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Abstract: The classical convolutional neural networks performance looks exceptionally great when the test 
dataset are very close to the training dataset. But when it is not possible, the accuracy of neural networks may 
even be reduced. The capsule networks are trying to solve the problems of the classical neural networks. Capsule 
networks are a brand new type of artificial neural networks, introduced by Geoffrey Hinton and his research team. 
In this work we would like to training capsule based neural networks for segmentation tasks, when the training 
set and test set are very different. For the training we use only computer generated virtual data, and we test our 
networks on real world data. We created three different capsule based architectures, based on classical neural 
network architectures, such as U-Net, PSP Net and ResNet. Experiences show how capsule networks are efficient 
in this special case. 
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1. Introduction 

 
Shell Eco-marathon is a unique international 

competition for university students to design, develop, 
build and drive the most energy-efficient race car. Our 
University's race team, the Szenergy Team has been a 
successful participant of the Shell Eco-marathon for 
over 10 years. Two years ago, Shell introduced the 
Autonomous Urban Concept (AUC) additional 
competition for self-driving vehicles at the Shell Eco-
marathon. AUC competition participants have to 
complete five different autonomous challenges, like 
parking on a dedicated parking rectangle, obstacle 
avoidance on a straight track and so on. One of our 
main tasks is to create a neural network based 
intelligent system for this challenge, which perceives 
the environment of our race car, like the other vehicles, 
the surface of the road and other special components 

of the race track. Neural networks are one of the best 
tools for visual information-based detection and 
segmentation problems, like image segmentation. 
Nowadays, many high-performance neural network 
architectures are available, such as AlexNet by 
Krizhevsky, et al. [1], VGG Net by Simonyan and 
Zisserman [2], GoogleNet by Szegedy, et al. [3], Fully 
Convolutional Network by Shelhamer, et al. [4],  
U-Net by Ronneberger, et al. [5], ResNet by He, et al. 
[6] and Pyramid Scene Parsing Network by Zhao,  
et al. [7]. However, in this case, we do not have a 
sufficient number of training samples. For example, 
we do not have any training image about the protective 
barriers or the obstacles and it takes a lot of time and 
energy to generate and annotate real world data. Our 
idea is to use computer simulation environments to 
generate training data for this task. In our previously 
paper [8] we started to working on virtual training 
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based capsule networks. There have been some 
attempts that use virtual generated data to train neural 
networks. Peng, et al. [9] demonstrated CAD model-
based convolutional neural network training for object 
detection. Tian, et al. [10] presented a pipeline to build 
virtual scenes and a virtual datasets for neural 
networks. They proved that mixing virtual and real 
data to train neural networks for object detection helps 
to improve the performance. Židek, et al. [11] showed 
a new approach to object detection using neural 
networks trained by virtual model-based datasets In 
this paper we continue our previous work, where a 
brand new and special type of artificial network is 
used, it is called capsule network [12-13]. 

 
 

2. Capsule Network 
 
The capsule network [12-13] (or CapsNet) is very 

similar to the classical neural network. The main 
difference is the basic building block. In neural 
network we use neurons, but in the capsule network 
we can find capsules. Table 1 shows the main 
differences between the classical artificial neurons and 
the capsules. 

The capsule is a group of neurons that perform a 
lot of internal computation and encapsulate the results 
of the computations into an n-dimensional vector. This 
vector is the output of the capsule. The length of this 
output vector is the probability and the direction of the 
vector indicates some properties about the entity. 

In a capsule based network we use routing-by-
agreement, where the output vector of any capsule sent 
to all higher level capsules. Each capsule output 
compared with the actual output of the higher level 
capsules. Where the outputs matches, increase the 
coupling coefficient between the two capsules. 

Let ݅ a capsule and ݆ a higher level capsule. The 
prediction is calculated as 
ො൫݆ห݅൯ݑ  = ௜ܹ௝ݑ௜, (1) 

 
where ܹ ௜௝ is a weighting matrix and ݑ௜ is a pose vector 
for the ݅th capsule. The coupling coefficients are 
calculated with a simple softmax function as  
the following. 

 

ܿ௜௝ = ∑൫ܾ௜௝൯݌ݔ݁ ௞(௜௞ܾ)݌ݔ݁ , (2) 

 
where ܾ௜௝ is the log probability of capsule ݅ being 
coupled with capsule ݆. 

The total input to capsule j is a weighted sum over 
the prediction vectors, calculated as the following 

௝ݏ  =෍ܿ௜௝ݑො௝|௜௜  (3) 

 
In capsule networks we use the length of the output 

vector to represent the probability for the capsule. 
Therefore we use a non-linear activation function, 

it is called squashing function. The squashing function 
is the next 

௝ݒ  = ฮݏ௝ฮଶ1 + ฮݏ௝ฮଶ  ௝ฮ (4)ݏ௝ฮݏ

 
We can use the dynamic routing algorithm 

(Algorithm 1) to update the ܿ௜௝ values. In this case the 
goal is to maximize the ݒ௝ݑො൫݆ห݅൯ value.  

 
 

Algorithm 1 Routing algorithm [12] 

1: procedure ROUTING(ݑො௝|௜, ݎ, ݈) 
2: for all capsule ݅ in layer ݈ and capsule ݆ in 

layer(݈ + 1): ܾ௜௝ ← 0 

3: for ݎ iterations do 

4: for all capsule ݅ in layer ݈: ܿ௜  (௜ܾ)ݔܽ݉ݐ݂݋ݏ←
5: for all capsule ݆ in layer (݈ + ௝ݏ :(1 ←∑ ܿ௜௝ݑො௜|௝௜  

6: for all capsule ݆ in layer (݈ + ௝ݒ :(1  (௝ݏ)ℎݏܽݑݍݏ←
7: for all capsule ݅ in layer ݈ and capsule ݆ in 

layer (݈ + 1): ܾ௜௝ ← ܾ௜௝ +  ௝ݒො௝|௜ݑ
8: return ݒ௝ 

 

 
Table 1. Differences between capsule and neuron. 

 

  Capsule Neuron 

Input Vector(࢛௜) Scalar (ݔ௜) 
Operations 

Affine transform ෝ࢛௝|௜ =  - ௜௝࢛௜ࢃ

Weighting ݏ௝ =෍ ܿ௜௝ ෝ࢛௝|௜௜  ௝ܽ = ෍ ௜ݔ௜ݓ + ܾ௜  
Sum 

Non-linear activation ௝࢜ = ฮݏ௝ฮଶ1 + ฮݏ௝ฮଶ ௝ฮଶ ℎ௝ݏ௝ฮݏ = ݂൫ ௝ܽ൯ 
Output Vector ( ௝࢜) Scalar (ℎ௝) 
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3. Virtual World 
 

Our aim is to create highly realistic image sets 
depicting racetracks which follow the rules defined by 
the Shell Eco-marathon Autonomous Urban Concept 
rulebook. In order to ensure repeatability and simple 
parameter setup it is advised to create complete, 
textured 3D-models of the racetracks. These simulated 
environments can be used to create images with 
desired weather and lighting conditions by scanning 
the track environment with a camera moving at a 
previously defined constant speed. The images created 
using this method can be processed further, including 
segmentation and the clustering of different object 
types, such as road surface, barrier elements, 
vegetation, etc. Fig. 1 shows some example image pair 
from our virtual dataset. Based on the characteristics 
of the previously defined task, the requirements of the 
simulation environment can be enumerated: 

- Highly realistic appearance; 
- Easy use of textures; 
- Fast workflow; 
- Characteristics definable by parameters; 
- Modular environment construction; 
- Importability of external CAD models. 

 
 

 
 

Fig. 1. Example images from the training set. 
 
 

Unreal Engine 4 [14] is a game engine designed for 
fast, modular simulated environment creation by the 
use of modular relief, vegetation and building 
elements. In these environments, actors based on 
external CAD models could be used. Engineering 
fields applying different visual sensors and cameras 
require very similar computer simulation technologies 
like computer game industry. Computer games need to 
be highly realistic and to be efficient at the same time 
due to limited computational capacity. The 

requirements are the same in case of the simulation of 
vehicles mounted with cameras. Highly realistic 
computer simulations reduce the cost and duration of 
real-life tests and camera calibrations. It is also 
important to mention that by using technology 
implemented and/or developed by the computer game 
industry, the support of a vast developer community  
is available. 

Since our goal is to develop image perceiving 
solutions for the Shell Eco-marathon Autonomous 
Urban Concept competition, it is important to 
carefully follow the rules of this competition regarding 
the racetracks. The simulated environments, 
racetracks created with Unreal Engine strictly follow 
the rules defined by the rulebook mentioned before. 
The rules define that the self-driving vehicles have to 
compete on racetracks having side barriers with a 
known height, having alternating red and white color. 
It is also defined that every racetrack has three painted 
marking lines, green one meaning the start position, a 
yellow one indicating the trigger for self-driving 
mode, and a red one, which is the finish line. Because 
the racetracks and the tasks are well defined, it is 
highly important to create accurate models of the 
expectable environments. Differences between the 
real and the simulated environments might lead further 
developments in the wrong direction. 

Two simulated test environments were created. 
The first one was based on a readily available city 
model with streets corresponding to an expectable 
racetrack. We added racetrack barrier elements to the 
roads, and the result is a racetrack which complies 
with the requirements of the rulebook. This model 
includes road surface defects and different road 
surface textures, which makes it possible to make road 
surface detection robust. In order to create image sets 
based on this environment model, a vehicle model 
equipped with a camera travelled around the racetrack 
on a pre-defined path. The camera was set to take 
pictures at pre-defined time intervals. The image set 
was annotated by using a module called AirSim. 

AirSim is an open-source, cross-platform 
simulator built on Unreal Engine, but it also has a 
Unity release. This simulator module has a built-in 
Python-based API which was developed for image 
segmentation. By using this API, we were able to 
create the necessary realistic and segmented image 
datasets. In order to prepare for all the tasks defined in 
the rulebook, we created multiple racetrack models. 
All the racetrack models are based on the same 
environment model, which includes vegetation and 
sky. This environment is shown in Fig. 2. The 
racetrack section models were realized based on the 
challenges defined in the rulebook. The CAD models 
representing track elements were custom created to 
comply with the rulebook in shape, size and color. The 
track sections realized can be used for simulating 
handling (slalom) and parking tasks. Fig. 3 shows this 
virtual racetrack. The image sets were created by 
moving a camera in the environment, segmentation 
was carried out by changing the textures. 
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Fig. 2. Basic environment for racetracks. 
 
 

 
 

Fig. 3. Parking place and slalom course. 
 

 

4. Capsule-based Network Architectures 
 

In this work three different capsule based neural 
network architectures are created. The first capsule 
network is based on a U-Net [5] architecture, the 
second contains a pyramid pooling module, based on 
the PSP Net [7] architecture, and the last one is a 
residual network based capsule architecture, like 
ResNet [6]. 

 
 

4.1. U-Net 
 

The U-Net [5] neural network architecture was 
originally created for biomedical image segmentation. 
It is based on Fully Convolutional Network, where the 
network can be divide into two main parts: the 
downsampling and the upsampling block. Fig. 4 
shows our U-net style capsule network architecture. 
 
 
4.2. ResNet 

 

The ResNet is a very deep neural network, created 
by He, et al. in 2015 [6]. ResNet won the ILSVRC in 
2015 with 3.6 % of error rate. The main idea of the 
Resnet is a residual block. Our ResNet based capsule 
network architecture consists of two main block: the 
convolutional block and the identity block. 

Fig. 5 and Fig. 6 shows this two blocks,  
where ℎ is the height, ݓ is the width of the input 

capsule, ܿ is the number of capsules and ܽ is the 
number of atoms in every capsule. Fig. 7 shows our 
ResNet based network. 

 
 

4.3. PSP Net 
 

The Pyramid Scene Parsing Network [7] is the best 
architecture on the ImageNet [15] Scene Parsing 
Challenge in 2016. The main building block of the 
PSP network is a pyramid pooling module, where the 
network fuses features under four different pyramid 
scales. The first phase of our network is built up with 
the same convolutional block and identity block, 
which used in ResNet. This is followed by a four stage 
pyramid block. Fig. 8 shows our PSP Net based 
capsule network. 

 
 

5. Results 
 
In this work we created a virtual image based 

dataset for the protective barrier and road surface 
segmentation. In our dataset the train samples comes 
from the virtual city environment, which is presented 
in 3 and we use only real world images for testing the 
accuracy of the networks. Our training dataset 
contains 1572 computer-generated virtual training 
samples and 131 real world images for validation. The 
three capsule based networks are trained on this 
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dataset. Fig. 9 and Fig. 10 shows our results of the  
U-Net, ResNet and PSP Net based capsule networks. 
In the training phase Adam optimizer is used with 10ିଵ learning rate and 2 ൈ 10ିଵ learning decay. The 
accuracy of the capsule based networks is calculated 
with dice coefficient 
 

,ݕ)ܿ݀ (ොݕ = 2 ൈ ݕ ൈ ݕොݕ + ොݕ ,  

 
where ݕ ∈ ሼ0,1ሽ is the ground truth and 0 ൑ ොݕ ൑ 1 is 
the result of the neural network. 

 

 
 

Fig. 4. U-Net architecture. 
 
 

 
 

Fig. 5. Capsule based convolutional block. 
 
 

 
 

Fig. 6. Capsule based identity block. 
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Fig. 7. ResNet Architecture. 
 

 

 
 

Fig. 8. PSP Net architecture. 
 

 
 

Fig. 9. Accuracy of the capsule based networks. 
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Fig. 10. Loss function of the capsule based networks. 
 

 
6. Conclusions and Future Work 
 

In this work we training capsule based networks 
with virtual training data for real world objects 
segmentation, where our virtual dataset contains 
computer generated images from a virtual city 
environment. The results indicate that capsule 
networks can be used with high reliability in some 
cases when the size of available dataset is minimal or 
the training dataset is different from the test dataset. 
The best results we achieved with the U-Net based 
capsule network, followed by the residual capsule 
network, and the last one is the PSP Net. Our 
experiences shows that in the world of capsule 
networks, less is more. The U-Net style capsule 
network architecture is simple but robust. The other 
two network are more complex, which means lower 
efficiency in this case. In the future, we would like to 
achieve higher accuracy in image segmentation tasks 
with complex capsule based networks. To do this, we 
would like to examine the effectiveness of the routing 
algorithm in more detail. 
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