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Abstract 

 

 

Nowadays, machine learning has found a wide range of applications in many fields. Deep 

learning techniques especially Convolutional Neural Networks and Recurrent Neural Networks 

are most commonly applied to analyzing visual imagery. Face recognition, image recognition, 

object recognition etc., are the major applications of the CNN. Autonomous vehicles are one of 

the most important use of machine learning as it has the potential to save millions of lives. The 

proposed model describes the development of a multi-processing AI system design which can 

detect and classify humans, vehicles and other objects, detect lanes and also predict steering 

angle and speed from a road image. A combined model based on 3D network and lane detector, 

YOLOv3 and lane detector are the architectures used in this work. We are using a part of udacity 

dataset, which contains image frames from driving videos with information of steering angle and 

speed for each frame. The YOLOv3 network is pre-trained on coco dataset and the lane detector 

is pre-trained on lane detector dataset. The proposed models detect humans, vehicles and other 

objects using bounding boxes and further classifies them respectively. The combined model 

based on 3D network and lane detector predicts the steering angle and speed. The lane detector 

detects the lane. The experimental results indicate that the proposed CNN architectures are 

efficient and very successful network configurations for predicting steering angle and speed. 
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Chapter 1                                                                                                        

Introduction 

 

1.1 Overview 

The invention of the steam engine helped humans to travel long journeys and explore more places 

with less effort than ever before. As the engines improved over time, their horsepower increased 

and their cost also decreased. Today, vehicles with more powerful, highly advanced electrical 

motors are available for everyone, and our society is based on the easily accessible transport for 

people and goods they provide. 

The 2015 Global Status Report of the World Health Organization (WHO) reported an estimated 

1.25 million deaths yearly due to road traffic worldwide [1]. With approximately 89% of accidents 

occurring due to human errors, autonomous vehicles will play an important role to drastically 

reduce this number and save many human lives. With the ability to transform the task of explicitly 

formulating rules to designing a network system that is able to learn those rules, Artificial 

Intelligence (AI) will play a very important role to realize this vision [2]. Autonomous vehicles 

will provide more comfort and mobility for disabled and old people and could potentially reduce 

the energy consumption used in transportation by almost 90% [3]. Also, it will help reduce the 

traffic congestion and also associated air pollution. 

Fully autonomous driving vehicles have been researched widely for decades. One of the first 

brilliant demonstrations of an autonomous self-driving vehicle goes back to 1986 [4] continuing 

with more important convolutional models like [5] in 2004 and [6] in 2016. At that time, virtually 

simulated road images were used to train a three-layer neural network and produce output on which 

direction the car should follow on the road. The reason that autonomous driving is continuously 

and widely investigated and researched is because it has the potential to reduce accidents and be 

environmentally friendly and economically beneficial. While providing an opportunity to develop 

sustainable and solutions to personal mobility [7], autonomous vehicles may also allow 

transportation sharing as Autonomous Vehicles-on-Demand [8]. 

One of the most influential and important milestones that have been achieved was the 2007 

DARPA Urban Challenge [9]. In this challenge, teams from across the world designed both 

software and software for autonomous vehicles that could handle merging scenarios, dynamic 

obstacles and intersections. Since then, a wide variety of solutions for autonomous driving have 

been investigated and applied including localization, perception, control and planning. People 

gradually began to focus on uncertain traffic environment with more realistic urban settings, which 

is currently still an important goal.  

In combination with new network architectures and concepts like Recurrent Neural Networks 

(RNN) and Convolutional Neural Networks (CNN) [10] that wasn’t researched back then.  
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Those advances allowed for having methods like end-to-end learning of autonomous vehicles 

steering that use CNN [11] that are based on classifying driving video frame by frame. By design 

such approaches are not equipped to use the temporal relation between image frames and hence 

cannot learn the motion features.  

Recurrent Neural Networks (RNN’s) [12] represent a class of artificial neural networks that use 

memory cells to model temporal relation between the frames of input data and hence learn the 

underlying dynamics. With the introduction of so called LSTM (Long Short-Term Memory) [13], 

i.e. the ability to selectively remember, modeling long-term relationships became possible within 

the RNN’s. A nice example is [14] which suggests a stack of 3D CNN and LSTM, obtaining 

average performances, or [15] which proposes a Conv-LSTM which is quite well performing but 

still inferior compared to the state of the art. Most solutions fall into two different approaches [16]: 

With the mediated perception approach, the driving scene is parsed fully using several different 

and separate sub-modules, that each focus on a different tasks like the detection of traffic lights 

and signs, other vehicles, pedestrians or lane markings. Combined, these are called the perception 

system [17] and their results make out a constant representation of the immediate environment of 

the vehicle. This representation is then used to control the car using decision-making system. The 

approach tries to understand the driving video entirely using humanly understandable terms like 

line segments for lane markings or bounding boxes of vehicles and uses them to make effective 

and safe driving actions, allowing a good understanding of how the system came to its decisions. 

The decisions are always predictable and how the system may act in any given situation can be 

observed in advance. However they also require very careful human fine tuning and engineering, 

and if a scenario which was not considered during the development occurs, the system might fail.  

The behavior reflex approach, tries to create a direct mapping of the driving action from the 

sensory input. Using deep learning to train a model with a dataset created from human driving 

videos makes this approach very useful and also requires very little engineering and fine-tuning 

by the developers. It learns internal representations of the driving scene on its own, allowing for a 

more direct and streamlined decision-making process. However, this also results in many 

difficulties while trying to understand the decisions and trying to predict the future actions by the 

autonomous vehicle. During driving, many different agents interact with the autonomous vehicle 

[18]: pedestrians, passengers in the vehicle itself and cyclists nearby, or passengers and drivers in 

the other vehicles. Every one of them must be able to predict and trust the actions of the 

autonomous vehicle at least as much as they would with a normal driver. The quality of the 

autonomous driving system increases and decreases with the size and quality of the training dataset 

since it is used by the model to generalize the unseen situations. 

Thanks to the most recent advances in the artificial intelligence technology, Automotive Driver 

Assistance Systems (ADAS) have been making a rapid progress over the past years. More and 

more vehicles are being equipped with highly sophisticated ADAS systems. Currently, numerous 

companies and research groups are working hard to bring the technology to the market.  
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Some of these are shown in Figure 1.1. Google’s driverless car project, also called Waymo [21], 

is one of the important leaders, with a long history of developing autonomous vehicles since year 

2009. With a test driving distance of more than 4 million miles on the public roads, Waymo has 

already started to set up a new early public riders program in Phoenix. At the same time, Uber has 

done many long road tests near Pittsburgh and plans to create 30,000 more self-driving cars on the 

road [20]. Tesla has launched its recent Autopilot in year 2014 and is now working towards a 

complete self-driving demonstration by end of the year 2019. Other major automobile companies 

like Toyota, GM, Honda and Ford, and have also been setting up their autonomous vehicle 

departments and are making extensive progress on that. 

 

 

 Figure 1.1: Some well-known self-driving vehicles from industry and academia, from left to right 

and top to bottom: CMU BOSS self-driving car for 2007 Darpa Challenge [19], Uber self-driving 

car [20], Waymo self-driving car [21], Cruise self-driving car [22]. 

Traditional approach is to learn on each source’s input data as a completely independent task and 

solve it separately for each source. This approach fails to fully use and exploit the relatedness or 

commonality among all the different available data to learn a more accurate predictive model for 

each different source. Another approach is by using multi-task learning (MTL), where different 

and multiple tasks are learned together with the help of similar tasks [23]. The aim is to explore 

the shared related information between the different tasks in order to achieve better generalized 

performance than the one from learning the tasks independently.  
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Different types of shared representations can be found in MTL literature such as the shared feature 

subspace [24], clustering structure [26], shared feature subset [25] and shared parameters [27] in 

the neural networks.  

 

1.2 Problem Statement 

Every year, about 1.2 million people die in vehicle related accidents and up to 50 million are 

gravely injured. Many of these preventable deaths are due to human error and other easily 

preventable causes [28]. Autonomous or highly aware vehicles have the potential to positively 

impact millions of humans. Although the number of traffic fatalities is gravely large, the failure 

ratio of human driving is actually quite small. A human driver usually makes a fatal mistake once 

in about every 88 million miles. With the help of deep neural networks like RNN and CNN we can 

create a network that predicts the steering angle and speed of vehicle efficiently. 

 

1.3 Objective 

To develop a multi-processing AI system design using convolutional neural networks  

 To develop a CNN model using a 3D network and lane detector for predicting steering 

angle and speed from an image. 

  To detect humans, vehicles and other objects in an image using YOLO v3 network.  

 To detect the lane in an image using a lane detector.  

 To integrate all the models into a single multi-processing AI system and test the system 

both on images and on a video.  

 

1.4 Limitation  

 

 The proposed network is not a single network because of different input sizes so, we design 

individual networks and integrate them together. 

 We use images from a single camera facing front view. If we use more cameras the 

accuracy maybe improved. 

 The proposed network doesn’t have navigation system. The autonomous driving can be 

achieved only on straight line or smooth curved roads. 

 While performing on video our model cannot predict well if the position of camera is not 

facing the road. 
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1.5 Future Scope 

 

 Multiple cameras and radar system can be used to improve the network performance. 

Radar system will improve performance of network in bad weather conditions. 

 The navigation system can be put into the multi-processing AI system. 

 Interactive communication system with people can be added to the model. 

 There is scope for development of a system to direct control the steering angle and 

speed of the vehicle after predicting the values from the camera input. 
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Chapter 2  

Literature Review 

 

2.1 Background 

Traffic accidents are a major source of mortality and disability worldwide. Autonomous or highly 

aware cars have the potential to decrease these accidents dramatically. However, building an 

autonomous vehicle that exceeds the human driving performance is not simple. While deaths and 

traffic injuries are high in number, they are relatively less frequent. Autonomous vehicles are going 

to be of high economic impact over the coming years. Creating models that exceed or meet the 

ability of a human driver could potentially save thousands of human lives in a year. 

A crucial requirement for the intelligent, self-driving cars is to maneuver itself without moving out 

of its own drivable region in the road. It is a well-known fact that steering angle calculation plays 

a very important role in keeping the vehicle in the within the boundary of the lanes or the center 

of the road.  

Many kinds of networks have been proposed by researchers since many years to create efficient 

solutions. The solutions for these problems are developing from hand-made complex mathematical 

models to the most recent deep learning methods. There are 2 main types of approaches used. They 

are as follows: 

 Computer vision based approach in which the road boundary extraction (road region 

extraction) takes place and then steering angle is computed from it. 

 Neural network based approach, which also called as End-to-End learning approach. It 

requires lots of input data to train the network and then it is used to make steering angle 

and speed predictions. It also has a very high cost computing requirement. 

 

2.2 Previous Works 

 Longitudinal and Lateral Coupling Model Based End-to-End Learning for Lane Keeping 

of Self-driving Cars [29]. This paper proposes a 3DCNN-LSTM (3D Convolutional Neural 

Networks-Long Short-Term Memory) model based end-to-end learning method for 

longitudinal and lateral coupling lane keeping of self-driving cars. The RMSE obtained is 

0.0270 radian for steering angle. 

 Controlling Steering Angle for Cooperative Self-driving Vehicles utilizing CNN and 

LSTM-based Deep Networks [30]. This paper presents a new deep architecture to predict 

the steering angle automatically by using Long-Short-Term-Memory (LSTM). It is an end-

to-end network that utilizes CNN, LSTM and fully connected (FC) layers. The RMSE 

obtained is 0.034 radian for steering angle. 
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 Scene Understanding in Deep Learning-Based End-to-End Controllers for Autonomous 

Vehicles [31]. This paper proposes two complementary frameworks to automatically 

determine the most contributive regions of the input scenes and also offering intuitive 

knowledge of how a trained end-to-end autonomous vehicle controller understands the 

driving scenarios. The best RMSE obtained is 0.0453 radian for steering angle. 

 Speed and steering angle prediction for intelligent vehicles based on deep belief network 

[32]. This paper proposes a deep belief network (DBN) to build the learning model, and 

the training data used are collected from drivers driving on the real-world road. Based on 

the model, the steering angle of the front wheel and the speed of the vehicle are predicted. 

The RMSE obtained by the network is 0.066763 radian for steering angle and 0.9206 km/hr 

for speed. 

 Deep Steering: Learning End-to-End Driving Model from Spatial and Temporal Visual 

Cues [33]. This proposed model is a combination of spatial and temporal cues, jointly 

investigating instantaneous monocular camera observations and vehicle’s historical states. 

This model utilizes a visual back-propagation scheme for discovering and visualizing 

image regions crucially influencing the final steering prediction. The RMSE obtained is 

0.0637 radian for steering angle. 

 Adaptively Weighted Multi-task Learning Using Inverse Validation Loss [34]. This 

proposed model uses multi-task learning and proposes a novel weighting scheme based on 

validation loss. The proposed weighted scheme is evaluated on three datasets, including 

publicly available Comma.ai and Udacity benchmark dataset and GTA-V dataset. The 

RMSE obtained is 0.0595 radian for steering angle. 

 Deep Imitation Learning: The Impact of Depth on Policy Performance [35]. This proposed 

model investigates the impact of network depth on the performance of imitation learning 

applied in the development of an end- to-end policy for controlling autonomous cars. A 

convolutional neural network (CNN) is used to find the mapping between inputs (car 

images) and the desired steering angle. The CNN architecture is modified by changing the 

number of convolutional layers as well as the filter size. The RMSE obtained is 0.066 

radian for steering angle. 

 Event-Based Vision Meets Deep Learning on Steering Prediction for Self-Driving Cars 

[36]. This proposed model presents a deep neural network approach that unlocks the 

potential of event cameras on a challenging motion-estimation task: prediction of a 

vehicle’s steering angle. The RMSE obtained is 0.07155 radian for steering angle. 

 Computer Vision Based Novel Steering Angle Calculation for Autonomous Vehicles [37]. 

This proposed model presents a novel method for computing steering angle using computer 

vision based techniques. It includes Dynamic Road region extraction using Gaussian 

Mixture Model and Expectation Maximization algorithm. Then it computes the steering 

angle based on the extracted road region. The RMSE obtained is 0.0709 radian for steering 

angle. 
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2.3 Our Approach 

 In this work a 3D convolutional Neural Network consisting of convolutional layers and 

Recurrent Neural Network (LSTM) is used.  

 The 3D CNN is combined with a pre-trained Lane detector which shares its features with 

combined model. 

 Furthermore, we are combining the above combined network with yolov3 and lane 

detector so that when an image is given as input, the output will show detected box with 

humans, vehicles and objects, lane detection and also predict steering angle and speed of 

the vehicle. This model is also used for testing on videos as well. 
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Chapter 3                                                                                                      

Methodology 

 

This section explains the methodology used in this study for creating a Multi-task processing AI 

system to detect humans, vehicles and other objects, detect lane and predict steering angle and 

speed. 

3.1 Basic Research Method 

 

In this study a 3D convolution network with LSTM combined with lane detector is being 

implemented for the prediction of steering angle and speed. YOLOv3 is used for detection of 

humans, vehicles and other objects and Lane detector is used for detecting lane. The input data for 

prediction of steering angle and speed is taken from the Udacity data set which has image frames 

taken from videos of road each with respective steering angle and speed. YOLOv3 is pre-trained 

on coco dataset and Lane detector is pre-trained on its own lane detector dataset. 

 

3.2 Dataset Collection 

 

3.2.1 Udacity Dataset 

 

In this study the dataset is collected from Udacity dataset, a publicly available driving dataset with 

image frames and log data from vehicles on road. Along with an image frame from the cameras, 

various information like latitude, longitude, gear, brake, throttle, steering angles and speed are 

included. 

 The images in the Udacity dataset are converted into 640 (width) × 480 (height) pixels 

before going through the network. 

 Total number of images of the Udacity dataset is 103,625.  

 It consists of 7 sub dataset. Datasets 1, 2, 3, 4, 5, 6 and 7 have 4,377 frames, 15,632 frames, 

7,275 frames, 1,952 frames, 4,128 frames, 57,238 frames and 13,023 frames, respectively. 

Each folder in the total dataset is a different time sequence. Every single dataset is a time 

sequence. 

 The datasets 1, 2, 4 and 6 are used for training and validation. They have 79,199 frames 

and are divided into the datasets automatically for training (80%) and validation (20%). 

The other datasets 3, 5 and 7 which have 24,426 frames are for test.  
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3.2.2 Coco Dataset 

 

In this study the YOLOv3 is pre-trained on coco dataset. It is a publicly available dataset. It is a 

large-scale object detection, segmentation, and captioning dataset. COCO has several features: 

Object segmentation, Recognition in context, Superpixel stuff segmentation, 330K images (>200K 

labeled), 1.5 million object instances, 80 object categories, 91 stuff categories, 5 captions per 

image, 250,000 people with keypoints. The YOLOv3 is trained on 118,000 images of the training 

dataset and validated on 5,000 images.  

 

3.2.3 Lane Detector Dataset 

 

The lane detector is pre-trained on the lane detector dataset. The datasets used for the lane detector 

are image frames from driving video.  

 The videos were filmed in 720p in horizontal/landscape mode, with 720 pixels on the y-

axis and 1280 pixels on the x-axis, at 30 fps. In order to cut down on training time, the 

training images were scaled down to 80 by 160 pixels. 

 The images in the Lane Detector dataset are converted into 160 (width) × 80 (height) pixels 

before going through the network. 

 Total number of images of the Lane detector dataset is 21,054.  

 The training dataset is 16840 images and validation dataset is 4214 images. A video is used 

for testing. 

 The images and the annotations are in pickle (.p) format. 

 17.4% were clear night driving, 16.4% were rainy morning driving, and 66.2% were cloudy 

afternoon driving. 

 26.5% were straight or mostly straight roads, 30.2% were a mix or moderate curves, and 

43.4% were very curvy roads. 

 

 

3.3 Neural Networks 

A neural network, also called artificial neural network (ANN) is an interconnected group of 

artificial neurons, similar to the neurons present in the human brain that uses a mathematical or 

computational model for information processing based on a connecting approach for computation. 

In most cases an ANN is an adaptive system that changes its structure based on external or internal 

information that flows through the network. They can be used to model complex relationships 

between inputs and outputs or to find patterns in data. 
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Figure 3.1: A simple three-layered neural network. 

https://en.wikipedia.org/wiki/Artificial_neural_network#Convolutional_neural_networks 

A simple three-layered neural network is shown in Figure 2.1. The inputs of the network are given 

in the form of vectors of multiple dimensions. These vectors are then sent to all the nodes which 

are present in the hidden layer. These nodes perform different mathematical operations on the 

incoming data make a decision depending on the data. The final results are then fed into the output 

layer. This is called a feed forward network. Further there is a concept of back propagation. In 

back propagation if the output prediction is wrong then the weights learnt at the output layer are 

corrected and sent back to the previous hidden layers where the weights are corrected and updated. 

This combination of forward pass and back propagation helps to predict the correct outputs for the 

inputs. Typically, in a neural network architecture there are a lot of hidden layers stacked upon 

each other. 

 

3.3.1 Convolutional Neural Networks 

In Deep learning there are mainly two modes of learning: Supervised learning and unsupervised 

learning. In supervised learning, the data which is given as input to the network is labelled properly 

with appropriate tags related to the data. During the learning process, the network goes through 

the labels of the inputs during the training and try to predict the correct labels for the output 

examples. For example, we have a data x and a label y, our goal is to learn a function which maps 

x to y. Supervised learning is used in classification, regression, object detection, image captioning, 

etc. In unsupervised learning, there aren't any labels given to the data during the training process. 

Our goal in unsupervised learning is to learn some underlying hidden structure of data. 

Unsupervised learning is used in clustering, feature learning, density estimation etc. In deep 

learning, a convolutional neural network is a class of deep, feed-forward artificial neural networks, 

most commonly applied to analyzing visual imagery. CNNs use supervised learning method. 

CNNs are used in solving various problems related to different fields like Image and Video 
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Recognition, Image Classification, Medical image analysis, Object Detection and Natural 

language processing. The structure of a CNN mainly consists of an input and an output layer as 

well as single or multiple hidden layers. The convolutional layers, pooling layers, fully connected 

layers and normalization layers are the layers which constitute a typical hidden layer of a CNN.  

 

The basic structure of a CNN model is shown in the following figure: 

 

 

Figure 3.2: Convolutional Neural Network  

https://www.researchgate.net/figure/Structure-of-a-typical-convolutional-neural-network-

CNN_fig3_323938336 

 

 

Convolutional Layer:  

The convolutional layer is the most important building block of a CNN. The convolution layer 

preserves the spatial structure of the input. In this layer there are a set of filters which are of the 

same depth of the input image but smaller in size. At any given spatial location this filter is slid 

over the input image and a dot product between the elements in the filter and the corresponding 

element present in the chunk of input is calculated. Thus, all the features are extracted from the 

input and feature maps are formed. So, for different filters different feature maps are formed. These 

are also called activation maps. After convolution a Rectified Linear unit (ReLu) non-linearity is 

applied. The function if this nonlinearity is to set the negative values of the pixels in the feature 

map to zero thus making every pixel value to positive which increases the nonlinear properties of 

the decision function.    

 

Pooling Layer:  
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After Convolution is done and feature maps are obtained, Pooling is applied to the filter. The main 

function of pooling layer is to down sample the input i.e. reducing the dimension of the activation 

map. This decreases the number of parameters to be computed thus helps in reducing over fitting. 

A common method of pooling used widely is max pooling. The filters present in the pooling layer 

are slid over the input volume. Here instead of dot product, the filter just takes the maximum value 

of pixel present in that chunk of input. Thus, only useful features are taken, and size of the 

activation map is reduced. Generally Pooling layers are inserted between successive convolutional 

layers.   

  

Fully connected Layer:   

After several convolutional and max pooling layers, a fully connected layer is added at the end. 

The neurons in the fully connected layer are connected to all activation layers present in the 

previous layer. The fully connected layer then gives the required output score/class for a given 

input. 

 

3.3.2 Deconvolution 

In mathematics, deconvolution is an algorithm-based process which is used to reverse the effects 

of the convolution on convoluted data. Deconvolution layer is also known as a transposed 

convolutional layer. Visually, for a transposed convolution with no padding and stride one, we just 

pad the original input (blue entries) with zeroes (white entries). 

A "transposed convolution" is a mathematical operation using just matrices (like convolution) but 

is a more efficient way than a normal convolutional operation in the case you want to revert back 

from the convolved values to the original values (opposite direction). 

In simple terms 

Image ---> convolution ---> Result 

Result ---> transposed convolution ---> "originalish Image" 
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Figure 3.3: Deconvolution 

http://deeplearning.net/software/theano/tutorial/conv_arithmetic.html 

 

 

3.3.3 Recurrent Neural Networks 

A recurrent neural network (RNN) is a class of the artificial neural networks where the connections 

between nodes form a directed graph along the temporal sequence. This allows it to exhibit a 

temporal dynamic behavior. Unlike the feed forward neural networks, RNNs can also use their 

internal state (memory) to process the sequences of the inputs. This makes them applicable to 

many tasks such as speech recognition or unsegmented, connected handwriting recognition. 

The term "recurrent neural network" is used to refer to two different broad classes of networks 

with a similar general structure, where one is infinite impulse and the other is finite impulse. Both 

classes of networks exhibit a temporal dynamic behavior. A finite impulse recurrent network is 

a directed acyclic graph that can be unrolled and replaced with a feed forward neural network, 

while an infinite impulse recurrent network is a directed cyclic graph that can’t be unrolled. 

Both infinite impulse and finite impulse recurrent networks can have an additional stored state, 

and the storage can be under the direct control of the neural network. The storage can also be 

replaced by another graph or network, if that has feedback loops or incorporates time delays. Such 

controlled states are also known as gated memory or gated state, and are a part of gated recurrent 

units and long short-term memory networks (LSTMs). It is also called Feedback Neural Network. 
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Figure 3.4: A simple RNN 

https://towardsdatascience.com/understanding-rnn-and-lstm-f7cdf6dfc14e 

 

3.3.4 Long Short Term Memory (LSTM)  

Long Short Term Memory networks (LSTM) are a special kind of RNN, which can learn long-

term dependencies. They were introduced by Hochreiter & Schmidhuber in 1997, and were 

popularized and refined by many people in the following works.  

LSTMs are explicitly designed to avoid long-term dependency problem. Remembering the 

information for very long periods of time is their default behavior, not something they have to 

learn. LSTMs also have a chain like structure, but the repeating module has a very different 

structure. Instead of having a single neural network layer, there are four, interacting in a very 

special way. 

LSTM which consists of 3 gates: Forget, Input, and Output. Forget gate contains the data about 

last state. The input gate updates the current state using the input. The output gate updates the 

information/data to be passed to the next state. Finally, to conclude LSTM has the ability to forget 

and store only the valuable information for long period of time.  
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Figure 3.5: An LSTM unit 

 

CNN and LSTM can be combined to process longer sequences. For this Convolution 1D is used 

which works similarly as Convolution 2D. The main advantage of using Convolution 1D is they 

are not sensitive to time steps. The CNN basically converts these long input sequences into shorter 

sequences consisting of high level features. These sequences are given as input to LSTM as input 

for further processing using these 3 gates as shown in below image.  

 

 

 

                             

 

 

 

 

                 

 

     

 

                                                         

Figure 3.6: Combining LSTM for long sequence processing 

 

 

The important part in an LSTM is the cell state, the horizontal line on the top of the diagram. 

LSTM 

Shorter Sequences 

CNN 
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Figure 3.7: Cell state 

https://colah.github.io/posts/2015-08-Understanding-LSTMs/ 

 

The cell state is kind of like a conveyor belt. It runs straight down the entire chain, with only some 

minor linear interactions. It’s very easy for information to just flow along it unchanged. The LSTM 

has the ability to add or remove information to the cell state which is regulated by gates. Gates are 

a way to optionally let information through. They are composed of a pointwise multiplication 

operation and a sigmoid neural net layer. 

 

3.3.4.1 Working of LSTM  

 

The below information is step-by-step on how these gate makes LSTM to work with the help of 

some mathematical equations.  

In the first step, what information needs to be sent away from the cell state is decided. This is 

decided by the Forget Gate Layer. It looks at  𝒉𝒕−𝟏 and 𝐱𝐭 and produces output either 0 or 1 for 

each number in cell state𝒄𝐭−𝟏. 
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Figure 3.8: First step 

https://colah.github.io/posts/2015-08-Understanding-LSTMs/ 

 

The second step is to determine what new information is going to be saved within the cell state. It 

has two elements. First, a sigmoid layer known as the “input gate layer” decides which values are 

replaced, a tanh layer creates a vector of recent candidate values.  

 

 

Figure 3.9: Second step 

https://colah.github.io/posts/2015-08-Understanding-LSTMs/ 

 

In this third step the cell state is simply updated into new cell state. To implement this the old cell 

state is multiplied with forget gate and added with the new cell state. 
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Figure 3.10: Third step 

https://colah.github.io/posts/2015-08-Understanding-LSTMs/ 

 

In the last step, what cell states need to go out as output is decided. This will be based on the cell 

state. First a sigmoid layer is used which decides what cell states need to be considered as output 

and then this cell states are passed through tanh layer and multiplied with the output of sigmoid 

gate (-1 and 1) achieving our desired task .  

 

 

Figure 3.11: Final step 

https://colah.github.io/posts/2015-08-Understanding-LSTMs/ 

 

 

3.4 YOLO (You Only Look Once)   

Developed by Joseph Redmon in 2016, YOLO is one of the fastest networks for real-time object 

detection. Before YOLO, for detection purpose the classifier networks were modified to detect the 

object. But now with YOLO, the object detection is framed as a regression problem to spatially 

separated bounding boxes and associated class probabilities. YOLO uses a single neural network 
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predicting the bounding boxes and class probabilities from a full image directly in a single 

evaluation. That is why it gets the name You Only Look Once. 

 

 

 

Figure 3.12: Detection in YOLO 

https://www.pyimagesearch.com/2018/11/12/yolo-object-detection-with-opencv/ 

 

The basic operation done in YOLO for detection is simple. The input images are resized 448x448 

and are given to the neural network. Our system thresholds the resulting detections by certain level 

of confidence set in the model. This means only the detections with confidence higher than a fixed 

value are shown as output. Later newer versions of YOLO are developed which are better and 

faster than the initial version.  

 

3.4.1 YOLO v3 architecture  

In this version the latest version of YOLO, version 3 is being implemented. YOLO v3 uses Darknet 

53 as backbone. In addition to the existing 53 layers in darknet which are pre trained using 

ImageNet, another 53 layers are stacked upon them making YOLO v3 a 106 layer network. The 

architecture of YOLO v3 is shown below:  
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Figure 3.13: Yolo v3 architecture 

 

The output of YOLO is obtained by applying a 1x1 kernel on a feature map. The final shape of the kernel 

is given as 1x1x(Bx(c+5)) where c is the number of classes and B is the number of boundary boxes which 

are predicted by each cell grid and 5 is the total number of descriptors used for describing the bounding 

box. They are the center of the bounding box (bx, by), the width of the box (bw), the height of the box 

(bh) and c which is the class of the object. So, for YOLO v3 it becomes 1x1x225(where B and c are taken 3 

and 80 respectively during training on COCO dataset.  

In Yolo v3 detection mainly occurs at 3 layers. First detection occurs at 82nd layer where the stride will be 

32 and the feature map will be of the dimensions 13x13. So, the output at this layer is of the shape of 

13x13x255. Bigger objects are detected at this layer. Further next detection is made by 94th layer where 

the stride will be 16 and the feature map will be of the dimension 26x26. Up sampling is done during this 

stage which is the major change in v3 compared to the first two models. After up sampling the feature 

map at 79th layer is depth concatenated with the feature map from 61st layer. So, the resulting output 

shape at the 94th layer is 26x26x225. Medium sized objects are detected in this layer. Again, the feature 

maps are up sampled and this time feature maps from 36th layer are concatenated before the final layer. 

Final detection is made in the last layer i.e. 106th layer where the stride is 8 and the resultant feature map 

size will be 52x52. So the output shape at this layer is shown as 52x52x225. Small objects can be easily 

detected in this layer.  

YOLO v3 is somewhat slow compared to YOLO v2 because of the additional blocks like residual 

connections, up sampling etc. At a default resolution of 416x416, YOLO v2 can predict up to 845 bounding 

boxes with 5 boxes at each grid cell using 5 anchors. Whereas in YOLO v3 the detections occur at 3 levels 

as mentioned earlier and at each level it uses 3 anchors. So, a total of 9 anchors are used in YOLOv3 which 

results in 10647 bounding boxes, which implies that the predictions made by YOLO v3 are ten times more 

than v2. As we are achieving more predictions and ability to detect small objects, the speed of the 

detection is compromised.  
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3.5 Lane Detector 

One of the most common tasks while driving, which is usually overlooked due to its constant use 

when a person drives a car, is keeping the vehicle in its own lane. Most people can do this after 

the basic training. However, keeping the vehicle between its lane’s lines is a very hard problem 

for a computer to solve. 

A computer does not understand what the white and yellow streaks on a road are, the shifts in pixel 

values between those and the pixels representing the road in a video feed. One way to help a 

computer learn is to at least detect these lines or the lanes itself through various computer vision 

techniques, including color, camera calibration (removing the distortion of the camera used) and 

gradient thresholds (areas of the image where changes in color or certain colors are concentrated), 

perspective transformation and more 

Deep learning is used for the lane detector. The reason for this is that a deep learning model is 

more effective at determining the important features in a given image than a person using color 

thresholds and manual gradient in usual computer vision techniques, as well as the other manual 

programming needed in that process. Specifically a convolutional neural network (CNN) is used, 

which is a very effective way for finding patterns within images by using the filters to find the 

specific pixel groupings that are very important. The end result is both more effective at detecting 

the lines and also faster than usual computer vision techniques. 

The CNN is trained similarly to a regression-type problem so; MSE (mean squared error) is used 

to minimize the loss. MSE here minimizes the loss between the predicted pixel values of the output 

lane image and what the lane image label was. 

The datasets used for the lane detector are image frames from driving video. In order to cut down 

on training time, the training images were scaled down to 80 by 160 pixels. Since a fully 

convolutional model returns another image as output, lane drawings are used instead of using 

numbers as lane labels. The labels are just the 'G' channel from an RGB image of a re-drawn lane. 

The dataset is a mix of both straight lines and various curved lines, as well as various conditions 

(day vs. night, shadows, sunshine vs. rain) in order to help with the model's complete 

generalization. These help to cover more of the real conditions that the drivers see every day.  

 

Figure 3.14: The percentage breakouts of road conditions in the dataset  

https://github.com/mvirgo/MLND-Capstone 
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The lane detector uses Keras with TensorFlow backend in order to create a fully convolutional 

neural network. A fully convolutional neural network does not have any fully-connected layers, 

but only uses convolutional layers followed by deconvolutional layers to essentially make a whole 

new image. 

Unlike in the forward pass in normal Convolution layers, Keras’s Deconvolution layers flip around 

the back propagation of the neural network to face the opposite way. The model is a mirror of 

itself, with Convolutional layers and pooling slowly decreasing in size layers, with the midpoint 

switching to up sampling (reverse-pooling) and Deconvolution layers of the same dimensions. 

The final deconvolution layer ends with one filter, which is because it only returns image in the 

‘G’ color channel, as the predicted lanes are in green (it later is stacked up with zeroed-out ‘R’ and 

‘B’ channels to merge with the original road image). Choosing to input 80x160x3 images (smaller 

images were substantially less accurate in their output, likely due to the model being unable to 

identify the lane off in the distance very well) without gray scaling (which tended to hide yellow 

lines on light pavement), The incoming labels are normalized by dividing with 255 (such that the 

labels are from 0 to 1 for ‘G’ pixel values). 

 

Figure 3.15: Lane detector CNN 

The CNN uses RELU activation, strides of (1, 1) and ‘valid’ padding. It has batch normalization 

in the beginning. The model predicts the lane, it is averaged over five frames (to account for any 

odd predictions), and then merges with the original road image from a video frame. 

The CV-based model can only generate roughly 4.5 frames per second. This deep learning model 

generates lane line videos at between 25-30 fps, far greater than the 4.5 fps for the CV model. With 
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regards to both robustness and speed, the deep learning-based model is a definite improvement on 

the usual CV-based techniques. 

 

3.6 Multi-task Processing  

Multiprocessing is defined as the ability of the system to support more than one process at a time. 

It is one of the way in achieving parallel processing or parallel programming etc. Parallel 

Processing refers to Parallel Computing.  

Parallel Processing is playing a vital role in the field of Machine learning.  Developing parallel 

codes to run any deep learning application is a good technique to improve the overall performance.  

Therefore, by using Python Multiprocessing Module we can write parallel programs and 

implement Multitasking.  

 

3.7 Multi-task Learning 

Multi-Task Learning (MTL) is a learning paradigm in machine learning and its aim is to leverage 

useful information contained in multiple related tasks to help improve the generalization 

performance of all the tasks. By sharing representations between related tasks, we can enable our 

model to generalize better on our original task. Even if currently only one loss is being optimized 

as in the typical case, chances are that there is an auxiliary task that will help you improve upon 

your main task. In this approach we use asymmetric MTL. The asymmetric multi-task learning 

only learns the new task with the help of old tasks [38]. 

In addition to the benefit of having more data for training, the use of multi-task also profits from a 

regularization effect, i.e., reducing over fitting to a specific task, thus making the learned 

representations universal across tasks [39]. It has other benefits such as improved prediction 

accuracy, increased data efficiency, and reduced training time. It also helps to efficiently regularize 

models and also reduce the need for labeled data. 

 

3.8 2D Network 

A convolutional neural network was developed to predict steering angle and speed from images. 

The images in the Udacity dataset are converted into 640 (width) × 480 (height) pixels before 

going through the network. 

The network consists of four convolutional layers. The activation function used is ReLu. The 

padding is 0. The first layer has a kernel size of 12×12, depth of 64 and stride is 6, the second layer 

has kernel size of 5×5, depth of 64 and stride is 2, the third layer has a kernel size of 5×5, depth of 

64 and stride is 1 and the fourth layer has a kernel size of 5×5, depth of 64 and stride is 1. There 

are four fully connected layers after the convolutional layers of sizes 1024, 512, 256 and 128. After 

the four fully connected layers there is a summation block. The four convolutional layers are 

separately each connected to a fully connected layer of 128 size and the then connected to the 
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summation block. With this summation block the network is able to use all the features from the 

convolutional layers without losing any information. After the summation block there is a fully 

connected layer of size 2 which gives predicts the steering angle and speed. 

 

 

Figure 3.16: 2D network  

The network uses Xavier initialization for initialization. The activation functions used in this 

network include ReLu activation function and linear activation function. The loss function of the 

network is MSE. No classifiers are used in this network. The optimizer used in this network is 

Adam optimizer. The dropout used in this network is 0.25. The learning rate of this network is 

0.0001. The network is trained for 30 epochs. The batch size used in this network is 4. Batch 

normalization is also used in this network. 

 

3.9 3D Network 

 

A 3D convolutional neural network is developed by connecting the 2D network to an LSTM.  
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Figure 3.17: 3D network (old) 

 

In this network, a time sequence data processing is made in the beginning so that the output of the 

summation block of the 2D network can be given to the LSTM.  

This 3D network is not used in our approach because the lane detector is 2D convolution neural 

network. In this case the lane detector is unable to share its features with the 3D network at any 

point because it does not contain any time sequence data. 

This 3D network is modified to the current network used in our approach so that the features of 

the pre-trained lane detector can be shared with the 3D network.  
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Figure 3.18: 3D network used in our approach 

 

In this network, a time sequence data processing is made in the middle of the network just before 

the LSTM so that the beginning part of the network can be shared with other networks such as the 

Lane detector. 

To create this 3D network the fully connected layer of size 2 after the summation block in the 2D 

network is removed then the output data is converted to time sequence data. The time sequence 

data is then given to the LSTM. The output of the LSTM is then connected to a fully connected 

layer of size 2 which gives the prediction of steering angle and speed. 

The network uses Xavier initialization for initialization. The activation functions used in this 

network include ReLu activation function and linear activation function. The loss function of the 

network is MSE. No classifiers are used in this network. The optimizer used in this network is 

Adam optimizer. The dropout used in this network is 0.25. The learning rate of this network is 

0.0001. The network is trained for 30 epochs. The batch size used in this network is 4. Batch 

normalization is also used in this network. 

 

3.10 Combined Network Based on 3D Network and Lane Detector 

In this network the features of a pre-trained lane detector are shared with the 3D network to 

improve its performance in predicting steering angle and speed. Image resizing is applied to the 
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input data in the beginning so that the 3D network and lane detector can get their required input 

sizes respectively. 

 

 

 

Figure 3.19: A combined network based on 3D network and lane detector 

 

In this network a dropout of 0.25 is used in the convolutional layers, four fully connected layers 

after the convolutional layers and the summation block of the 3D network. The pre-trained lane 

detector is fine-tuned while the rest of the network is training. The lane detector CNN is connected 

to a fully connected layer of size 256 then it is connected to a fully connected layer of size 128. 

The output from the fully connected layers is connected to a new summation block after the 

summation block of the 3D network. This summation block is used to share the features of the pre-

trained lane detector with the 3D network. The output of the new summation block is then 

converted into a time sequence data of sequence 10 which is then given to an LSTM of size 32. 

The output from the LSTM is then connected to a fully connected layer of size 2 which is used to 

predict the steering angle and speed. The dropout used in the summation block helps determine 

what features of the 3D network are used when sharing features with the lane detector. 

The network uses Xavier initialization for initialization. The activation functions used in this 

network include ReLu activation function and linear activation function. The loss function of the 

network is MSE. No classifiers are used in this network. The optimizer used in this network is 

Adam optimizer. The learning rate of this network is 0.0001. The network is trained for 30 epochs. 

The batch size used in this network is 4. Batch normalization is also used in this network. 
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3.11 A Multi-task Processing AI System  

In this network the combined network based on 3D network and lane detector is integrated with 

pre-trained YOLOv3 and pre-trained lane detector so that detection of humans, vehicles and 

objects, lane detection and prediction of steering angle speed can be done on an image 

simultaneously. It has batch normalization in the beginning after the input data so each network 

can get its required input size. 

First the detections and classification are made on the input image by using YOLOv3 network then 

the output of lane detector is added to the output image of the YOLOv3 network. The output of 

the combined network based on the 3D network and lane detector CNN i.e. the predicted angle 

and speed are then added on the output image containing detections, classification and lane 

detector output. 

 

 

 

Figure 3.20: A multi-task processing AI system 

 

3.12 Training Process  

Training a neural network require a lot of computational power. So GPU’s are best preferred for 

the training process. The specifications of the system used for training our networks are shown as 

follows: 
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An Intel i7-6700 CPU with 48 GB of RAM 

An NVIDIA GeForce GTX 1080 TI GPU with 11 GB of RAM 

The input options shown in figure 3.7 are used to train the networks. The combined network based 

on 3D network and lane detector uses the same input options are the 3D network. It has input size 

of 480×640×3. The activation function used is ReLu. The loss function is MSE (Mean Square 

Error). It has a learning rate of 0.0001 and batch size of 4. The sequence of time sequence used is 

10. It is trained for 30 epochs. The 2D network, 3D network and the combined network based on 

lane 3D network and lane detector are trained and tested on the same training and testing dataset. 

 

 

 

Figure 3.21 Input options for training the networks 
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Chapter 4                                                                                              

Experimental Results 

 

4.1 2D Network Outputs 

After training our network, the model is tested with testing dataset taken from Udacity dataset. The 

steering angle and speed are predicted from the images using the 2D network. To analyze the 

system performance, we choose the weights which provide best results. All the images from the 

test dataset are tested together. RMSE is the metric used to measure the performance of the system. 

After testing on all images of the testing dataset the results are copied into a Microsoft excel sheet. 

We use the RMSE formula in the excel sheet to calculate RMSE for steering angle and speed.  

 

 

Figure 4.1: RMSE formula 

 

The RMSE formula used in excel sheet is 

SQRT(SUMXMY2(A1:A24426,B1:B24426)/COUNTA(A1:A24426)) 

Where 24426 is the number of images in test dataset. 

The RMSE obtained is 0.0394 radian for steering angle and 1.909 km/hr for speed. We get the 

training and validation graphs by using tensorboard function on the logs saved during training. 
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Figure 4.2: Training loss graph 

 

Figure 4.3: Validation loss graph 
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Figure 4.4: Output 1 

 

 

 

Figure 4.5: Output 2 
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Figure 4.6: Output 3 

 

 

Figure 4.7: Output 4 

4.2 3D Network Outputs 

After training our network, the model is tested with testing dataset taken in Udacity dataset. The 

steering angle and speed are predicted from the images using the 3D network. To analyze the 

system performance, we choose the weights which provide best results. All the images from the 

test dataset are tested together. RMSE is the metric used to measure the performance of the system. 

After testing on all images of the testing dataset the results are copied into a Microsoft excel sheet. 

We use the RMSE formula in the excel sheet to calculate RMSE for steering angle and speed.  

The RMSE obtained is 0.0192 radian for steering angle and 1.573 km/hr for speed. We get the 

training and validation graphs by using tensorboard function on the logs saved during training. 



 
 

35 
 

 

 

 

Figure 4.8: Training loss graph 

 

Figure 4.9: Validation loss graph 
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Figure 4.10: Output 1 

 

Figure 4.11: Output 2 
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Figure 4.12: Output 3 

 

Figure 4.13: Output 4 

 

 

4.3 Combined Network Based on 3D Network and Lane Detector Outputs  

After training our network, the model is tested with testing dataset taken in Udacity dataset. The 

steering angle and speed are predicted from the images using the 3D network. To analyze the 

system performance, we choose the weights which provide best results. All the images from the 
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test dataset are tested together. RMSE is the metric used to measure the performance of the system. 

After testing on all images of the testing dataset the results are copied into a Microsoft excel sheet. 

We use the RMSE formula in the excel sheet to calculate RMSE for steering angle and speed.  

The RMSE obtained is 0.00723 radian for steering angle and 0.976294 km/hr for speed. We get 

the training and validation graphs by using tensorboard function on the logs saved during training. 

 

 

 

Figure 4.14: Training loss graph 

 

Figure 4.15: Validation loss graph 
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Figure 4.16: Output 1 

 

Figure 4.17: Output 2 
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Figure 4.18: Output 3 

 

Figure 4.19: Output 4 

 

 

4.4 YOLOv3 Output 

The pre-trained yolov3 network is tested on the coco validation dataset to calculate the accuracy 

of the network. Precision is the metric used to measure the performance of the system. Precision 

is given by the formula precision = TP/TP+FP. True positive (TP) is where the network prediction 

is correct, and it is true. False positive (FP) is where the network prediction is correct, but it is false 
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with respect to ground truth. The mAP gives the average precision of each class present in the test 

set images. 

 

 

Figure 4.20: Mean Average Precision on coco validation dataset 

 

The mean average precision for this network on coco validation dataset is 67.14%. 

 

4.5 A Multi-task Processing AI System Outputs 

The combined network based on 3D network and lane detector is integrated with the pre-trained 

YOLOv3 network and the lane detector network and tested on images. The detection humans, 

vehicles and objects, lane detection and prediction of steering angle and speed are obtained on the 

test images and video. 

The mean average precision of the YOLOv3 in the multi-task processing AI system on coco 

validation dataset is 67.14% 

The RMSE of the multi task processing AI system on udacity test dataset is 0.00723 radian for 

steering angle and 0.976294 km/hr for speed. 

The lane detector returns image in the ‘G’ color channel, as the predicted lanes are in green. It later 

is stacked up with zeroed-out ‘R’ and ‘B’ channels to merge with the original road image.  
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Figure 4.21: Output 1 

 

Figure 4.22: Output 2 
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Figure 4.23: Output 3 

 

Figure 4.24: Output 4  
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4.6 Comparison of all the Models 

Table 4.1: Results from all the proposed models 

 Name of the model Steering angle RMSE Speed RMSE 

1 2D network 0.0394 (radian) 1.909 (km/hr) 

2 3D network 0.0192 (radian) 1.573 (km/hr) 

3 A combined network based on 3D 

network and lane detector outputs 

0.00723(radian) 0.976294 

(km/hr) 

4 A multi-task processing AI system 

outputs 

0.00723(radian) 0.976294 

(km/hr) 
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Chapter 5                                                                                                          

Conclusion and Recommendations 

 

5.1 Conclusion 

The aim of our work, ‘Multi-processing AI system design’ is thus successfully implemented by 

integrating three models a combined model based on 3D network and lane detector, YOLOv3 and 

lane detector. By training combined model based on 3D network and lane detector with 79199 

images we got an RMSE of 0.00723 radian for steering angle and 0.976294 km/hr for speed. 

Finally, three models are combined so that the final output shows detection and classification of 

humans, vehicles and other objects, lane detection and prediction of steering angle and speed on 

the output image. The combined model performed well on both images as well as videos. 

3D convolutional models are able to learn more complex features, spanning across the three 

dimensions (width, height and depth) while 2D models are only able to use two dimensions (width 

and height). The image representation inside the 3D network is far superior and this is indicative 

from the larger amount of learnable parameters as compared to 2D network. 2D CNNs use 2D 

convolutional kernels to predict the segmentation map for a single slice. Segmentation maps are 

predicted for a full volume by taking predictions one slice at a time. The 2D convolutional kernels 

are able to leverage context across the height and width of the slice to make predictions. However, 

because 2D CNNs take a single slice as input, they inherently fail to leverage context from adjacent 

slices. 3D CNNs address this issue by using 3D convolutional kernels to make segmentation 

predictions for a volumetric patch of a scan. The ability to leverage inter-slice context can lead to 

improved performance but comes with a computational cost as a result of the increased number of 

parameters used by these CNNs. 

The main difference between the 2D network and the 3D network is the addition of LSTM. 

Recurrent Neural Networks (RNN’s) represent a class of artificial neural networks that uses 

memory cells to model the temporal relation between input data and hence learn the underlying 

dynamics. With the introduction of so called Long Short-Term Memory (LSTM), i.e. the ability 

to remember selectively, modeling long-term relationships became possible within RNN’s. This 

approach allows to model dynamic temporal dependences in the context of steering angle 

estimation based on camera input.  

LSTM is a time-recursive neural network and is suitable for processing and predicting important 

events of relatively long intervals and delays in time series. Three gate were placed inside a cell, 

called the input gate, the forget gate, and the output gate. A message enters the LSTM network 

and can be used to determine if it is useful. Only the information that meets the algorithm’s 

certification will remain, and the inconsistent information will be forgotten through the forget 

Gate. The autopilot learning behavior itself is also a learning model based on time series and 

selective memory. Thus, the LSTM is suitable to train an autonomous driving model. 

Classification tasks assume independence between the output neurons that encode the different 

classes. However, this assumption loses validity if the classification is used to model a regression. 
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Because, in such case, classes neurons that are spatially close to each other should infer convergent 

decisions. The LSTM provides a method to introduce correlation between the class neurons and 

thus bridge the gap between full classification problems and regression problems. The prediction 

of speed and steering should be considered as a regression problem rather than a classification 

problem.  

The proposed Convolutional Long Short-Term Memory Recurrent Neural Network (C-LSTM) 

architecture combines a deep CNN hierarchical visual feature extractor with a model that can learn 

to recognize long-term temporal dynamics. The drawback of the conventional formulation of 

regression as a classification problem is that the amount of required training data scales with the 

number of discrete angles, i.e. classes. The expanding number of class labels requires collecting 

more training data such that all class labels contain sufficient training volumes. Conversely, if the 

training data is limited, so is the number of classes. To solve this problem we introduce a spatial 

relationship between the classification layer neurons by introducing the LSTM. By using LSTM a 

neural network is trained to observe knowledge for a certain amount of time and propagate that 

knowledge to predict what will happen in the future. 

The difference between the 3D network and combined network based on 3D network and lane 

detector is the addition of the Lane detector and using the lane detectors features to improve the 

performance of the first model. A pre-trained lane detector is used. The weights of pre-trained lane 

detector are loaded first then it is fine-tuned with the rest of the network. 

Intelligent vehicle assistant system mainly utilizes the relative position of traveling vehicle and 

lane to realize the vehicle's auxiliary driving function. An important step of the whole system is to 

detect and recognize lane. The lane detection system comes from lane markers in a complex 

environment and is used to estimate the vehicle’s position and trajectory relative to the lane 

reliably. Lane detection systems have the goal to detect the lane marks and to warn the driver in 

case the vehicle has a tendency to depart from the lane.  

By sharing representations between related tasks, we can enable our model to generalize better on 

our original task. This approach is called Multi-Task Learning (MTL). Even if currently only one 

loss is being optimized as in the typical case, chances are there is an auxiliary task that will help 

you improve upon your main task. In this approach we use asymmetric MTL. The asymmetric 

multi-task learning only learns the new task with the help of old tasks. 

In addition to the benefit of having more data for training, the use of multi-task also profits from a 

regularization effect, i.e., reducing over fitting to a specific task, thus making the learned 

representations universal across tasks. It has other benefits such as improved prediction accuracy, 

increased data efficiency, and reduced training time. It also helps to efficiently regularize models 

and also reduce the need for labeled data. 

In this approach we use a summation block to add the features of the lane detector and the 3D 

network. Before the summation block between the two networks we use dropout. The term 

“dropout” refers to dropping out units (both hidden and visible) in a neural network. Dropout is 

used to prevent overfitting. It is an approach to regularization in neural networks which helps 
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reducing interdependent learning amongst the neurons. This dropout helps the 3D network to 

choose what features will be used during summation with the lane detector. 

This summation block takes the two tensors of the same shape (128 units) and gives one output 

tensor of same shape. This tensor consists the summation of the features of the lane detector and 

the features from the first network after the dropout. The dropout plays a key role in determining 

what features are shared and those not shared. Dropout forces a neural network to learn more 

robust features that are useful in conjunction with many different random subsets of the other 

neurons.  

 

5.2 Recommendations 

 

This thesis can be further implemented by increasing the different kinds of information provided 

with the image frames taken from a driving video. Multi-camera, radar system and navigation 

system can be used in the system. Furthermore, by adding more networks we can increase the 

number of tasks performed the multi-task processing AI system. 

 

 

 

  



 
 

48 
 

References 

 

[1] World Health Organization. Global status report on alcohol and health 2014. World Health 

Organization, 2014. 

[2] Hesham Eraqi, Youssef Emad Eldin, and Mohamed Moustafa. Reactive collision avoidance 

using evolutionary neural networks. In Proceedings of the 8th International Joint 

Conference on Computational Intelligence, volume 1, 2016. 

[3] Austin Brown, Brittany Repac, and Jeff Gonder. Autonomous vehicles have a wide range of 

possible energy impacts. Technical report, NREL, University of Maryland, 2013. 

[4] Takeo Kanade, Chuck Thorpe, andWilliam Whittaker. Autonomous land vehicle project at 

cmu. In Proceedings of the 1986 ACM fourteenth annual conference on Computer science, 

pages 71–80. ACM, 1986. 1.1 

[5] Urs Muller, Jan Ben, Eric Cosatto, Beat Flepp, and Yann L. Cun.O_-road obstacle avoidance 

through end-to-end learning. In Y. Weiss,B. Schölkopf, and J. C. Platt, editors, Advances 

in Neural Information Processing Systems 18, pages 739{746. MIT Press, 2006. 

[6] Mariusz Bojarski, Davide Del Testa, Daniel Dworakowski, Bernhard Firner, Beat Flepp, 

Prasoon Goyal, Lawrence D. Jackel, Mathew Monfort, Urs Muller, Jiakai Zhang, Xin 

Zhang, Jake Zhao, and Karol Zieba. End to end learning for self-driving cars. CoRR, 

abs/1604.07316, 2016. 

[7] Walther Wachenfeld, Hermann Winner, J Chris Gerdes, Barbara Lenz, Markus Maurer,Sven 

Beiker, Eva Fraedrich, and Thomas Winkle. Use cases for autonomous driving. In 

Autonomous Driving, pages 9–37. Springer, 2016. 1.1 

[8] Tomasz Janasz and Uwe Schneidewind. The future of automobility. In Shaping the Digital 49 

Enterprise, pages 253–285. Springer, 2017. 1.1 

[9] Martin Buehler, Karl Iagnemma, and Sanjiv Singh. The DARPA urban challenge: autonomous 

vehicles in city traffic, volume 56. Springer, 2009. 1.1, 2 

[10] Alex Krizhevsky, Ilya Sutskever, and Geoffrey E Hinton. Imagenet classification with deep 

convolutional neural networks. In Advances in neural information processing systems, 

pages 1097–1105, 2012. 

[11] Mariusz Bojarski, Philip Yeres, Anna Choromanska, Krzysztof Choromanski, Bernhard 

Firner, Lawrence Jackel, and Urs Muller. Explaining how a deep neural network trained 

with end-to-end learning steers a car. arXiv preprint arXiv:1704.07911, 2017. 



 
 

49 
 

[12] Haobo Lyu, Hui Lu, and Lichao Mou. Learning a transferable change rule from a recurrent 

neural network for land cover change detection. Remote Sensing, 8(6):506, 2016. 

[13] Sepp Hochreiter and Jürgen Schmidhuber. Long short-term memory. Neural computation, 

9(8):1735–1780, 1997. 

[14] Andrew Simpson. Self-driving car steering angle prediction based on image recognition. 

2017. 

[15] Hesham M. Eraqi, Mohamed N. Moustafa, and Jens Honer. End-to-end deep learning for 

steering autonomous vehicles considering temporal dependencies. CoRR, abs/1710.03804, 

2017. 

[16] C. Chen, A. Seff, A. Kornhauser, and J. Xiao (2015). Deepdriving: Learning affordance for 

direct perception in autonomous driving. In IEEE International Conference on Computer 

Vision (ICCV). 

[17] C. Badue, R. Guidolini, R. V. Carneiro, P. Azevedo, V. B. Cardoso, A. Forechi, L. F. R. Jesus, 

R. F. Berriel, T. M. Paixão, F. Mutz, T. Oliveira-Santos, and A. F. De Souza (2019). Self-

driving cars: A survey. arXiv e-prints arXiv:1901.04407. 

[18] E. Ohn-Bar and M. M. Trivedi (2016). Looking at humans in the age of self-driving and highly 

automated vehicles. In IEEE Transactions on Intelligent Vehicles. 

[19] Cmu boss autonomous car for the 2007 darpa challenge.URL 

https://www.nrec.ri.cmu.edu/solutions/defense/other-projects/urban-challenge.html. 

(document), 1.1 

[20] Uber self-driving car. URL https://www.uber.com/cities/pittsburgh/self-driving-ubers/. 

(document), 1.1 

[21] Waymo self-driving car. URL https://waymo.com/. (document), 1.1 

[22] Cruise self-driving car. URL https://getcruise.com/. (document), 1.1 

[23] Rich Caruana. 1997. Multitask learning. Machine learning 28, 1 (1997), 41–75 

[24] Jianhui Chen, Lei Tang, Jun Liu, and Jieping Ye. 2009. A convex formulation for learning 

shared structures from multiple tasks. In Proceedings of the 26th Annual International 

conference on Machine Learning. ACM, 137–144. 

[25] Seyoung Kim and Eric P Xing. 2010. Tree-guided group lasso for multi-task regression with 

structured sparsity. (2010). 

[26] Jiayu Zhou, Jianhui Chen, and Jieping Ye. 2011. Clustered multi-task learning via alternating 

structure optimization. In Advances in neural information processing systems. 702–710 



 
 

50 
 

[27] Rich Caruana. 1998. Multitask learning. In Learning to learn. Springer, 95–133. 

[28] http://www.who.int/gho/road safety/mortality/en/index.html 

[29] Longitudinal and Lateral Coupling Model Based End-to-End Learning for Lane Keeping of 

Self-driving Cars, International Conference on Cognitive Systems and Signal Processing 

ICCSIP 2018: Cognitive Systems and Signal Processing pp 425-436 

[30] Controlling Steering Angle for Cooperative Self-driving Vehicles utilizing CNN and LSTM-

based Deep Networks, arXiv:1904.04375v2 [cs.CV] 19 Apr 2019 

[31] Scene Understanding in Deep Learning-Based End-to-End Controllers for Autonomous 

Vehicles, IEEE Transactions on Systems, Man, and Cybernetics: Systems (Volume: 

49, Issue: 1, Jan. 2019) 

[32] Speed and steering angle prediction for intelligent vehicles based on deep belief network, 

2017 IEEE 20th International Conference on Intelligent Transportation Systems (ITSC) 

[33] Deep Steering: Learning End-to-End Driving Model from Spatial and Temporal Visual Cues, 

arXiv:1708.03798v1 [cs.CV] 12 Aug 2017 

[34] Adaptively Weighted Multi-task Learning Using Inverse Validation Loss, ICASSP 2019 - 

2019 IEEE International Conference on Acoustics, Speech and Signal Processing 

(ICASSP) 

[35] Deep Imitation Learning: The Impact of Depth on Policy Performance International 

Conference on Neural Information Processing, ICONIP 2018: Neural Information 

Processing pp 172-181 

[36] Event-Based Vision Meets Deep Learning on Steering Prediction for Self-Driving Cars, The 

IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2018, pp. 5419-

5427 

[37] Computer Vision Based Novel Steering Angle Calculation for Autonomous Vehicles, 2018 

Second IEEE International Conference on Robotic Computing (IRC) 

[38] A Survey on Multi-Task Learning, arXiv:1707.08114v2 [cs.LG] 27 Jul 2018. 

[39] Multi-Task Deep Neural Networks for Natural Language Understanding, 

arXiv:1901.11504v2 [cs.CL] 30 May 2019 

 

 


