research is done in the area of human activity recognition (HAR)
where one has to classify sensor data into categories. The idea behind this experiment
was it to use an existing good performing HAR architecture and apply it to the pose
estimation problem.

One interesting architecture is DeepSense [Yao+16] which archives state of the art
performance in HAR classification tasks. The architecture is basically a CRNN with
several convolutional layers in the beginning followed by two GRU layers (see figure
4.11). By replacing the output layer by a dense layer with 6 units this architecture
can also be easily applied to regression problems. However, the architecture did not
outperform the models tested in the architecture search. The implemented DeepSense
model archived a position accuracy up to 6 meters.

Another good performing architecture is SensorNet [Jaf+19] which is a CNN archi-
tecture and does not include any RNN cells. A specialty of SensorNet is the usage
of 2D convolutions instead of 1d convolution. In order to apply 2d2D convolution
to time series and sensor data the inputs are put together into one image (see figure
4.12). By stacking each sensor output into a two dimensional image 2D convolution
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Figure 4.11: Architecture of DeepSense [Yao+16].

can be applied such as in normal pictures. There also exist several other works that
show that 2D convolutions can improve the classification performance [HYC16; HC16;
JY15]. Unfortunately, using the SensorNet also did not improve the results. SensorNet
archived a Postion accuracy of 7 meters.

Figure 4.12: SensorNet preprocessing and architecture [Jaf+19].

To summarize, the performance couldn’t be improved by using existing architectures.
This is probably due to the fact that those architectures were developed only for IMU
sensor data and classification tasks.
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4.8.8 Noise Layer for Data Augmentation

One common problem of training neural networks is the lack of data. Data augmentation
is a technique to artificially increase the dataset size. Data augmentation is heavily
used in the computer vision area where images can be easily rotated, flipped or resized.
This also makes the model more robust against noise and distortions in the input data.
The goal of this experiment was is to apply data augmentation to sensor data. This was
done by adding an additional noise layer at the beginning of the network. This layer
adds every time a small noise to the sensor inputs. In this case a gaussian noise with
different standard deviations (from 0,0001 to 0,1) was used.
However, adding a noise layer did not improve the performance. This is probably due
to the fact that the sensor measurement already contain a lot of noise such that adding
an additional artificial noise on top makes the problem much harder.

4.8.9 Position Prediction

So far the networks always was trained on predicting 6 values (latitude, longitude,
altitude, pitch, roll and yaw). However, the position accuracy is not very good. In
order to focus on an accurate position estimation the model has to predict only latitude
and longitude in this experiment. Thus, the problem complexity is reduced and the
optimizer can focus on learning the position. However, only predicting a 2D position
did not improve the result.

4.8.10 Excluding IMU Inputs

In section 4.6.3 explainable AI frameworks showed that the model only relies on the
GPS inputs for estimating the position. In order to verify this claim the model was
trained only on GPS inputs in this experiment. Although the IMU inputs were excluded
in this case the position accuracy did not change. This shows that the model really
does not rely on the IMU measurements for predicting the current position. Why this
is the case remains an open question. It could be the case that processing noisy IMU
data is just to complex.
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4.8.11 Different IMU Accuracy and Resolution

One benefit of using simulation data is it that the amount of noise in adjustable. So
far the model was trained on medium accuracy IMU data (see section 4.1). In this
experiment we train the model also on high accuracy IMU data in order to see if the
noise of the IMU data is the problem. Table 4.10 show the results of training the model
GRU(256) for 5 epochs on medium and high accuracy data. One can draw the following
conclusions:

• High accuracy IMU data lead to more accurate orientation prediction. The yaw
error is better across all epochs for high accuracy data. The final mean yaw error
is only half as large at the end.

• The position error is not improved and reaches the same accuracy. However, the
position error is smaller at the first epochs and converges more quickly.

Epoch Position Yaw
1 7,5 m 3,7 ◦

2 4,5 m 2,0 ◦

3 5,4 m 4,5 ◦

4 5,0 m 1,3 ◦

5 3,2 m 1,3 ◦

Medium Accuracy

Epoch Position Yaw
1 4,8 m 1,2 ◦

2 4,7 m 0,8 ◦

3 4,0 m 0,7 ◦

4 3,1 m 0,7 ◦

5 3,3 m 0,6 ◦

High Accuracy

Table 4.10: Training results for training on medium and high accuracy IMU data.

One can conclude that high accuracy IMU data reduce the orientation error, but the
position error stays the same. Therefore it seems that the network is not able to include
IMU data for the position estimation even if it contains less noise.

4.8.12 Fourier Transformation

There exists some works in the area of human activity recognition which claim that trans-
forming the sensor inputs to the frequency domain improves the detection [Yao+16].
By applying a Fourier transform to the inputs it should make it easier to recognize and
detect patterns. However, in this case this approach did not work at all. The model was
not able to learn anything if Fourier transformed inputs were used. This is probably
due to the fact that here we deal with a regression problem whereas human activity
recognition is a classification problem.
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4.8.13 Filtering as Preprocessing

Another experiment was it to filter the inputs as an additional preprocessing step
instead of passing the raw sensor measurements to the neural network. To do this the
author applied some well-known signal processing filters in order to clean the data
and remove noise. A bunch of filters were tested including median, mean, Wiener and
Hilbert filter 6. But all these tested filters were not very effective and did not improve
the result.

4.8.14 Implementation in PyTorch

The model was implemented with Tensorflow 2.0 7. Since we can observe the previous
mentioned issues the question arises if this is related to a bug or implementation error
within Tensorflow. In order to check this the same preprocessing and training pipeline
was implemented in PyTorch 8.

However, the results with the PyTorch implementation were pretty much the same.
Loss, position accuracy and orientation accuracy were in the same range. Also the
mentioned offset between predictions and ground truth was observable in this case.

6https://docs.scipy.org/doc/scipy/reference/tutorial/signal.html (17.12.2019)
7https://tensorflow.org
8https://pytorch.org
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4.9 Summary

The previous sections can be summarized as followed:

• Predicting the orientation of a vehicle works well with a mean average error of
around 1,5 ◦.

• The position estimation is significantly worse with an mean average error of about
95 centimeter in the best case.

• In order to archive a position accuracy of 0,95 meter a lot of training data (more
than 20 hours of driving time) is needed.

• Recurrent neural networks (RNN) outperform convolutional neural networks
(CRNN) both quantitatively and qualitatively.

• During training small weights and vanishing gradients could be observed but not
resolved.

• The network does not include the IMU data for the position estimation which
explains why the position error is that high. Why this is the case remains an open
question.
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CHAPTER 5

Training on Real Data

So far simulation data was used in order to get first insights and challenges of the
problem. Now it will be tested how the developed approach and models perform on
real world data.

Figure 5.1: OXTS RT3000 real time kinematic system.

source: https://www.oxts.com/products/rt3000 (28.01.2020)
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In order to gather ground truth data a professional and very accurate real time
kinematic (RTK) system is needed. Here the OXTS RT3000 (see figure 5.1) from the
company Oxford Technical Solutions was used. This RTK system is able to precisely
measure the position and orientation with a very high accuracy (see table 5.1). With 1
cm position accuracy and data output rates of up to 250 Hz this system allows one to
gather high quality ground truth data.

Position accuracy 1 cm
Velocity accuracy 0,05 km/h

Roll/pitch accuracy 0,03 ◦

Heading accuracy 0,1 ◦

Track angle accuracy 0,07 ◦

Slip angle accuracy 0,15 ◦

Table 5.1: OXTS RT3000 accuracy values.

Since gathering real world data is time and cost intensive within the scope of this
work the author was only able to record a dataset containing 1,5 hours of driving time.
To the best of the authors knowledge this dataset is unique since there exists no public
dataset which contains measurements from car sensors as well as highly accurate 6D
ground truth data.

5.1 Dataset Analysis

The presented dataset contains the measurements from 5 sensors. The sensor measure-
ments come at different update rates. All in all these 19 input features are available for
training:

1. GPS (8 values) at 1 Hz: Besides the position (latitude, longitude and altitude)
there is also the GPS heading and speed as well as 3 accuracy values included.

2. Accelerometer (3 values) at 100 Hz: X, Y and Z measurement from the accelerom-
eter.

3. Gyroscope (3 values) at 100 Hz: X, Y and Z measurement from the gyroscope.

4. Wheel ticks (8 values) at 100 Hz: 4 RPM (revolutions per minute) values for each
wheel and 4 values which indicate if a wheel spins backwards.
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Figure 5.2: Position and Altitude values of the recorded dataset. This dataset contains
1,5 hours of driving time.

5. Wheel angle (1 value) at 10 Hz: Wheel angle of the front axle.

One thing that makes real time pose estimation very hard is the low update rate
of the GPS sensor which only provides measurements at 1 Hz. Figure 5.3 shows the
distribution of the time delay between two GPS measurements. The median value is 1
second which corresponds to the 1 Hz update rate. There are not many and no major
outliers recognizable. The GPS measurements therefore contain no significant latency
or jitter.

Figure 5.3: Boxplot of the time difference between two GPS measurements.
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Since the dataset was mainly recorded on country roads and on a sunny day the
GPS position accuracy is very good as it can be seen in figure 5.4. The median posi-
tion error is at 2,1 meters in this case which is very good for such an low cost GPS sensor.

Figure 5.4: Position accuracy of the GPS measurements with respect to the ground truth
position values.

Therefore we can conclude that the GPS measurements only come at 1 Hz but the
quality and accuracy of the data is high.
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5.2 Data Preprocessing

A small schematic excerpt of the dataset is shown in table 5.2. Since one part of the
measurements come directly from the vehicle sensors and the other parts form the
external OXTS system the data is unsynchronized. Each measurement gets a timestamp
when it is received by the logging application.

Timestamp Sensor x1 x2 x3 x4 x5 x6 x7 x8
3 GPS 47.8956 9.4578 845.7 12,3 3,0 2 1 1
7 ACC 4,3 2,6 9,81 - - - - -
8 GYRO 1,24 0,007 0,05 - - - - -
10 WT 5,3 5,4 5,33 5,38 0 0 0 0
13 WA 8,7 - - - - - - -
15 GT 47.8970 9.4655 833.1 14 3 1 - -

Table 5.2: Dataset overview. The measurements from different sensors arrive unsyn-
chronized. The input sensors include GPS, accelerometer (ACC), gyroscope
(GYRO), wheel ticks (WT) and wheel angle (WA). The ground truth data
(GT) includes the position (latitude, longitude and altitude) as well as the
orientation (pitch, roll and yaw). Depending on the sensor, each measurement
contains a different number of values (x1 to x8).

In order to train the network one needs to generate training data where we have the
input values together with the respective target values present at each training sample.
Thus, one needs to synchronize the sensor measurements. This can be done by using
nearest neighbor or linear interpolation. Both interpolation techniques were tested,
but no significant difference between the two was found. Linear interpolation has the
disadvantage that applying it during inference is not straightforward and requires
additional computation.
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5.3 Network Architecture Search

Similar to section 4.4.1 an architecture search was done on the real dataset. Compared
to simulation data this collected dataset has some additional challenges which makes
the problem probably harder:

• GPS measurements come only at 1 Hz. During simulation the GPS data was
simulated at 100 Hz.

• Sensor measurements arrive unsynchronized.

• Real data typically contains more and larger noise.

• Real data can contain sensor outages, latency or jitter.

For the following the dataset was split into train and test data. In this case 80 % of
the data were used for training and 20 % for testing.

5.3.1 RNN

Table 5.3 lists the results for recurrent neural networks. The models presented here are
only a selection of all tested models. One can draw the following conclusions:

• Similar to the results with simulation data a sequence length of 500 to 1000 works
best and improves the performance compared to shorter input lengths. With
simulation data there was no significant position accuracy increase when using a
sequence length of 1000 compared to 500. In this case however, a sequence length
of 1000 improves the position accuracy quite a bit. Some models like GRU(64),
GRU(256) and GRU(64),GRU(64),GRU(64) archive a twice as accurate position
estimate when using a sequence length of 1000 instead of 500. Again, using a
window length higher than 1000 resulted in training errors.

• The orientation estimation works pretty well. The mean absolute error of pitch,
roll and yaw is often below 0,3 ◦. There are no major discrepancies between pitch,
roll and yaw. Although pitch values are slightly more accurate than roll and yaw.

• The best performing model is just as with simulation data GRU(256). This model
contains one GRU layer with 256 units and archives a position accuracy of 3,6
meter which is almost exactly the same as with simulation data. This is surprising,
because real data come with the mentioned challenges above. The main difference
between the simulation data and this real dataset is the GPS update rate (100 Hz
compared to 1 Hz). This shows that the model is also able to do pose estimation
with low sensor update rates.
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Architecture seq-len position pitch roll yaw
GRU(64) 100 9,8 0,17 0,24 0,50
GRU(128) 100 9,6 0,13 0,24 0,33
GRU(256) 100 8,1 0,086 0,23 0,14
GRU(64),GRU(64) 100 13,5 0,16 0,24 0,34
GRU(128),GRU(128) 100 9,9 0,1 0,24 0,22
GRU(256),GRU(256) 100 11,8 0,1 0,23 0,16
GRU(64),GRU(64),GRU(64) 100 14,3 0,13 0,24 0,28
GRU(128),GRU(128),GRU(128) 100 12,0 0,1 0,24 0,15
GRU(256),GRU(128),GRU(64) 100 13,1 0,12 0,24 0,13
GRU(64) 500 8,6 0,14 0,24 0,30
GRU(128) 500 7,5 0,11 0,24 0,17
GRU(256) 500 6,3 0,07 0,23 0,16
GRU(64),GRU(64) 500 9,7 0,16 0,24 0,34
GRU(128),GRU(128) 500 8,5 0,08 0,24 0,19
GRU(256),GRU(256) 500 10,9 0,07 0,23 0,15
GRU(64),GRU(64),GRU(64) 500 12,3 0,1 0,24 0,21
GRU(128),GRU(128),GRU(128) 500 9,3 0,07 0,24 0,17
GRU(256),GRU(128),GRU(64) 500 10,8 0,07 0,23 0,15
GRU(64) 1000 4,9 0,15 0,25 0,22
GRU(128) 1000 7,3 0,12 0,26 0,13
GRU(256) 1000 3,6 0,12 0,22 0,15
GRU(64),GRU(64) 1000 5,3 0,19 0,24 0,32
GRU(128),GRU(128) 1000 7,2 0,16 0,25 0,27
GRU(256),GRU(256) 1000 9,2 0,19 0,23 0,17
GRU(64),GRU(64),GRU(64) 1000 4,6 0,23 0,22 0,34
GRU(128),GRU(128),GRU(128) 1000 11,5 0,15 0,34 0,19
GRU(256),GRU(128),GRU(64) 1000 12,4 0,23 0,31 0,26
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Table 5.3: Result of the architecture search for recurrent neural networks. Each model
was trained for 5 epochs. The reported values in the columns position, pitch,
roll and yaw are the mean absolute error of the test data. Position error is in
meters and angle error in degrees. Column seq-len is the sequence length or
window size and determines how many sensor measurements from the past
the network gets as input. With a sequence length of 1000 therefore means
that the model gets the last 10 seconds as input. The architecture GRU(64),
GRU(128) for example describes a model with two hidden GRU layers with
64 and 128 units followed by a dense layer with 6 units at the end.

5.3.2 CRNN

The results of the architecture search with CRNN models is listed in table 5.4. One can
conclude the following:

• Pitch, roll and yaw accuracy are basically identically to the RNN models. The
mean absolute error is below 0,3 degree in most cases. Again, pitch estimates are
slightly more accurate.

• The position accuracy is clearly worse than with RNN models. In the best case
the model CNN(16),CNN(16),GRU(256) archived a position accuracy of only 8,1
meter.

• In this case the different sequence length had almost no influence on the position
accuracy. Going from 500 to a window length of 1000 did not improve the result.

Architecture seq-len position pitch roll yaw
CNN(16),CNN(16),GRU(64) 100 12,3 0,23 0,25 0,38
CNN(32),CNN(32),GRU(64) 100 11,8 0,22 0,25 0,36
CNN(16),CNN(16),GRU(256) 100 10,8 0,15 0,24 0,19
CNN(32),CNN(32),GRU(256) 100 12,3 0,15 0,24 0,22
CNN(16),CNN(16),GRU(64) 100 19,9 0,22 0,25 0,50
CNN(16),CNN(16),GRU(256) 100 12,7 0,16 0,24 0,18
CNN(32),CNN(32),GRU(256) 100 12,4 0,15 0,23 0,19
CNN(16),CNN(16),GRU(64) 500 10,9 0,17 0,26 0,28
CNN(32),CNN(32),GRU(64) 500 12,0 0,17 0,24 0,24
CNN(16),CNN(16),GRU(256) 500 8,1 0,08 0,22 0,09
CNN(32),CNN(32),GRU(256) 500 10,1 0,16 0,22 0,16
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CNN(16),CNN(16),GRU(64) 500 17,9 0,22 0,28 0,37
CNN(16),CNN(16),GRU(256) 500 10,3 0,13 0,23 0,16
CNN(32),CNN(32),GRU(256) 500 10,6 0,12 0,24 0,17
CNN(16),CNN(16),GRU(64) 1000 10,0 0,15 0,25 0,24
CNN(32),CNN(32),GRU(64) 1000 10,2 0,16 0,24 0,24
CNN(16),CNN(16),GRU(256) 1000 9,1 0,12 0,18 0,19
CNN(32),CNN(32),GRU(256) 1000 9,4 0,17 0,27 0,20
CNN(16),CNN(16),GRU(64) 1000 13,9 0,19 0,23 0,21
CNN(16),CNN(16),GRU(256) 1000 9,1 0,14 0,20 0,19
CNN(32),CNN(32),GRU(256) 1000 9,5 0,13 0,19 0,16

Table 5.4: Result of the architecture search for convolutional recurrent neural networks.
The reported values in the columns position, pitch, roll and yaw are the
mean absolute error over the test data. Position error is in meters and angle
error in degrees. Column seq-len is the sequence length or window size and
determines how many sensor measurements from the past the network gets
as input. The architecture CNN(32),CNN(32),GRU(256) for example describes
a model with two CNN layers which have 32 filters and a kernel size of 5
followed by a GRU cell with 256 units. At the end of each model is again a
dense layer with 6 units.

5.3.3 Other Parameters

The above listed models did not use any regularization or dropout. Although the
dataset was quite small there was no overfitting visible. There were also several models
tested with L1 and L2 regularization or dropout layers with different dropout rates.
However, regularization did not improve the result.

Adam optimizer with an initial learning rate of 0.001 worked best (compared to
SGD or RMSprop). Again, mean absolute error (MAE) as loss function worked better
than mean squared error (MSE) or other related loss functions. Since the dataset is
quite small the loss converged after 5 epochs in most cases. Training for more than
5 epochs did not improve the result. Somewhat surprisingly, no overfitting occurred
when training for up to 307 epochs.
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5.4 Comparison to other Algorithms

To put the approach into comparison other machine learning algorithms have been
trained on the same data. The results are listed in table 5.5.
Again the AutoML framework H20 which tests multiple techniques (like decision trees,
random forest, deep learning and some more) and optimizes those models automati-
cally was used. In this case the best performing model was just as with simulation data
a Gradient Boosting Machine (GBM). The GBM model archived a position accuracy of
2,4 meter.

It is surprising that linear regression and decision trees have a better position accuracy
than the deep learning approach. As stated previously linear regression for example is
not designed for processing sequences and time-series information. Recurrent neural
networks on the contrast are specifically designed for this kind of problems. Therefore
it is surprising that the deep learning approach is significantly worse for position
prediction. It is quite astonishing that the baseline algorithm LastValue which simply
returns the last GPS input as prediction archives a position accuracy of 2,5 meter and is
therefore better than the deep learning approach. In other words, if the network would
have learned to simple copy and return the last GPS measurement from the inputs the
position accuracy would be higher.
However, one should keep in mind that the dataset is very small and it is known that
deep learning begins to shine when training on larges amounts of data. As it can be
seen in the previous chapter deep learning can archive a position accuracy of 1 meter
or better with a sufficient amount of data.

Another point that is clearly visible is that predicting the orientation is way better
with the proposed deep learning approach. The other tested algorithms archived a
mean absolute error of more than 2 degree for pitch, roll and yaw. Deep learning on
the other hand works better, because the mean absolute error is here below 0,2 degree
for the orientation.
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Method Position Pitch Roll Yaw
AutoML (H2O) 2,4 m 2,5 ◦ 2,4 ◦ 2,9 ◦

Linear Regression 1,7 m 3,2 ◦ 2,1 ◦ 3,6 ◦

Decision Tree 1,9 m 3,7 ◦ 3,3 ◦ 5,9 ◦

LastValue 2,5 m - - -

Deep Learning (proposed approach) 3,6 m 0,08 0,22 0,10

Table 5.5: Position accuracy of other algorithms. The reported values in the columns
position, pitch, roll and yaw are the mean absolute error over the test data. In
this case the best H2O model was a Gradient Boosting Machine (GBM). The
algorithm LastValue acts as a baseline and only returns the last GPS sensor
measurement as prediction. To compare the algorithms, the performance of
the best model GRU(256) from the architecture search above is also listed at
the bottom of the table.

5.5 Further Experiments

5.5.1 Inference Time

As described in chapter 1 the trained network should fulfill real-time requirements.
Therefore it is necessary that the trained model needs less than 16,6 milliseconds for
one forward pass. Table 5.6 shows that this is possible when using a GPU. When
computing the result on CPU the inference time increases drastically. Interestingly,
there is a difference between the two deep learning frameworks Tensorflow and PyTorch.
PyTorch is in the GPU as well in the CPU case much faster. The input sequence length
has a big impact on the computation time. If one reduces the window length from 1000
to 500 the computation time almost halves.

TF GPU PyTorch GPU TF CPU PyTorch CPU
(1000, 19) 16 ms 12 ms 600 ms 100 ms
(500, 19) 10 ms 6 ms 320 ms 70 ms

Table 5.6: Inference time of the trained network for one forward pass with Tensorflow
(version 2.0) and PyTorch (version 1.3). The were 2 input arrays tested
which contain 500 respectively 1000 measurements (sequence length) and 19
features.
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5.5.2 Pretraining on Simulation Data

Transfer learning is a technique where one trains a network on a similar task and then
fine-tunes it on the actual task. This has been proven very successful in the computer
vision and image classification area. Here one often faces the challenge that deep
learning needs a lot of data but the actual dataset is very small and very specific. In
such a case it can be useful to train the network first on a large image database even
if it doesn’t contain the actual classes and then use this network weights as a starting
point for training on the actual task. The idea behind this is it that image classification
contains some sub-tasks which are identical (or very similar) across all problems. Such
a task could be a basic edge and shape detection. This low-level tasks can be learned
on a different related dataset. Thus the model is already able to detect basic features
and only needs to learn some task specific high level features which is possible with a
small amount of data.

The idea behind this experiment is it to apply transfer learning to the pose estimation
problem. Since one can generate huge amounts of simulation data this might be helpful
to initialize and pretrain a model before training on a small real world dataset. Table
5.7 shows the result of using a network which was pretrained on 15 hours of simulation
data before fine tuning on the real dataset.

Epoch Position Pitch Roll Yaw
1 11,1 m 0,29◦ 0,25◦ 0,81◦

2 8,9 m 0,27◦ 0,24◦ 0,42◦

3 9,4 m 0,16◦ 0,28◦ 0,31◦

4 6,9 m 0,15◦ 0,24◦ 0,19◦

5 6,5 m 0,11◦ 0,23◦ 0,16◦

without pretraining 3,6 m 0,12◦ 0,22◦ 0,15◦

Table 5.7: Pretraining results. In this case the network was trained on 15 hours of
simulation data. Afterwards the network was fine-tuned on the real data for
5 epochs.

Surprisingly, pretraining on simulation data leads to poorer results. The position
accuracy is twice as high (6,5 m compared to 3,5 m). Orientation accuracy is very
similar, but did not improve either.
The author’s hypothesis is that this is due to the difference between simulation and
reality. The simulation data was simulated with a specific noise model while the real
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measurement has different noise characteristics. Thus it could be the case that these
two datasets are just fundamental different such that no synergy effects arise.

5.5.3 Odometry Impact

So far the results presented in this chapter where based on 9 input features (3 each for
GPS, accelerometer and gyroscope). However, as described in section 5.1 this dataset
contains also odometry sensor measurements. This includes one value for the wheel
angle (of the front axle) and 4 wheel tick values (RPM values from the odometer) which
are now also included in this experiment.

The assumption of the author was that this improves the position accuracy. Since
GPS measurements only arrive every second the model needs to learn to interpolate
between those GPS measurements. For this interpolation the model could use the IMU
data. However, as described in the previous chapter the model does not include the
IMU inputs for the position estimate and only relies on the GPS inputs. This may be
because the IMU data is just to noisy and complex. Measuring odometry data on the
other hand is straightforward and contains less noise. It was therefore expected that
the wheel angle and wheel ticks (velocity) helps the model interpolating between GPS
measurements and lead to a better position accuracy. Unfortunately, as it can be seen
in table 5.8 this is not the case.

Epoch Position Pitch Roll Yaw
1 8,0 m 0,10◦ 0,24◦ 0,30◦

2 6,7 m 0,08◦ 0,24◦ 0,15◦

3 4,2 m 0,08◦ 0,23◦ 0,12◦

4 4,1 m 0,06◦ 0,23◦ 0,09◦

5 3,8 m 0,05◦ 0,16◦ 0,08◦

without odometry 3,6 m 0,12◦ 0,22◦ 0,15◦

Table 5.8: Results when odometry features are included during training.

The position accuracy is not affected if odometry inputs are included or not (3,8
m compared to 3,5 m). However, including odometry data improves the orientation
accuracy quite a bit. Pitch and yaw are almost twice as good (0,05◦ and 0,15◦). This it
not surprising since the wheel angle input is obviously very helpful to determine the
orientation.
It is interesting though that this shows that the network can do sensor fusion of multiple
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sensors. The improvement of the orientation accuracy shows that the model is able to
handle and make use of the odometry data. However, it remains an open question why
the model does not include the odometry data for the position prediction.

5.5.4 Downsample Resolution

As described in section 5.2 the 1 Hz GPS signal is upscaled to 100 Hz by using linear
interpolation. Another possibility during preprocessing is it to downscale all other
inputs to 1 Hz which is done in this experiment. This has the benefit that in a input
sequence (window length) of 100 there are now 100 GPS measurements included. So
far by using a sequence length of 1000 and upsampling the data to 100 Hz there were
only 10 GPS measurements included in the input window. The higher number of GPS
measurements in the input data may help the model to do a more precise interpolation
and could lead to a better position accuracy. In other words by downsampling the
sensor measurements the timespan of the input data is much longer. Therefore the
inputs reach back further into the past. It might be the case that looking back longer in
time helps the model to predict the future more accurate even though the inputs are at
a lower resolution.

However, as it can be seen in table 5.9 quite the contrary is the case. The position
accuracy is significant worse and only reaches 13,3 meter. In this case the data was
downscaled to 1 Hz and a sequence length of 100 was used. Other variants (downscaling
to 1, 2, 10 or 50 Hz) and combinations (sequence lengths from 10 to 1000) were also
tested. However, none of the test configurations led to a better results than upscaling
the data to 100 Hz and using a sequence length of 1000.

Epoch Position Pitch Roll Yaw
1 25,6 m 0,50◦ 0,54◦ 1,31◦

2 15,2 m 0,33◦ 0,53◦ 0,66◦

3 13,8 m 0,24◦ 0,53◦ 0,50◦

4 13,5 m 0,30◦ 0,52◦ 0,46◦

5 13,3 m 0,20◦ 0,52◦ 0,28◦

without odometry 3,6 m 0,12◦ 0,22◦ 0,15◦

Table 5.9: Results of downsampling all sensor measurements to 1 Hz with an sequence
length (window length) of 100.
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CHAPTER 6

Conclusions

In the first part of this thesis simulation data was used to find a suitable network
architecture. The dataset includes 9 input features coming from GPS, accelerometer and
gyroscope. All sensor measurements are simulated with 100 Hz in order to simplify the
problem. The architecture search reveals that recurrent neural networks (RNN) work
better than a combination of convolutional and recurrent neural networks (CRNN). The
best performing model contains one gated recurrent unit (GRU) layer with 256 units.
The model archived a mean position accuracy of 3,5 meter and a mean orientation error
of 1,5 ◦ when training on 2 hours of data. By increasing the dataset size up to 20 hours
the mean average error can be improved to 0,95 meter and 0,3 ◦.
Experiments have shown that the network is also able to process sensor signals with
different update rates. When the GPS signal was simulated with 1 Hz the performance
did not decline significantly.
However, some problems have been identified. Firstly, during training gradients and
weights changes are very small which indicates that the learning is not optimal. All
attempts to fix this vanishing gradient problem were not successful. Secondly, the
network basically only uses the GPS measurements for the position prediction and does
not include IMU data in order to improve the result. It seems that the model is not able
to fuse the IMU data with the GPS measurements at least for the position prediction.
For the orientation estimation the network is able to do sensor fusion, because the
performance gets worse if one of the three sensors is removed.
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In the second part of this thesis a real dataset was used for training which includes
1,5 hours of driving time. This dataset contains 19 input features. Again an architecture
search was done which confirms the results from the simulation data meaning that
pure recurrent neural networks (RNN) with one GRU layer work best. In this case the
model archived a mean position accuracy of 3,6 meter. Pitch, roll and yaw values were
at 0,12 ◦, 0,22 ◦ and 0,15 ◦.
Besides GPS and IMU in this case also odometry measurements (wheel velocity and
wheel angle) are available. By including odometry inputs the orientation accuracy can
be improved to 0,05 ◦, 0,16 ◦ and 0,08 ◦. Again, this shows that the network is able to
do sensor fusion for estimating the orientation. Why the model does not include IMU
and odometry measurements for predicting the position remains an open question.
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CHAPTER 7

Outlook

The most obvious and promising way to improve the performance is it to increase the
dataset size. It is known that deep learning is very data hungry and begins to shine
when training on large datasets. Experiments with the simulation data has shown that
the position accuracy can be drastically improved by using 20 hours of training data.
With a larger dataset it may be the case that the model can learn to handle the complex
IMU data and fuse them together with GPS measurements in order to predict a more
accurate position. However, how much the performance can be improved with huge
amounts of data is not predictable. Since increasing the dataset size from 15 hours to
20 hours significantly improves the position accuracy from 2 meter to 0,95 meter it is
likely that the performance does indeed improve further if even more data is used.

Another way to improve the results is it to increase the quality of the input data.
Besides of using higher quality sensors this could be done by pre-filtering the raw data
before passing it to the neural network in order to reduce noise. Classical and rather
simple signal processing filtering methods did not improve the result, but it may be the
case that more advanced techniques like the Kalman filter could indeed improve the
performance.

One major drawback of the Kalman filter is it that one has to specify a error model
for each sensor. Obviously the quality of this error models influences the prediction
accuracy. However, the noise of IMU sensors is very complicated, non-linear, correlated
over time and can differ from sensor to sensor. Therefore providing an accurate noise
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model is not as straightforward as it may sound. One possible way to overcome this
issue is the usage of a so called Deep Kalman filter [Hos18]. Here one does not have to
specify any error model since the sensor error is learned and estimated by a neural
network.
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