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Abstract 

The purpose of this project is the development of a precise image detection block for a 

Formula Student autonomous racing car. The design, training and integration of an 

artificial intelligence solution are described in detail as well as the design requirements 

due to team and competition constraints. In addition, image and metric results are 

provided at the end of the thesis using COCO mAP. 
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1. Introduction 

This Project has been developed along the Formula Student 2018-19 Season in which I 

have been a team member of the Driverless UPC team. 

1.1. Formula Student 

Formula Student is an engineering competition in which teams from around the world, 

composed by degree and master students, design, build and develop a single seat 

Formula 1 style car. It has 3 competing categories: Combustion or FSC, Electric or FSE 

and Driverless or FSD. 

Each category has a score for the disciplines in which each team compete. These 

disciplines are split in dynamic events, in which different features of the performance are 

tested, and static events, in which the judges evaluate the economic and communication 

abilities of the team. All events are explained below and the punctuation for the FSD can 

be seen in Fig. 1. 

Static events 

• Business Plan: Each team presents their business plan for the constructed 

prototype to a fictitious company represented by the judges. 

 

• Cost and Manufacturing: Teams must grapple with the calculative size of the 

vehicle, its components, and the necessary manufacturing steps and record all 

this in a written cost report. 

 

• Engineering Design Event: At the start of the engineering design 

competition, the students must hand in an eight-page technical description of their 

car. FSD teams must additionally provide a maximum five-page description about 

the autonomous system. The documents must show both their design and how 

the design will be applied to their chosen construction. On the basis of these 

documents, the members of the jury will evaluate the layout, technical design, 

construction and implementation of the production of the actual vehicle. 

 

Dynamic events 

• Acceleration: The vehicle’s acceleration from a standing start is measured over a 

straight of 75 meters. 

 

• Skid Pad: Cars must drive a figure of 8 circuit lined with track cones, performing 

two laps of each circle. The lap time gives a comparative value for the maximum 

possible lateral acceleration of the car. 
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• Autocross: The FSC and FSE cars traverse a kilometre-long, the FSD cars 

traverse a 500-meter track with straights, curves and chicanes. A fast lap time is a 

sign of high driving dynamics, precise handling and good acceleration and braking 

ability. 

 

• Endurance (FSC, FSE): Over a distance of 22 kilometres the cars have to prove 

their durability under long-term conditions. Acceleration, speed, handling, 

dynamics, fuel economy, reliability – cars have to prove it all. 

 

• Track drive (FSD): Over a distance of 10 rounds the cars have to prove their 

durability under a long-term condition. The cars must complete the distance in one 

stint. 

 

• Efficiency: During the endurance race and track drive event, fuel consumption or 

energy consumption is precisely recorded. However, the absolute fuel and energy 

consumption is not what is used to calculate the efficiency score, but rather the 

consumption relative to speed. 

 

 

Fig. 1 - Disciplines punctuation [2] 

 

1.2. Driverless UPC 

Driverless UPC [3] is a Formula Student team that has been created in the 2018-19 

season and it is the driverless division of the ETSEIB Motorsport Formula Student Team. 

It is composed by 21 degree and master students from the faculties of 

Telecommunication Engineering (ETSETB), Industrial Engineering (ETSEIB), 

Mathematics (FME) and Informatics Engineering (FIB) of the Universitat Politècnica de 

Catalunya. 

It has a hierarchal structure in order to efficiently split the development work among all 

members, exploiting its best skills to obtain the best possible result in all events. 
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1.3. Statement of purpose 

As a first-year team, its purpose is to design, build and develop a robust system in order 

to finish all competition events. With that goal in mind, the Perception section of the team 

designed a robust perception system illustrated in Fig. 2. 

The aim of the design was to exploit the strong points of each sensor at any point of the 

track. After some car tests, it was shown that in sharp bends cameras hardly ever see the 

track limits, whereas in straights and soft bends cameras have a much clearer vision than 

Lidar.  

 

 

Fig. 2 - Perception pipeline 

 

This thesis report is focused on explaining the design and implementation of the Neural 

Network detection block which is bend to some requirements and specifications 

described below.  

 

Sensor Localization Detection Classification 

Lidar    

Camera    

 

Table 1 - Sensors strengths and weaknesses 
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1.4. Requirements and specifications 

As said before the neural network detection is a block of a much bigger pipeline so, as in 

every pipeline, is important to know its bottleneck in order to do a proper design. In this 

case the bottleneck has been the Lidar sensor which had a capturing frequency of 10Hz.  

As the neural network block had almost a fix processing time and precedes variable 

processing time blocks (Stereo and Fusion blocks), it was decided that the maximum time 

for the neural network block should be 67ms (15Hz) 

In addition to that, the model should be integrated in a NVIDIA Jetson TX2 so a 

benchmarking was required in order to know the processing time, accuracy and power 

consumption of several net architectures. 

Moreover, the consuming power of the Jetson while running the camera drivers, the 

neural network and the stereo algorithm should not exceed 24W. 

Last but not least, a C++ integration of the chosen architecture should be done in order to 

use ROS` nodelets, the interface it was chosen to connect all car algorithms. 

 

1.5. Methods and procedures 

This TFG is fully original except the inference code which, although has been adapted to 

integrate it into the ROS pipeline, it has been taken from naisy’s github [1]. Moreover, the 

training and testing process has been done using the Tensorflow Object Detection API [2] 

 

1.6. Work plan 

The initial work plan was done in February with the eye on having the car finished on may 

the 1st. 

 

 

Fig. 3 - Initial workplan 
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1.7. Deviations from the initial work plan 

Due to unexpected issues, the work plan had to be modified in order to try to accomplish 

the deadline mentioned in the previous chapter. In addition, some milestones and tests 

were added. 

 

 

Fig. 4 - Modified workplan 
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2. State of the art of the technology used or applied in this 

thesis: 

Although it is an academic project, the technology used in Formula Student projects is 

cutting edge and used by big research and production companies. In this section the 

state-of-the-art technology used is going to be described. 

2.1. Hardware 

In this project, a NVIDIA Jetson TX2 [3] board is used to deploy the Neural Network. This 

board belongs to the family of embedded boards which are used in many projects that 

require a product solution. The most relevant specifications taken into account are 

provided in Table 2 despite they can be seen in more detail on its datasheet [4] 

 

Jetson Tegra X2 Specifications 

GPU NVIDIA Pascal™ architecture with 256 NVIDIA CUDA cores 

CPU Dual-core Denver 2 64-bit CPU and quad-core ARM A57 complex 

Memory 8 GB 128-bit LPDDR4 

Storage 32 GB eMMC 5.1 

Video Encode 2x 4K @ 30 (HEVC) 

Video Decode 2x 4K @ 30, 12-bit support 

Connectivity Wi-Fi onboard  | Gigabit Ethernet 

USB  3.0 + 2.0 

 

Table 2 - Jetson Tegra X2 specifications 

2.2. Software 

In order to train and test the neural network, Google’s Deep Learning Framework called 

Tensorflow [5] was used. Tensorflow is widely used in the developer community and also 

by big companies such as Intel, GE HealthCare, Qualcomm and arm among others. It 

was developed by the Google Brain team for internal Google use and released under the 

Apache Licence 2.0 on November 9, 2015. 
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3. Project development  

In this section the details of how the objectives of the project were achieved will be 

explain, since the design to the integration.  

 

3.1. Dataset Creation 

The aim of this project, as explained before, was to integrate a Neural Network able to 

detect the track limit cones of a Formula Student track. To do so, the chosen neural 

network architecture should be trained with appropriate data (amount, diversity, etc…) 

and, for that reason, a dataset using recorded data and a community dataset called 

FSOCO was created. 

In addition to that, a tool to merge data and split it into train, validation and test sets was 

developed in order to ease the task of dealing with diverse data with different label maps. 

 

3.1.1. Field Work 

In order to obtain the necessary data, the perception section created a cart (Fig. 5) where 

all sensors and processing units where accurately mounted.  

Data was recorded using RViz, a visualization program offered by ROS that allowed to 

know how the stored data looked like in real time. Camera images, lidar point clouds and 

IMU information were captured in order to create a complete and synchronized dataset to 

be able to test all the perception modules such as the Sensor Fusion or the Stereo 

Matching blocks in which synchronised data is demanded. All devices where properly 

supplied by a 12V lead portable battery. 

 

 

Fig. 5 - Cart used during field work data capture 
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The RViz program used can be seen in Fig. 6. It simultaneously recorded left and right 

camera information as well as lidar. After the storage, we labelled all cones in almost 

every frame using the labelling tool called LabelMe, which outputs a label file for each 

image in VOC format. 

 

 

Fig. 6 - RViz recording program 

3.1.2. FSOCO Dataset 

FSOCO [6] stands for Formula Student Objects in COntext. This dataset was created by 

Munich Motorsport with the aim of helping new teams start with AI training and with the 

idea of showing that collaborative data is required to make the science progress. 

Nowadays it has over 20.000 labelled images available for each team that contributes to 

the dataset with at least 600 labelled images. In addition, it provides multiple label 

converters to be able to join all datasets with the same format. 

Despite it is a really big dataset, it has a downside as some documentation is wrong and 

there are not rules for the labelling format which makes it harder to join all data as not all 

converters are provided. Moreover, teams don’t provide information about the fields of 

their data so sometimes it is impossible to parse the labels.  

3.1.3. Object Localization Dataset Creation tool [7] 

Due to the need of dealing with big amount of data turned up and it was demand to 

create a unique dataset with the same format, it was decided to create a tool for creating 

datasets 

Tool`s pipeline is simple and follows the diagram shown in Fig. 7. First configuration is 

read so that the destiny folders, validation and test percentages of the total data and the 

nomenclature used to rename each file are set. Then, after checking all settings, an 

image and its correspondent label are read and their names are changed following the 

nomenclature set. With all this done, label conversion is started by reading the type of file 

and finally the correspondent converter Is used to switch it to .csv, required to create 
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the .record file used by Tensorflow in the training process. Lastly the image and its label 

file are moved to the correspondent location of the new dataset folder. 

Once all the images and labels are converted, the csv files are merged to create one 

unique file for each set of data (train.csv, validation.csv, test.csv). 

 

Fig. 7 - Object Localization Dataset Creation tool`s pipeline 

3.2. Neural Networks Benchmarking 

Due to this project is a small part of the Formula Student Driverless UPC project it has a 

lot of design constrains not only coming from the Perception department, but from other 

departments. For that reason and because of the design event is the most important of 

the competition, it was important to do a benchmarking of some pretrained neural 

networks in order to know which architecture fits best to our needs. 

The under-study parameters were the GPU and CPU processing time, the accuracy, and 

the power consumption of the neural network. Due to lack of time, the accuracy has not 

been measured and the one shown in the benchmarking is the given by Tensorflow’s 

study [8] which uses COCO mAP as precision metric. 
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Fig. 8 - Consumption study setup 

To do the consumptions tests of diverse neural network architectures, the jetson TX2 was 

powered with a power supply of 12V and the variation on the measured intensity was 

studied (Table 3). Firstly, the camera driver was initialized in order to know the 

consumption offset and then the net program was run. What is seen in the consumption 

study is the difference between the measured power supplied before and after running 

the program in addition to the maximum consumption pic during one minute of study. 

Another fact that was studied was if the power consumption of the neural network block 

had a significant increase if the detected objects increase too. Conclusions where that no 

variation due to that factor was experienced. 

 

Power Consumption 
Analysis 

Rest State [A] 
Camera Driver 

Consumption [A] 

NN architecture 
Cnsumption 

[A@12V] 

Max Power 
Consumption 

[A@12V] 

ssd_mobilenet_v1 0.5 0.2 0.3 0.5 

ssd_mobilenet_v1_fpn 0.5 0.1 0.6 0.6 

ssd_mobilenet_v1_ppn 0.5 0.1 0.4 0.7 

ssd_mobilenet_v2 0.5 0.1 0.4 0.6 

ssdlite_mobilenet_v2 0.5 0.2 0.3 0.7 
 

Table 3 - Neural Network architecture consumption study 

 

The conclusion of the benchmarking (Table 4) is that the architectures that best fit in our 

system are the mobilenet ones as the computational power of the jetson TX2 is limited. 

For that reason and because it has the best balance between processing time, accuracy 

and power consumption the network architecture mobilenet_v1 was chosen. 
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Neural Network 
Architecture 

Jetson TX2 inference 
time [ms] (avg@10) COCO 

mAP [^1] 

Power 
Consumption 

[A@12V] 

Max Power 
Consumption 

[A@12V] CPU GPU 

ssd_mobilenet_v1 31,207  36,358 21 0.3 0.5 

ssd_mobilenet_v1_fpn 161,51  367,834 32 0.6 0.6 

ssd_mobilenet_v1_ppn  39,367 34,082 20 0.4 0.7 

ssd_mobilenet_v2  30,659 84,541 22 0.4 0.6 

ssdlite_mobilenet_v2 31,431  36,359 22 0.3 0.7 

ssd_inception_v2  29,824 99,262 24 NC NC 

ssd_resnet50_v1_fpn  167,089 549,962 35 NC NC 

faster_rcnn_inception_v2  39,662 302,842 28 NC NC 

faster_rcnn_resnet50  51,447 742,394 30 NC NC 

faster_rcnn_resnet101 43,689  842,532 32 NC NC 
 

Table 4 - Neural network architecture benchmarking 

3.3. Training Process 

3.3.1. First training (Small Dataset) 

The first training of the mobilenet_v1 was done using the data acquired during the field 

work, what its called Small Dataset. This dataset, with 4388 images, was divided into 0% 

for test set (0 images), 10% for validation set (56 images) and 80% for training set (4332 

images). As we didn’t have too much data, we didn’t create test set so the test of this net 

was done with the Big Dataset test set. 

Training Configuration 

• This training used a Root Mean Square optimizer with an initial learning 

rate of 0.0004, a momentum of 0.9 and epsilon value of 1. 

• Localization loss used was weighted smooth l1 whereas classification loss 

was weighted sigmoid. The Batch size was 64. 

• In this first training, due to lack of experience, no evaluation was record 

although it was configured. 

3.3.2. Second training 

The second training of the mobilenet_v1 was done with a merge of the field work and the 

FSOCO dataset, what we called Big Dataset. This dataset, with 17595 images, was 

divided into 10% for test set (1758 images), 10% for validation set (1758 images) and 

80% for training set (14079 images). 

Training Configuration 

• This training used Root Mean Square optimizer with an initial learning rate 

of 0.0002. No momentum was used. 

• Localization loss used was weighted smooth l1 whereas classification loss 

was weighted sigmoid. The Batch size was 24. 

• The evaluation metric was set to be the same used in the COCO dataset 

in order to be able to make a comparison between the performance 

achieved and the one given by Tensorflow`s benchmarking. 



 

 20 

3.3.3. Third training  

The second training of the mobilenet_v1 was done with a merge of the field work and the 

FSOCO dataset, what we called Big Dataset. This dataset, with 19000 images, was 

divided into 0% for test set (0 images), 10% for validation set (1900 images) and 80% for 

training set (17100 images). 

Training Configuration 

• This training used Adam optimizer with an initial learning rate of 0.0002. 

No momentum was used. 

• Localization loss used was weighted smooth l1 whereas classification loss 

was weighted sigmoid. The Batch size was 32. 

• The evaluation metric was set to be the same used in the COCO dataset 

in order to be able to make a comparison between the performance 

achieved and the one given by Tensorflow`s benchmarking. 

 

3.3.4. Training Comparison 

As can be seen in Fig. 9 and Fig. 10 the first training curve decayed really quick as the 

training data was small and rapidly fitted to it. Despite that, it was shown that the results 

were not satisfying enough as not enough light conditions were taken into account. 

Second and third training were done almost with the same parameters and data but in the 

third training batch size was increased from 24 to 32 and it was decided not to have a test 

set in order to have more data to train. Difference between them is appreciable as the 

third training error decays slower, specially the localization error but in turned to have 

more precision.  

 

Fig. 9 - Localization training error 

 

Fig. 10 - Classification training error 
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3.4. Integration Process 

As said before the program had to run in ROS and inside the Nvidia Jetson TX2, but in 

addition to that, some Jetson TX2 hardware configurations needed to be done to achieve 

the requirements. In this section software and hardware integrations will be explained. 

 

3.4.1. Software Integration 

The software integration process was very important as a little mistake could have cost to 

the team a lot of wasted time. In this part of the integration, adapting the running code to 

fit well ROS` architecture was the main goal. The best way to do that was by creating a 

Neural Network class which contained all attributes of the chosen architecture and 

declare an instance of it inside a Node as it cannot be contained in a nodelet due to 

python programming language constraints. This node was subscribed to the camera 

driver publisher and published in the neural network topic.  

3.4.2. Hardware Integration 

First of all, focused was placed on making the Jetson turn on at the same time that power 

supply did. The developer kit carrier board specification file [4] states that 

CHARGER_PRSNT# pin must be tied to GND. To do so, a 0Ω resistor must be installed 

at R313 (Fig. 11)  

 

Fig. 11 – left : Theoretical schematic of R313, right : Real resistance soldered in R313 

With the requirement of autoboot satisfied, it was also important to be able to run all our 
scripts in the jetson, not only the neural network but also camera drivers and stereo 
algorithm. For that reason, a bash script was done in order to execute all those programs 
and was set to be ran in the start-up applications. This way, a master thread run all ROS 
nodes and nodelets build on the board. 

With all this done it was thought all was ready to test if it worked inside the car to be sure 
connections with the Processing Unit, the other on-board computer, were okay. For our 
surprise, when Low Voltage Batteries where activated (the batteries that supply the 
computers, sensors and electronic PCBs) the processing unit turned on but the Jetson 
didn’t. After analysing the input signal using a shunt of 0.5Ω and an oscilloscope (Fig. 12) 
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it was shown that the Jetson tried to start periodically requiring approximately 2.6A and 
so the DCDC placed before input power which only allowed 2A didn’t allow that much 
current. 

 

Fig. 12 - Jetson TX2 start-up failure (oscilloscope view) 

As it was well dimensioned for usage consumption and the only issue was during the 
startup, a condenser was placed in parallel to the input power to absorb this current pic. 
As it had approximately a duration of 3ms we set τ = 5 · 3ms = 15ms and the impedance 

of the DCDC to be |Z| = 12V/2A= 6Ω. Then, as τ=RC →C=τ/R=15ms/6Ω≈3mF.  
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4. Results 

All this work had the aim of finally achieving an autonomous racing car, in particular, the 

first autonomous racing car to compete in the Formula Student Autonomous category in 

Spain. 

 

Fig. 13 - XALOC, Driverless UPC 2018-19 Season car 

 

4.1. Neural Network Metrics 

To do the evaluation of the performance of the trained networks it has been used the 

COCO mAP, which computes a 101-point interpolated AP where AP is average over 

multiple IoU (Intersection over Union) which is the intersection region between the ground 

truth bounding box and the predicted by the net. 

 

Fig. 14 - COCO mAP evolution during training 

As said before, the third training was the one performed better and so it was the one used 

and which results will be focused on. It was shown that its mAP is more than 15 points 

superior than the obtained in the COCO metric evaluation by tensorflow. As the net was 

trained from scratch, it firstly had a huge error and in consequence the mAP was zero. 

Since the neural network started to learn patterns and features, the mAP increased at the 

same time the localization and classification loss decreased. This mAP metric was 

evaluated over the 1900 validation images.  
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Another important evaluation to take into account, specially for the scope of this thesis, 

was the detection precision depending on the distance of the object from the camera. 

This has been evaluated by computing the mAP in small, medium and big objects which 

respectively are far, intermediate and near objects. The classification of the objects in 

each category depends on its pixel area and follows the following criteria: small if 

area<32px2, medium if 32px2<area<96px2 and big if area>96px2. 

Analysing the mAP curves obtained for each category it is shown that the neural network 

has a very high precision in near and intermediate objects but not a very high precision in 

the far ones, which is fine as the desired detection depth set by the team was a minimum 

of 20 meters that, due to the competition rules means 4 cones of distance. 

 

 

Fig. 15 - top : large objects mAP, middle : intermediate objects mAP, bottom : small objects mAP 

This lack of precision in small objects could be solved by adding to the dataset more far 

object detections as it is probable it was not balanced and for that reason there was that 

huge precision difference. 
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4.2. Using NN`s output 

More general results to analyse were the final timing pipeline in the jetson TX2 and other 

results obtained from the Neural network output. 

 

Fig. 16 - Final stereo pipeline timing 

Firstly, it was necessary to analyse that the Stereo Camera Pipeline was under 100ms as 

it was the limit time for and end-to-end solution due to the pipeline bottleneck was the 

Lidar sensor which acquired data at a frequency of 10Hz. Fig. 16 shows the Stereo 

pipeline timing calculi and demonstrates that it was under the maximum time available 

with a big margin. 

Talking about detection and loacalization results, the neural network outputs were used to 
compute the 3D localization and classification of the track limit cones using the Stereo 
Camera and Fusion blocks. The first one used the bounding boxes to infer keypoints 
inside them and triangulate to compute the 3D distance. The Fusion Block used them to 
combine the classification of the neural network with the localization precision of the lidar. 

 

Fig. 17 - Fusion and Stereo results using NN`s detection 
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Once the computation of the cones was done, the data was sent to control and estimation 
pipeline block whoes mission was to compute track limits and obtain a path planner to 
send orders to the motor and the steering actuator. 

 

Fig. 18 - Control track limits and path planner  
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5. Budget 

The cost of this work is extracted from the full cost of the Formula Student project cost. 
The cameras were obtain thanks to the The Imaging Source sponsorship which supplied 
us with two color cameras and a mono camera that had a cost of 2400€. 

The Jetson TX2 was paid by the team as no sponsor was possible. Despite that, the 
initial price was 600€ but a 50% student discount was applied. 

Lastly, the engineer cost has been computed as 100h/month and a duration time of 5 
months with a salary of 10€/h. 

 

Product Cost 

Jetson TX2 300€ 

Cameras 0€ 

Junior Engineer 5000€ 
 

Table 5 - Thesis cost table 
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6. Conclusions and future development:  

6.1. Success on accomplishing requirements 

Despite not all specifications were completed, the developed bock of the neural network 

perfectly performed within the whole system. 

 

Fig. 19 - Neural Network detection results 

It worked real time (over 15Hz) with a middle size image, in fact it had an inference time 

under the 33ms with a great precision specially with the large and middle objects. 

The total consumption of the board didn’t exceed the 24W except during the boot which 

was fixed with a parallel capacitor. The neural network block consumed approximately 

0.4A@12V. 
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This were the two most important requirements apart from the fact that it accomplishes its 

function of detection the track limit cones with high accuracy (Fig. 19). 

Despite that, the c++ implementation of the code was not developed due to lack of time 

but this has not been an obstacle for the section and the team to achieve their main 

objective. 

A part from the main objectives, a lot of work was done to achieve them. The most 

remarkable ones were the development of a dataset creation tool, which was a hard work 

but at the same time eased the task of dealing with a huge amount of data, and the 

benchmarking of neural network architectures in the jetson TX2, which was required in 

order to do a good design. 

 

6.2. Further work 

As the aim of this project was to do the porting of the program to an embedded platform, 

the most important further work could be trying to implement this neural network on an 

embedded platform such as FPGA or a microchip in order to reduce the size and weight 

of computing resources, a very important factor when designing for a competition race 

car. 

In addition, further investigation on neural network architectures could be done in order to 

develop an architecture that fits best to the needs of the car, increasing accuracy and 

decreasing forward time and consumption. 

Last but not least the Object Localization Dataset Creation tool could be improved in 

order to make it more user friendly and accept other types of data and labels such as 

different xml files or point cloud data annotation. 
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Appendices (optional): 

The imaging source cameras [9] 

General 

Vision Standard USB3 Vision 

Dynamic Range 12 bit 

Resolution 2048x1536 

Frame Rate at Full Resolution 120 

Pixel Formats 8-Bit Monochrome, 8-Bit Bayer (RG), 16-Bit Bayer (RG), 

RGB24, YUV 4:2:2, YUV 4:1:1 

 

Optical Interface 

Sensor Type Sony IMX252LQR-C 

Shutter Type Global 

Sensor Format 1/1.8 inch 

Pixel Size 3.45 μm 

Lens Mount C/CS 

 

Electrical Interface 

Interface USB 3.0 

Supply voltage 4.75 VDC to 5.25 VDC 

Current consumption approx 720 mA @ 5 VDC 

I/O Connector 12-pin connector for trigger and strobe orgeneral purpose 

input/output 

 

Enviromental 

Temperature (operating) -5 °C to 45 °C 
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Temperature (storage) -20 °C to 60 °C 

Humidity (operating) 20 % to 80 % (non-condensing) 

Humidity (storage) 20 % to 95 % (non-condensing) 

 

Mechanical Data 

Dimensions H: 29 mm, W: 29 mm, L: 43 mm 

Mass 65 g 

 

 

 


