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Preface  

We often see that Autonomous Vehicles can freely move to any given 

position using various machine learning techniques and dynamic 

algorithms for path planning and obstacle avoidance. With the evolution of 

technology and the development of deep learning techniques, we observe 

that autonomous systems can learn non-linear dynamics and complexities. 

This thesis report focuses on developing a model to learn the driving 

behaviour of the vehicle at a roundabout. I would like to extend my 

gratitude to Dr. Björn Åstrand and Dr. Naveed Muhammad, who have 

guided me at every step to conduct this research. 
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Abstract 

This thesis concentrates on the motion prediction of the agents utilizing the 

behaviour model. In an autonomous environment, the agents need to be 

aware of other agents’ position and actions to minimize the use of 

emergency braking, thereby reducing collisions and damages. The data is 

used to forecast agents’ position in the environment and classify agents’ 

exits utilizing a variation of Recurrent Neural Network(RNN), namely, 

Long Short-Term Memory (LSTM) [1] to determine the specific behaviour 

model. Additionally, the network performance is compared with other RNN 

architecture such as the Bi-LSTM and Bi-LSTM + LSTM stacked 

architecture to evaluate which model has the best performance. The results 

achieved in this thesis are comparable to prior literature. They have shown 

improvement in some aspects of modelling behaviour at a roundabout using 

data acquired from an infrastructure-based LiDAR sensor.  
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Chapter 1 

1 Introduction  

Current research and development exhibit that autonomous vehicles are not 

fully ready to face real-world scenarios prominently because the agent is 

uncertain about other agents’ behaviour in the environment, which could 

lead to fatal crashes and damages. Such situations can be observed at busy 

traffic signals, intersections, and roundabouts. Current navigation 

techniques provide information to the agent about itself, the agent is 

unaware of the behaviour and concurrently, the intention of other agents in 

the environment. If experienced, human drivers are generally good at 

inferring other vehicles’ motion up to a few seconds in the future, whereas, 

current Advanced Driving Assistance Systems (ADAS) are unable to 

perform such medium-term forecasts and are usually limited to high-

likelihood situations such as emergency braking [2]. 

Driving a vehicle requires one to pay attention to the surroundings and 

other agents present in the environment. In most situations, experienced 

human drivers can efficiently infer future behaviours for the surrounding 

vehicles, which are essential when making tactical driving decisions such 

as overtaking or crossing an intersection with no signal [3]. An autonomous 

intelligent vehicle must be able to handle such information and learn to 

manoeuvre through such complexity without causing any damage and 

system anomalies. This thesis aims to develop a framework to classify 

agent behaviour and predict intentions using a Long Short-Term Memory 

(LSTM) and its variation Bidirectional LSTM on the various trajectories 

obtained from the dataset acquired from Kucner et al. [4] which is a dataset 

collected at a roundabout in Sweden (Traffic flow on the right).  

Determining the behaviour of an agent at a roundabout is a vital issue for 

autonomous driving. For instance, consider a roundabout as shown in 

Figure 1 and "agent 1" entering the roundabout from the south direction at 

time ‘t sec’ potentially exiting at the north exit at time ‘t+10 sec’ during 

this transition if another agent, "agent 2",  enters the roundabout from the 

north entry at time  ‘t+4 sec’ agent 2 is unaware whether agent 1 is heading 

to the west/south exit (agent 2 waits) or the east/north exit (agent 2 

continues with its path). Due to such confusion, autonomous agents are 

most likely to engage the emergency braking system and not make changes 

to its velocity and acceleration profile to synchronize with the other agents. 

An active classification system could reduce the use of emergency braking 

by taking measures to determine the intention of the oncoming vehicle.  
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Figure 1: The trajectories of 6 agents, each trajectory represents the path taken by a unique agent. We 

notice that one of the trajectories has a small spike at the north entry, and this is because of partially 

observed agents.  

Roundabout exit prediction and forecast consists of determining high-level 

behavior (Intention) and position estimation of the vehicle. Many methods 

have been explored for trajectory prediction such as Support Vector 

Machine [5], Hidden Markov Model [6], Conditional Transitional Maps 

[4], Particle Filters [7], decision trees [8],  Neural Networks [9] and 

Recurrent Neural Networks [2, 3]. The benefit of using a discrete dataset 

is that it makes it easier to train and evaluate the model and performance. 

Therefore, the models provide a discrete estimation of future vehicle states, 

which are extremely useful when predicting the vehicle trajectory. 

In this thesis, we focus on: 

1. Classification of exits and 

2. Forecasting agent state 

These tasks are done by developing 3 networks, namely, the Long Short-

Term Memory (LSTM) network, the Bidirectional LSTM (Bi-LSTM) 

network, and a combination of Bi-LSTM + LSTM network. The results 

generated by these networks are compared and evaluated to determine the 

best performing network. LSTM network and Bi-LSTM network are an 

upgrade on Recurrent Neural Networks [10]. LSTM networks are mainly 

used to make long term power forecasts [11], weather forecasts [12], and 

word translation [13], whereas Bi-LSTM is used for speech recognition 

[14] and both are highly effective with time sequences and series.  

One of the challenges for this problem is that driving around a roundabout 

usually implies that the vehicle dynamics such as velocity, acceleration, 

and heading angle are continually varying based on the entry direction, the 

desired exit direction, number of agents in the roundabout and noise from 
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the sensor. LSTM and Bi-LSTM provide a feasible solution to this problem 

as the network is equipped to handle discrete input sequences of 

considerable length [10]. 

1.1 Contributions 

The contribution of this thesis is firstly, the design and comparison of the 

LSTM network, Bi-LSTM network, and stacked Bi-LSTM + LSTM 

network to model the behaviour of the vehicle and use the network to 

classify the exits and predict vehicle state. Secondly, the technique of 

training the network to have accurate predictions at every timestep and 

lastly, extend literature on infrastructure-based sensors (LiDAR) for 

advanced driving assistance systems and intelligent transport systems.  

The objective is to classify the exits and forecast state of the vehicles using 

features such as position, distance covered in each timestep, velocity, 

acceleration, and heading angle. These are critical for cooperative driving 

at a roundabout, for which very not many references exist – Zhao et al. [5], 

Muhammad et al. [7, 8]. 

1.2 Structure 

The rest of this report is structured as follows: in chapter 2, the related work 

is discussed. Chapter 3 discusses the dataset and the methodology proposed 

for the research chapter 4 highlights the results of the trained model, 

chapter 5 discussions about the thesis study are presented. Conclusively, 

chapter 6 provides conclusions on the thesis and performance of the model 

developed.  
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Chapter 2 

2 Related Work 

The thesis focuses on modelling the trajectories of different agents using 

machine learning techniques to predict future positions and intentions. 

Prior literature provides insights on modelling agent behavior using 

techniques such as Hidden Markov Model [15], Bayesian Changepoint 

Detection [16], Game Theory [17], to name a few. In the sections below, a 

brief review of the current literature is described.  

2.1 Methods 

As per current literature, there are a handful of techniques available to 

model the behavior of vehicles at a roundabout such as Support Vector 

Machines [5], particle filters & decision trees [7], using the geometry of 

roundabout and using a set of reference trajectories [8]. The studies are 

based on data collected and modelled after human driving behavior. 

Studies have also been conducted to model vehicle trajectory prediction 

and behavior estimation on highways [2] and intersections [3] using 

Recurrent Neural Networks and Gaussian Process Decomposition [18]. 

2.2 Trajectories Datasets 

Results from literature vary significantly based on the way the data was 

acquired. From our review, we understand that there are primarily 2 ways 

of collecting data for modelling behaviour of vehicles. The methods are  

• Data collected from on-board sensors. 

• Data collected from infrastructure sensors.  

2.2.1 Data from On-Board Sensors 

The study by M. Zhao et al. [5]  proposes a support vector technique to 

model whether an agent will continue to be in the roundabout or opt to exit 

the roundabout to the nearest exit. In this study, the authors collected the 

data by asking participants to drive around roundabouts at least 30 times 

and asking them to take each possible pair of entry and exit. The data was 
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captured using 3 on-board sensors – steering angle sensor, odometer, GPS 

receiver. 

The study by F. Altche et al. [2] demonstrates how LSTM can be useful 

for highway trajectory prediction. The authors use the NGSIM US -101 

dataset [19], which has about 45 minutes of driving data in various traffic 

densities representation a vast number of human drivers. Primarily the 

authors want to predict the trajectories of vehicles driving on a highway to 

improve advanced driving assistance system (ADAS) performance for 

autonomous vehicles using on-board sensors such as Global Navigation 

Satellite System and LiDAR.  

Likewise, another study by Khosroshahi et al [3] demonstrates the usage 

of LSTM for active classification of maneuvers by agents in a 4-way 6 lane 

intersection. The dataset used is the KITTI [20] benchmark, which was 

captured using on-board sensors, 2 camera sensors (monochrome and 

color), LiDAR, and GPS. 

Yuexim Ma et al. [21] have developed an algorithm ‘TrafficPredict’ using 

a hybrid CNN-LSTM network and utilize it to forecast up to 3s of all the 

agent’s trajectory present in the scenario. They acquired the dataset using 

the Apollo acquisition car using a set of on-board camera-based images 

and the LiDAR-based point clouds. The vehicle was driven around an 

urban area in rush hours. The trajectories for pedestrians, bicycles, and 

vehicles were generated by detection and tracking. 

Huazhe Xu et al. [22] propose an FCN-LSTM architecture for end-to-end 

learning of driving models. The proposed is used to learn the discrete 

driving action model (left, right, straight, stop), continuous action-driving 

model (lane following), and learning with privileged information – using 

segmented image sequences of the scene to learn end-to-end behaviour. 

The dataset used was Berkeley DeepDrive Video [23], which is a collection 

of 1,000 hours of driving dashcam video stream from different locations in 

the USA.  

Nachiket Deo et al. [6] propose an HMM-based modelling technique to 

classify and predict surround vehicle trajectories the maneuver is classified 

into – Lane follow, overtakes, cut-ins, and drift into ego lane. The 

trajectory prediction is made using interacting multiple model framework, 

which is an ensemble based on the constant velocity, constant acceleration, 

constant turn rate, and velocity motion models. The data is captured using 

a vehicle equipped with 8 RGB video cameras, LiDAR, and RADARs. The 
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dataset consists of 52 video sequences of approximately 45 minutes of data 

in total.  

ByeoungDo Kim et al.[24] propose a vehicle trajectory prediction 

framework using LSTM. The proposed is data-driven and produces 

probabilistic information about the future location of the surround vehicles 

over the occupancy grid map. The data is acquired using a vehicle with 

long-range RADAR sensors and camera module driving on a highway. The 

data was collected at a rate of 10ms for about 3730 seconds, a total of 1325 

vehicle trajectories were extracted. 

2.2.2 Data from Infrastructure Sensors 

N. Muhammad et al. [7] propose a perception data-driven method to model 

the behavior of agents in a roundabout using the dataset acquired from 

Kucner et al. [4] which was a collection of naturalistic a set of driving 

trajectories collected from a LiDAR sensor placed at the center of the 

roundabout. Additionally, N. Muhammad et al. [8] describe methods to 

forecast agent state in prediction horizons of 1s, 2s, and 3s.  

Yeping Hu et al. [25] propose a semantic-based intention and motion 

prediction. The proposed is a probabilistic framework based on a deep 

neural network to estimate the intentions, final locations, and the 

corresponding time information of the surround vehicles. The authors use 

the NGSIM US 101 dataset [19], which is a real-time highway driving 

dataset collected using video cameras and extracted using simulation 

software.   

Shiraz et al. [26] propose an LSTM based vehicle turning prediction at 

intersections using data acquired from traffic cameras. The authors 

extracted the trajectories by visual tracking systems; the behaviour was 

modelled using constant velocity Kalman filter. 

Zhu et al. [27] propose a Bi-directional LSTM based vehicle behaviour 

recognition model where the authors want to classify trajectory sequences 

as turning left, turning right, or going straight on a highway. 
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2.3 Features used 

After reviewing the literature and understanding the concept of behaviour 

modelling the various feature set used in the respective study is tabulated 

in Table 1.  

Table 1: A review of feature sets 

Author Dataset type Features 

Zhao et al. [5] on-board sensors steering angle and steering 

angle velocity 

N. Muhammad et al. [7, 8] infrastructure sensor position, velocity, heading 

angle, agent type.  

Alche et al. [2] infrastructure sensor  for target agent & surround 

vehicles – lateral & 

longitudinal position, lateral 

& longitudinal velocity, 

agent type. 

Khosroshahi et al. [3] on-board sensors position, heading angle, rate 

of change of heading angle. 

Yuexim Ma et al. [21] on-board sensors agent type, position, 

velocity, heading angle, and 

bounding polygon. 

Huazhe Xu et al. [22] on-board sensors smartphone sensors – GPS, 

IMU, gyroscope and 

magnetometer and sensor-

fused measurements – 

course and speed of the 

vehicle.  

 

Nachiket Deo et al. [6] on-board sensors position, lateral, and 

longitudinal velocity. 

ByeoungDo Kim et al. [24] on-board sensors position, velocity, yaw rate. 

Yeping Hu et al. [25] infrastructure sensors for (i) predicted vehicle – 

velocity and lateral distance 

to the lane center. 

for (ii) reference vehicles – 

velocity, distance to the 

predicted vehicle 

(longitudinal and lateral), the 

relative angle between 

reference vehicle and 

predicted vehicle, inverse 

time-to- collision relative to 

the predicted vehicle.  

for (iii) other vehicles – 

velocity, position, inverse 

time-to-collision relative to 

the reference vehicle. 
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Shiraz et al. [26] infrastructure sensors  position, velocity, and 

acceleration. 

Zhu et al. [27] Infrastructure sensors Heading angle. 

 

From the tabulated feature set, it is evident that the most common features 

used to model vehicles are position, velocity, acceleration, and heading 

angle to estimate the behaviour model of the vehicle.  

2.4 Previously achieved results  

Studies are conducted for modelling vehicle behaviour, and the results are 

focused on how accurately the model classifies the behaviour and/or how 

well the model predicts the state of the vehicles. Therefore, this section has 

been split into sub-sections focusing on the classification of exits and 

prediction of state.  

2.4.1 Classification of Exit  

Zhao et al. [5] demonstrate a mean accuracy of 95% and approximately 

11m before the potential exit of the agent. 

Using particle filters, Muhammad et al. [7] present a varying result 

between 65% - 75% using various combinations of the features for the 

prediction. Similarly, using decision trees, the authors achieve significant 

improvements in the prediction accuracy, although the authors denote that 

particle filter has a better performance. But in [8] the authors show that 

using the geometric model forecasts are made up to 1.1s (avg) in advance, 

using the data-driven model the exit can be forecasted up to 2.5s (avg) in 

advance and using the reference trajectories the model can forecast the 

exits up to 5.6s (avg) in advance.  

Khosroshahi et al. [3] highlight that accuracy was inversely proportional 

to the degree of classifications, i.e., classification of turning or not turning 

had the highest accuracy when compared with classification of turning left, 

right or going straight on the 6 lanes. 

Huazhe Xu et al. [22] measure the performance by predictive perplexity 

and accuracy, where the action with maximum likelihood is considered as 

a prediction. The authors highlight that LSTM performs the best with a 

perplexity score of 0.43 and accuracy of 84% in determining discrete 

actions such as turn left, turn right, going straight, or stop.  
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Nachiket Deo et al. [6] propose a hidden Markov model and the evaluation 

of the system is classification accuracy. The proposed had an 84.24% 

classification accuracy on all the trajectories.  

Yeping Hu et al. [25] evaluated their system with precision and recall and 

noted a precision of 93.6% and a recall of 92.5% for their model.  

Shiraz et al. [26] evaluated their system with turning prediction accuracy 

and indicate that their model has an accuracy of 92% at a 2s prediction 

horizon to determine if the vehicle is turning or not.  

Zhu et al [27] evaluated their system with classification accuracy for each 

class and had an overall accuracy of 94%, 96.5% for going straight, 93.8% 

for the right turn, and 91.6% for the left turn.  

2.4.2 Prediction of state  

N Muhammad et al. [8] the authors forecast the state of the vehicle for a 

prediction horizon of 1s, 3s and 5s and tabulate a mean absolute error of 

1.52m, 2.62m and 4.16m for geometric model respectively; 1.54m, 2.65m 

and  4.21m for data-driven model respectively; and 1.14m, 1.99m and 

3.11m for reference trajectories model respectively.  

However, Alche et al. [2] forecast up to 1s, 2s, 5s, and 10s of trajectory for 

the target vehicle and produce an RMS error of 70 cm in the lateral position 

and lower than 3m/s for longitudinal velocity. Considering the result is for 

a standard dataset and not handpicked trajectories, the authors claim the 

model is more apt to deal with real-world scenarios.  

Yuexim Ma et al. [21] demonstrate a mean absolute error of 0.080m in a 

horizon of 3s for vehicles that performed better when compared with prior 

methods. 

Nachiket Deo et al. [6] did their evaluation by using Mean absolute error 

and median absolute error. A mean absolute error of 0.25m, 0.72m, 1.25m, 

1.78m, and 2.36m for a prediction horizon of 1s, 2s, 3s, 4s, and 5s, 

respectively.  

ByeoungDo Kim et al. [24] compared their model performance with a 

Kalman filter and observed that LSTM outperforms Kalman filter in 

predicting agent position over future horizons. A mean absolute error of 

0.77m, 0.88m, and 1.31m was noted for a horizon period of 0.5s, 1s, and 

2s.  
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2.5 Conclusions of related work  

Literature has shown evidence that using on-board sensors, advanced 

driving assistance systems are continuously being improved and developed 

to achieve better results. But as the need for cooperative driving and 

intelligent transport system is increasing over time with the development 

of autonomous vehicles, we consider the complication of predicting future 

trajectories of the vehicle using infrastructure-based sensors. Although 

literature exists for vision (camera) based techniques to model trajectories 

of vehicles at highways and intersections, not a lot of techniques address 

the complications of trajectories in a roundabout. Most studies utilize 

LiDAR as a sensor on an ego vehicle and not as an infrastructure sensor. 

In this thesis, the focus is to address the complications of modelling 

vehicles at a roundabout based on data acquired from an infrastructure-

based LiDAR sensor. Literature has also shown evidence in utilizing 

LSTM for classification and prediction of trajectories.  

2.6 Theory 

2.6.1 Long Short-Term Memory (LSTM) 

Recurrent Neural Networks is a class of artificial neural networks that, in 

principle, use their feedback connections to store values of recent input 

events in the form of activations [10]. One limitation of the recurrent neural 

network is that the dynamic evolution of the network causes the 

backpropagated error to either quickly vanish or blows up [1]. Hence 

recurrent neural network fails to learn long sequences. Long short-term 

memory networks (LSTM) are designed to overcome this gradient 

vanishing limitation. Due to this benefit, LSTM networks can store past 

events in their memory and therefore are widely used in applications 

involving time-series or time-dependent sequences such as weather 

forecast [12] and power forecast [11]. 

An LSTM unit consists of a cell that is made up of input gate (i), output 

gate (o) and forget gate (f), which can remember values over a given time 

interval. A cell candidate (g) is present that adds new information to the 

network. Figure 2 depicts the underlying layer architecture of the network. 

Eq1, Eq2 and Eq3 describe how the network weights and hidden units are 

updated.  
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The combination of the of 𝐻𝑡−1, 𝑋𝑡  and 𝑖𝑡 make up the input gate of the 

network. The combination of 𝐻𝑡−1, f and 𝐶𝑡−1 make up the forget gate and 

lastly, 𝑜𝑡 is the output of the network.   

 

Figure 2: Detailed LSTM architecture, where 'x' represents element-wise multiplication and '+' 

represents element-wise addition. Image source [28] 

The learnable weights of the system – W (input weights), R (recurrent 

weights) and b (bias) are all initialized as a column matrix, respectively, 

for each gate of the network, as shown in Eq1. 

 

 

𝑊 =  

[
 
 
 
𝑊𝑖
𝑊𝑓
𝑊𝑔
𝑊𝑜]
 
 
 
, 𝑅 =  

[
 
 
 
𝑅𝑖
𝑅𝑓
𝑅𝑔
𝑅𝑜]
 
 
 
, 𝑏 =  

[
 
 
 
𝑏𝑖
𝑏𝑓
𝑏𝑔
𝑏𝑜]
 
 
 

 Eq1 

 

Eq2 gives the cell state and hidden state at time ‘t’.  σ𝑐 represents the state 

activation function – hyperbolic tangent function (tanh) and ⊙ represents 

the Hadamard product (element-wise multiplication). 

 

 𝐶𝑡  =  𝑓𝑡⊙𝐶𝑡−1  +  𝑖𝑡⊙ 𝑔𝑡 

𝐻𝑡  =  𝑜𝑡 ⊙𝜎𝑐(𝐶𝑡) 
Eq2 

 

From Figure 2, the input gate is represented as 𝑖𝑡, the forget gate is 𝑓𝑡, the 

cell candidate is represented by 𝑔𝑡  and the output gate is 𝑜𝑡. Eq3 shows 

how the values are updated in the network at each timestep, ‘t’. 𝜎𝑔 

represents the gate activation function – the sigmoid function.  

 

 𝑖𝑡  =  𝜎𝑔(𝑊𝑖 . 𝑥𝑡  +  𝑅𝑖𝐻𝑡−1  +  𝑏𝑖) 

𝑓𝑡  =  𝜎𝑔(𝑊𝑓. 𝑥𝑡  +  𝑅𝑓𝐻𝑡−1  +  𝑏𝑓) 

𝑔𝑡  =  𝜎𝑐(𝑊𝑔. 𝑥𝑡  +  𝑅𝑔𝐻𝑡−1  +  𝑏𝑔) 

𝑜𝑡  =  𝜎𝑔(𝑊𝑜. 𝑥𝑡  +  𝑅𝑜𝐻𝑡−1  +  𝑏𝑜) 

Eq3 
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2.6.2 Bidirectional LSTM (Bi-LSTM) 

Standard LSTM network process information based on past values and 

develop temporal data without past context. A bidirectional LSTM is an 

enhancement on the LSTM architecture in which the cell unit processes 

data in the positive time (forward) direction and in the negative time 

(backward) direction using separate LSTMs respectively, thereby, granting 

the output layer access to past and future states of the network [29]. The 

hidden states generated by both LSTMs are concatenated to represent the 

information and context at a given timestep.  

Bi-LSTM has applications in speech recognition [14] and word prediction 

[13]. A Bi-LSTM potentially improves the performance of the model as it 

utilises both past and future values when learning to forecast. Figure 3 

shows the underlying layer architecture of the Bi-LSTM model.  

 

 

Figure 3: Bidirectional LSTM architecture, where the activation layer is a ‘tanh’ function. 

Image source [30] 

2.6.3 Bi-LSTM + LSTM Stacked network 

A stacked network provides deeper layers to the network. In the 

discussions section of Altche et al. [2], the authors describe experiments 

with 2 basic LSTM stacked over each other and demonstrate that the 

network does not show notable improvement in forecasting the state. For 

experimentation in this thesis, we propose stacking a Bi-LSTM with an 

LSTM layer on top.  

The first layer is the Bi-LSTM network, where the input sequence is 

temporally distributed on the hidden layers with past and future values of 

the trajectory after updating its weights. The LSTM layer stacked over it 

utilizes the past values from the hidden layer representation and further 

learns from the data. This architecture comes with a tradeoff, though that 
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being an increase in computation time with a weak benefit of marginally 

improving the performance of the model in comparison with the basic 

architectures described before. In theory, Bi-LSTM and LSTM perform 

well independently; the motivation behind developing this architecture was 

to evaluate if the architecture would have a notable improvement in 

performance.  

2.6.4 Stateless  variation vs. Stateful variation 

Training LSTM networks involve processing sequences in batches.  The 

number of iterations per epoch is defined by the ratio of the total size of 

the dataset to the batch size. The difference between the stateless variation 

and the stateful variation is how the network updates its weights and retains 

information using batches.  

In a stateless variation, the network updates its weights at each iteration 

but does not retain any prior information about the batch after the iteration. 

The network forgets the information from the previous batch and resets the 

cell to access information from the new batch. Therefore, reducing 

computation time during the training process.  

Whereas, in a stateful variation, sequences present in each batch are further 

split into shorter lengths of desired value where the network updates its 

weights after processing these short sequences but retains information until 

an entire batch is processed. The network only forgets the information 

when it processes a new batch, which increases computation time for 

training the network.  
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Chapter 3 

3 Methodology 

We experiment with an LSTM based deep learning architecture, a Bi-

LSTM based deep learning architecture, and a Bi-LSTM+LSTM stacked 

deep learning architecture to determine the behavior (Intention) of the 

agent and forecast state of the agent to compare and analyze the results of 

each of the architecture. In section 3.1, we describe the 3 different 

architecture of the model proceeded by experiments in section 3.4 and the 

performance measure in section 3.5.  

3.1 Experiment Models 

We conduct experiments on 3 different architecture of the recurrent neural 

network (RNN) based model and compare the results to determine which 

model performs the best. The number of hidden units was experimentally 

determined first by Bayesian optimization technique and then through 

experimentation by observing the performance of the network. For ease of 

network comparison, training data and the test data are the same for all the 

networks. The 3 configurations are: 

1. Single LSTM based deep learning network 

2. Single Bi-LSTM based deep learning network 

3. Bi-LSTM + LSTM based deep learning network.  

 

3.1.1 Hyperparameter selection 

Parameters such as training epochs, number of hidden units, batch size, 

sequence length and learning rate were selected using MATLAB’s 

Bayesian Optimization technique [31]. Variables that need to be tuned are 

defined with a minimum and maximum range of values and the network 

architecture with the training options are defined for the algorithm to 

evaluate various combinations of the optimizable variables. An objective 

function is defined for the algorithm to know what to minimize during the 

iterations. The algorithm maintains a Gaussian process model of the 

objective function and uses randomly generated optimizable variables 
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within the defined range to train the network at every iteration. The 

algorithm provides information about the best performing model after the 

end of the iterations and the final values for training the networks was 

evaluated by fine-tuning around the best performing values. The errors for 

the objective function is described in section 3.5 of this thesis.  

 

BayesObject = func(ObjectiveFunc, OptimizableVariables) 

ObjectiveFunc = func(network, error) 

 

The number of hidden units and the parameter values shown in Table 3, 

Table 5 and Table 7 in section 3.1.3, section 3.1.4 and section 3.1.5 of this 

thesis respectively are tuned using the above-described method.  

3.1.2 Weighted classification layer 

Due to the imbalance present in the dataset (described in section 3.2), a 

custom weighted classifier was developed where each class was initialized 

with a custom weight in the network to handle the imbalance in the dataset 

following methods explained in MATLAB deep learning documentation 

[32]. The weights were calculated using the formula as shown in Eq4 and 

Eq5.  
 

 𝑟𝐸 = 1/𝑐𝑜𝑢𝑛𝑡(𝐸) ∀  𝐸 ∈ (𝐸𝑎𝑠𝑡, 𝑁𝑜𝑟𝑡ℎ, 𝑆𝑜𝑢𝑡ℎ,𝑊𝑒𝑠𝑡)  

 

Eq4 

 𝑤𝐸 =  
4 ∗  𝑟𝐸

∑𝑟𝐸
⁄ ∀  𝐸 ∈ (𝐸𝑎𝑠𝑡, 𝑁𝑜𝑟𝑡ℎ, 𝑆𝑜𝑢𝑡ℎ,𝑊𝑒𝑠𝑡) Eq5 

 

𝑟𝐸 represents the reciprocal of the total count of each exit in the training 

dataset and 𝑤𝐸 represents the weights calculated for each exit class in the 

training dataset. 

3.1.3 Long Short-term memory (LSTM) 

Literature provides evidence that LSTM can be used to model sequences 

and time-series data. Most research uses images/videos to determine the 

behaviour of surround vehicles on highways [2, 3] and therefore use 

additional layers to extract trajectories and develop their network. For this 

thesis, a basic architecture was proposed as the objective was to model 

behaviour of individual trajectories at a roundabout.  
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Network Architecture 

A basic LSTM network was developed for the classification of exits and 

forecasting agent state. The network is depicted in Figure 4 and Figure 5, 

respectively and Table 2 shows the specific inputs to the layers. 

 

Figure 4: Basic LSTM architecture for classification of exits 

 

Figure 5: Basic LSTM architecture for forecasting agent state 

Table 2: Input parameters to specific layers of the LSTM network 

Layers Input parameters 

Classification Regression 

Sequence Input Layer Number of features - 6 Number of features – 6 

LSTM  Hidden units - 70 Hidden units - 200 

Fully Connected Layer Number of classes – 4 Number of features - 6 

Weighted Classification Layer Class weights (Eq5) - 

Training options 

The 2 networks were trained by the following parameters shown in Table 

3, which were determined using the Bayesian optimization technique and 

fine-tuned as described in section 3.1.1 above.  

Table 3: Training options for LSTM architecture 

Parameters Classification of exits Forecasting agent 

state Stateless Stateful 

Solver adam optimizer adam optimizer adam optimizer 

Max epoch 10 10 10 

Batch size 128 128 84 

Initial learn rate 0.01 0.05 0.05 

Learn rate schedule None Piecewise Piecewise 

Learn rate drop factor None 0.2 0.2 

Learn rate drop period None 5 epochs 5 epochs 

Shuffle data Once Once Every epoch 

Validation frequency Every epoch Every epoch Every epoch 

Sequence length Full 30 timesteps Full 
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3.1.4 Bi-Directional LSTM Network (Bi-LSTM) 

Literature has shown evidence that Bi-LSTM can be used for modeling 

sequences, especially for classification of sequences in multiclass 

problems. The network proposed for this experiment is identical to the 

network proposed by Zhu et al. [27]. The proposed architecture is the basic 

architecture of the Bi-LSTM network.  

Network Architecture 

A basic Bi-LSTM was developed for the classification of exits and 

forecasting agent state. The architecture is depicted in Figure 6 and Figure 

7 and Table 4 show the specific input parameters for the layers. 
 

 

Figure 6: Bi-LSTM architecture for classification of exits 

 

Figure 7: Bi-LSTM architecture for forecasting agent state 

Table 4: input parameters for specific layers of the Bi-LSTM network 

Layers Input parameters 

Classification Regression 

Sequence Input Layer Number of features - 6 Number of features – 6 

Bi-LSTM  Hidden units - 80 Hidden units - 200 

Fully Connected Layer Number of classes – 4 Number of features - 6 

Weighted Classification Layer Class weights (Eq5) - 

 

Training options 

The 2 networks were trained by the following parameters as shown in 

Table 5, which were determined using the Bayesian optimization technique 

and fine-tuned as described in section 3.1.1 above.  
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Table 5: Training options for Bi-LSTM architecture 

Parameters Classification of exits Forecasting agent 

state Stateless Stateful 

Solver adam optimizer adam optimizer adam optimizer 

Max epoch 10 10 10 

Batch size 128 128 84 

Initial learn rate 0.01 0.05 0.05 

Learn rate schedule None Piecewise Piecewise 

Learn rate drop factor None 0.2 0.2 

Learn rate drop period None 5 epochs 5 epochs 

Shuffle data Once Once Every epoch 

Validation frequency Every epoch Every epoch Every epoch 

Sequence length Full 30 Full 

3.1.5 Bi-LSTM + LSTM stacked network 

The architecture was developed independently by referring to the 

MATLAB documentation on LSTM [33].  

Network Architecture 

A stacked Bi-LSTM + LSTM network has the following architecture as 

shown in Figure 8 and Figure 9 and Table 6 show the specific input 

parameters for the layers. 

 

 

Figure 8: Stacked Bi-LSTM + LSTM architecture for classification of exits 

 

Figure 9: Stacked Bi-LSTM + LSTM architecture for forecasting agent state 
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Table 6: Input parameters for specific layers of the Bi-LSTM + LSTM network 

Layers Input parameters 

Classification Regression 

Sequence Input Layer Number of features - 6 Number of features – 6 

Bi-LSTM  Hidden units - 80 Hidden units - 200 

Dropout Layer Probability – 0.2 Probability – 0.2 

LSTM  Hidden units - 70 Hidden units - 200 

Fully Connected Layer Number of classes – 4 Number of features - 4 

Weighted Classification Layer Class weights (Eq5) - 

 

Training options 

The 2 networks were trained by the following parameters as shown in 

Table 7, which were determined using the Bayesian optimization technique 

and fine-tuned as described in section 3.1.1 above.  

Table 7: Training options for stacked architecture 

Parameters Classification of exits Forecasting agent 

state Stateless Stateful 

Solver adam optimizer adam optimizer adam optimizer 

Dropout factor 0.2 0.2 0.2 

Max epoch 10 10 10 

Batch size 128 128 84 

Initial learn rate 0.01 0.05 0.05 

Learn rate schedule None Piecewise Piecewise 

Learn rate drop factor None 0.2 0.2 

Learn rate drop period None 5 epochs 5 epochs 

Shuffle data Once Once Every epoch 

Validation frequency Every epoch Every epoch Every epoch 

Sequence length Full 30 Full 
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3.2 The dataset  

 

Figure 10: The raw scan data points obtained during one scan from the Velodyne LiDAR place at the 

center of the roundabout 

In this thesis, we use a dataset collected from an infrastructure sensor [4]. 

The dataset is a collection of naturalistic driving point clouds obtained 

using Velodyne LiDAR placed at the center of a roundabout; this is shown 

in Figure 10. 

The vehicle frame is determined after clustering points of interest, as 

shown in Figure 11. The centroid of the vehicle is determined using the 

clustered data points. Vehicle trajectories are extracted by tracking the 

clustered data points at each scan.   

 

 

Figure 11: Clustered scans from scan 1 of the dataset, image represents 6 vehicles tracked 

during the scan driving around the roundabout.  

For this research, the dataset obtained is 10 Robot Operating System (ROS) 

bag files, each consisting of approximately 6000 scans of clustered data 

points around the roundabout. Each scan is at a frequency of 10Hz (ten 

360° scan per second), which is about 100 minutes or 1 hour 40 minutes of 

driving data and the corresponding trajectory of each vehicle is extracted.  

Figure 12 depicts all the trajectories extracted (221) that were present in 

the Bag1 of the dataset.  
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The trajectories provide vital information such as: 

→ X coordinate of the centroid of agents present in the roundabout, 𝑥𝑡 

→ Y coordinate of the centroid of agents present in the roundabout, 𝑦𝑡  

→ Distance covered by each agent at every timestep, 𝛥𝑑𝑡 

→ The corresponding ID of the agent in the scan bag, ID 

→ Scan bag from which the centroids are extracted, ScanID 

 

 𝑇𝑟𝑎𝑗𝑒𝑐𝑡𝑜𝑟𝑦𝑁𝑡  
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗  =  [𝑥𝑡 , 𝑦𝑡 , 𝛥𝑑𝑡, 𝐼𝐷, 𝑆𝑐𝑎𝑛𝐼𝐷] Eq6 

 

For this thesis, we are interested in utilizing 𝑥𝑡 , 𝑦𝑡  and 𝛥𝑑𝑡  of the 

trajectories. The feature extraction is described further in this chapter.  

 

Figure 12: 221 trajectories extracted from the scans in Bag 1 only.  

3.2.1 Data Preprocessing  

A total of 4856 trajectories were available from the acquired dataset.   

• Labelling Entry and Exit: The trajectories were labelled semi-

manually by defining a window of coordinates for each entry and 

exit.  

• Removing unwanted trajectories: After labelling the data, it was 

observed that some trajectories were partially observed. Such 

trajectories were discarded from the dataset as they were partially 

complete and could not be used for training. Additionally, there were 
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a few trajectories that had the same entry and exit labels, and these 

trajectories were removed from the dataset as training on such rare 

occurrences is not followed in practice.  

• Final dataset: After doing the following steps, a total of 2426 

trajectories were extracted from the dataset used to develop the 

network. Figure 13 shows a few examples of the trajectories with 

their corresponding exit labels.  

 

 

Figure 13: Trajectories with Exit labels, 1 trajectory for each exit shown 

 

 

Figure 14: Vehicle trajectory for all Entry-Exit pair. 

Figure 14 is a representation of the entry and the corresponding exit of the 

vehicles in the roundabout. It is seen that the most common pair is the 

traffic flowing from North to East followed by East going West and West 
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going East. The least count is the flow from North to West and West to 

North. Table 8 elaborates on the flow from each entry in the roundabout.  

Table 8: Distribution of traffic flow based on the relative nearest exit 

Entry 1st Exit 2nd Exit 3rd Exit 

North W – 20  S – 175 E – 571 

East N – 269  W – 374 S – 142  

West S – 74 E – 336 N – 21 

South E – 259 N – 122 W – 63 

3.3 Features 

In this research, we use features which are easily measured using sensors 

such as a LiDAR. We construct different sets of feature vectors to 

determine the accuracy of our architecture. The features extracted are: 

• Agent position ‘P’ are extracted from the trajectories, 

 

 𝑃𝑡  =  (𝑥𝑡 , 𝑦𝑡) Eq7 

 

• The distance covered during each timestep is calculated using  

 

 
𝛥𝑑𝑡  = √𝛥𝑥𝑡

2 + 𝛥𝑦𝑡
2 

Eq8 

 

• The velocity is determined using  

 

 
𝑣𝑡 = 

𝑑(𝛥𝑑𝑡)

𝑑𝑡
 

Eq9 

 

• Similarly, Acceleration of the agent is determined using  

 

 
𝑎𝑡  =  

𝑑(𝑣𝑡)

𝑑𝑡
 

Eq10 

 

• Heading angle ‘θ’ is calculated by vector calculation as shown in 

Figure 15 

 

 𝜃𝑡  =  𝑡𝑎𝑛
−1
𝑦𝑡
𝑥𝑡
` Eq11 
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Figure 15: Heading angle is calculated from the origin, the point from which the data was 

acquired by placing the LiDAR.  

These features are standardised before using them to train the network to 

have better activation functions. The choice of these features is based on 

the perception of an experienced human driver. Humans infer position, 

speed and direction of other agents in the environment by observation and 

estimation. The feature vector (Eq12) is constructed using Eq7, Eq8, Eq9, 

Eq10 and Eq11. 

 

 𝑋𝑡  ⃗⃗⃗⃗  ⃗  =  [𝑥𝑡, 𝑦𝑡 , 𝛥𝑑𝑡 𝑣𝑡, 𝑎𝑡, 𝜃𝑡] 
 

Eq12 

The trajectory matrix can be represented as  

 𝑿𝑵  =  {𝑋𝑡  ⃗⃗⃗⃗  ⃗, 𝑋𝑡+1 ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗, 𝑋𝑡+2 ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗, . . . . . . . . , 𝑋𝑡𝑛−1   
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  , 𝑋𝑡𝑛   

⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  } 

 

Eq13 

3.4 Experiments 

The networks are trained using MATLAB R2018b environment. The first 

step is to reshape the data to match the input sequence dimensions required 

for the input node of the network. The training variables are generated from 

the feature vector (Eq12) obtained from the trajectory matrix (Eq13).  

LSTM networks and their variations are highly capable of learning the 

transition of a sequence and can make predictions are every time-step of 

the sequence where the class with the highest confidence or the state with 

the least likelihood is considered as the prediction.  
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3.4.1 Classification of Exits 

Agent trajectory (Eq13) are labelled with their corresponding exit labels 

and are fed into the deep learning network to determine the parameters for 

classifying the sequence exits at every timestep.  

 for i = 1 to length(dataset) do 

reset network 

for n = 1 to length(trajectory) do 

𝑿(𝒊)1:𝑛
𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑦 
→      𝐸𝑛 

𝐸𝑛 ∈ (𝐸𝑎𝑠𝑡, 𝑁𝑜𝑟𝑡ℎ, 𝑆𝑜𝑢𝑡ℎ,𝑊𝑒𝑠𝑡) 

Eq14 

 

70% of the trajectories from the dataset are utilized for training the model 

and 15% of the trajectories are used for validation of the network. The 

remaining 15% is used as a test set to determine the performance of the 

network. After splitting into training, validation and test set the network is 

trained as per the training options described in the section above.  

Test trajectories are classified using the technique shown in Eq14 and for 

each test trajectory, the network is reset to the trained weights. At every 

time step of the test trajectory, the network makes exit forecasts and 

updates its state based on observed values of the test trajectory.  

Complete sequences were given as input in a batch size of 128 as described 

in the section above to train the stateless variation. 

For stateful classification, the input sequences were split into smaller 

sequences with a batch size of 128. Figure 16 shows how one sequence is 

split into equal parts of 30 timesteps.  

 

 

Figure 16:The above is a plot of 1 sequence, each color represents the sequence being split with a value 

of 30 timesteps and fed into the classifier network for training. 
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3.4.2 Forecast agent State 

Agent trajectories are provided to the LSTM network as input sequences 

to learn. Each sequence (Eq13) is turned into supervised learning by 

splitting the data as shown in Eq15 and Eq16. 

 

 Input = { 𝑋𝑡⃗⃗⃗⃗  ⃗;  𝑋𝑡+1⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗;   𝑋𝑡+2⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗; . . .   𝑋𝑡𝑛−1
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗} 

 

Eq15 

 

 output = { 𝑋𝑡+1⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗;  𝑋𝑡+2⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗;  𝑋𝑡+2⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗;   . . . .  𝑋𝑡𝑛
⃗⃗ ⃗⃗ ⃗⃗  ⃗ } 

 

Eq16 

The network receives the agent state from the previous time steps as the 

input parameter and the state from the current time step as the output 

parameter. The trajectories are isometrically normalized with the 

respective mean and standard deviation of each trajectory and the model 

learns the transition occurred at every timestep and estimates the behavior 

of the system, thereby forecasting for future timesteps. 

The network are trained using training options described in the section 

above and the dataset is split with 70% of trajectories for training, 15% of 

the trajectories is utilized for model validation and the remaining 15% is 

used to test the forecast accuracy of the model. Predictions are made using 

a recursive multi-step forecasting strategy shown in Eq17, where for each 

test trajectory, the network is reset to the trained weights and for every 

timestep of the test trajectory the network forecasts using forecasts made 

in the previous timestep. For the first timestep we utilise the first observed 

value from the test trajectory.  

 

 for i = 1 to length(dataset) do 

reset network 

 𝑋(𝑖)𝑡1
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗

𝑝𝑟𝑒𝑑𝑖𝑐𝑡
→       𝑋(𝑖)̂𝑡2

⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ 

for n = 2 to length(trajectory) -1 do 

   𝑋(𝑖)̂𝑡𝑛
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗  

𝑝𝑟𝑒𝑑𝑖𝑐𝑡
→      𝑋(𝑖)̂𝑡𝑛+1

⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ 

Eq17 
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3.5 Performance Measure 

3.5.1 Classification of Exits 

Once the model is trained and ready for testing, the test sequences are fed 

into the network 1 timestep at a time. The network classifies at each step 

which exit the vehicle is going to take. The model is evaluated in terms of 

how early the correct exit was constantly predicted until the vehicle reaches 

the ground truth exit. Once the model completes its predictions the 

predicted classes are backtracked, and the number of time steps correct exit 

was predicted is accumulated and the accuracy of the classifier is defined 

by Eq18.  

The complete evaluation of the classifier is tabulated in terms of how early 

the classifier accurately predicted the right exit in terms of time (s) and 

distance (m) the larger the value the better.  

 

 𝑎𝑐𝑐 =  (
𝑛𝑜. 𝑜𝑓 𝑟𝑖𝑔ℎ𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 𝑓𝑟𝑜𝑚 𝑙𝑎𝑠𝑡 𝑡𝑖𝑚𝑒𝑠𝑡𝑒𝑝 

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑖𝑚𝑒𝑠𝑡𝑒𝑝𝑠
) Eq18 

 

Additionally, total number of right predictions throughout the sequence 

length also provides a measure of the performance of the classifier given 

by Eq19.  

 

 𝑎𝑐𝑐2 =  (
𝑡𝑜𝑡𝑎𝑙 𝑛𝑜. 𝑜𝑓 𝑟𝑖𝑔ℎ𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠  

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑖𝑚𝑒𝑠𝑡𝑒𝑝𝑠
) Eq19 

3.5.2 Forecast agent State 

From Eq15 and Eq16 we train the model in a supervised technique and 

once the model is trained and ready to be tested, only the first timestep of 

the test trajectory is fed into the network. Predictions are made using Eq17 

and the predictions are compared with the ground truth and the error is 

determined by using Eq20.  

 

 
𝐸𝑟𝑟𝑜𝑟 =  √�̂�𝑁𝑡+𝑘

2
 −   𝑋𝑁𝑡+𝑘

22

 
Eq20 

 

The absolute error (Euclidean distance) between the observed position and 

the predicted position is calculated at every timestep and the mean absolute 

error determines the performance of the forecasting model. 
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Chapter 4 

4 Results 

4.1 Classification of Exits  

The models were evaluated and tuned using Bayesian Optimization and 

then evaluated on the same training, validation and testing data. The results 

of all the model is generated by predicting the exit at each timestep and the 

values are tabulated in 

Table 9.  

The test data had a total count of 101 trajectories opting 1st exit, 145 opting 

the 2nd exit and 117 going to the 3rd exit.  
Table 9: Classification Results 

Model Mean time since 

accurate 

prediction (s)* 
*larger the better 

Mean distance 

since accurate 

prediction (m)* 

*larger the better 

Mean accuracy 

(Eq18) 

(%) 

Stateless Variation 

Single LSTM 3.82 25.8 41.80 

Single Bi-LSTM 4.68 31.07 50.55 

Bi-LSTM + 

LSTM 

3.65 24.59 44.23 

Stateful Variation 

Single LSTM 3.12 20.47 25.31 

Single Bi-LSTM 2.66 17.75 22.35 

Bi-LSTM + 

LSTM 

4.37 28.86 40.49 

 

 

Figure 17: frequency of timesteps accumulated using number of accurate predictions from 

last timestep of each trajectory. On the left results of stateless variation; on the right results of 

the stateful variation 
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Figure 18: frequency of total distance (Δd) accumulated using number of accurate predictions 

from last timestep of each trajectory. On the left results of stateless variation; on the right 

results of the stateful variation 

Figure 17 and Figure 18 shows the performance of the stateless (left) and 

the stateful (right) variations of the network. Although some sequences 

were classified sooner in the stateful variation the overall performance of 

the stateful variation is poor which is observable. In the stateless variation 

the LSTM and stacked Bi-LSTM + LSTM have a minimum of at least 3 

timesteps before the actual exit where the network predicts the ground truth 

exit but the Bi-LSTM fails to predict the actual exit in some instances 

which can be seen in the plots shown in the Figure 17 and Figure 18 above. 

The plot consists of 69 trajectories which produced 0% accuracy for the 

Bi-LSTM network all 69 trajectories were heading to the west exit from 

east entry, on inspection the Bi-LSTM classifier classified the correct exit 

with a low confidence of values between 0.51 – 0.60 until the last few 

timesteps (near cross when the confidence tilted to the south exit with 

values between 0.5 – 0.6 although the trajectory had reached the ground 

truth (west) exit. When the entire trajectory was fed into the network, the 

classifier had a high accuracy in determining the west exit, A possible 

reason for this behaviour could be that the network noticed an extremely 

similar behaviour at the intersection of the west exit and path towards the 

south exit during stepwise classification.  

In comparison the stateful variation has less frequency of larger timesteps 

and distances which implies the network converges to the ground truth exit 

slower than the stateless variation.  

 



 Chapter 4. Results 

 

 

31 

 

31 

 

Figure 19: Confusion matrix of the stateless LSTM model the values to the right of each 

matrix is the true positive rate and false positive rate of the network.  

 

Figure 20: Confusion matrix of the stateful LSTM model the values to the right of each matrix 

is the true positive rate and false positive rate of the network. 

In Figure 19 and Figure 20 the confusion matrix for the stateless and 

stateful LSTM classifier of trajectories entering from each direction is 

presented respectively. This matrix is plotted based on classification made 

at every timestep of the trajectory. We observe than the LSTM network 

can learn short sequences accurately as the prediction accuracy for 1st exit 

is quite high except for vehicle entering from the east. This inaccuracy is 

because of slight variance in confidence which leads to bad classification. 

The performance of the stateless variation(Figure 19) is like that of the 

stateful variation (Figure 20) in terms of the true positive rate and the false 

positive rate but in the stateful variation the network makes fewer 

classification predicting the entry label as the exit.  
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Figure 21: Confusion Matrix for stateless Bi-LSTM network the values to the right of each 

matrix is the true positive rate and false positive rate of the network.  

 

 

Figure 22: Confusion Matrix for stateful Bi-LSTM network the values to the right of each 

matrix is the true positive rate and false positive rate of the network.  

Figure 21 and Figure 22, the confusion matrix for the stateful and stateless 

Bi-LSTM classifier of trajectories entering from each direction is presented 

respectively. This matrix is plotted based on classification made at every 

timestep of the trajectory. In the stateless variation the network overcomes 

the problems faced by the LSTM network and has a much better accuracy 

in predicting the sequences although it is observed that the network still 

misclassifies ‘west’ exit and provides more weightage to other classes. In 

comparison, the stateful variation does not learn classify ‘north’ exit 

accurately for vehicle entering from east (1st exit) and west direction (3rd 

exit).  
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Figure 23: Confusion matrix for the stateless Bi-LSTM + LSTM network the values to the right 

of each matrix is the true positive rate and false positive rate of the network.  

 

Figure 24: Confusion matrix for the stateful Bi-LSTM + LSTM network the values to the right 

of each matrix is the true positive rate and false positive rate of the network. 

In Figure 23 and Figure 24, the confusion matrix for the stateless and 

stateful Bi-LSTM + LSTM classifier of trajectories entering from each 

direction is presented respectively. This matrix is plotted based on 

classification made at every timestep of the trajectory. In the stateless 

variation the performance of this network is comparatively poor with 

respect to single Bi-LSTM network but has a similar accuracy to that of 

the LSTM network. In comparison, the stateful variation has a better 

performance when compared with the stateful Bi-LSTM and LSTM 

networks. But it is observed that the network fails to learn shorter 

sequences as the network fails to classify the 1st exit – north and west when 

the vehicle is entering from east and north respectively. 
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4.2 Forecast agent State 

All the networks were optimized using Bayesian optimization technique 

and the results achieve by each network is describe hereafter. The first 

prediction was made on observed value of the test trajectories and the 

following predictions were made recursively as described in Eq17. Table 

10 shows the results obtained by the proposed models. 

Table 10: Error (m) in prediction of each model using recursive prediction up to 5 seconds 

(lesser the better) 

Horizon 

(s)→ 

1 2 3 4 5 Mean 

LSTM 1.71m 3.00m 4.26m 4.74m 5.41m 3.82m 

Bi-LSTM 1.89m 3.48m 5.06m 6.84m 7.8m 5.01m 

Bi-LSTM + 

LSTM 

1.98m 3.51m 5.12m 6.86m 7.9m 5.02m 

 

The following figures are the graphical representation of the errors 

generated by the network when forecasting agent state.  

 

 

Figure 25: Error propagation after recursive prediction on LSTM network 

Figure 25 is a representation of the error propagated by the LSTM network 

in forecasting agent state in a prediction horizon of 1-5 seconds. The 

network had a mean median value of 3.31m, mean 25th percentile value of 

1.87m and mean 75th percentile of 5.67m.  
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Figure 26: Error propagation after recursive prediction on Bi-LSTM network 

Figure 26 is a representation of the error propagated by the Bi-LSTM 

network in forecasting agent state in a prediction horizon of 1-5 seconds. 

The network had a mean median value of 5.53m, a mean 25th percentile 

value of 2.30m and a mean 75th percentile of 7.47m. 

 

 

Figure 27: Error propagation after recursive prediction on stacked Bi-LSTM + LSTM network 

Figure 27 is a representation of the error propagated by the Bi-LSTM + 

LSTM network in forecasting agent state in a prediction horizon of 1-5 

seconds. The network had similar performance compared to Bi-LSTM 

network and had a mean median value of 5.54m, a mean 25th percentile 

value of 2.30m and a mean 75th percentile of 7.47m.  
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Figure 28: Plot representing median error (-o-), 25th percentile (-.-.) and 75th percentile (---) of 

all models for a prediction horizon of 1- 5s. 

Figure 28 is the uncertainty plot of the all the proposed model after 

forecasting agent state over the prediction horizon between 1s to 5s. The 

LSTM network has a mean absolute error of 2.73m over the prediction 

horizon. Bi-LSTM network has a mean absolute error if 3.32m over the 

prediction horizon. Bi-LSTM + LSTM network has a mean absolute error 

of 3.34m. over the prediction horizon. As we notice the uncertainty 

increases over timesteps as the predictions are made recursively and the 

therefore the error gets propagated at each time step. 
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Chapter 5 

5 Discussions 

5.1 Classification of Exits 

LSTM networks are generally good at learning from sequences of varying 

lengths.  

We observe in this thesis that stateless Bi-LSTM network perform well in 

classifying sequences at every timestep as the sequence classification is 

dependent on both past values as well as future values and Figure 19, 

Figure 21 and Figure 23 show that as the network learns and classifies 

accurately for sequences of short length (vehicle opting 1st exit) and have 

relatively low accuracy on sequences of higher length (2nd exit or 3rd exit). 

This is because the network learns how the vehicle is moving from every 

entry and for a few timesteps in the beginning predict with high confidence 

that the vehicle is opting the first exit, but as the vehicle moves forward the 

network has a better classification rate and starts to correct its predictions. 

Moreover, we see that a Bi-LSTM network performs better than a LSTM 

and a stacked Bi-LSTM + LSTM network as the network has 2 hidden 

layers one in forward direction and one in backward direction. This 

provides the network with future values of the sequences and therefore can 

make corrections to its weights to perform better than a LSTM network.  

 

In comparison the stateful stacked Bi-LSTM + LSTM network perform the 

best in classifying sequences at every timestep as the Bi-LSTM network 

generates temporal values of the trajectories utilizing the past and future 

values and the LSTM network learns from these temporal values and 

adjusts its weights accordingly. Figure 20, Figure 22 and Figure 24 show 

that as the network learns and classifies accurately for sequences of long 

length (vehicle opting 2nd or 3rd exit) and have relatively low accuracy for 

sequences of shorter length (vehicle opting 1st exit). This is observed 

because the during the training process, the sequences were split into 

shorter sequences of length 30 and therefore the network had a better 

convergence at classifying longer sequences.  

 

Additionally, in the stateless variation we see that sometimes the network 

predicts that the exit label is the same as the entry label because when the 
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vehicle trajectory has passed the first exit the behaviour could be like that 

of a vehicle entering from the first exit. This anomaly of the network was 

overcome by the stateful variation of the classifier as it is observed that the 

network had a reduced percentage in predicting the entry as the exit label.  

 

To conclude, the stateless Bi-LSTM network has a better performance in 

comparison with the stateful stacked Bi-LSTM+LSTM network as the 

network learns from entire sequences in a training batch and thus can infer 

more contextual information about how the sequences propagate over time. 

Stateful stacked Bi-LSTM+LSTM network on the other hand learnt from 

short sequences and had less contextual information about the entire 

sequences and therefore had a lesser number of accurate predictions from 

the last timestep of each trajectory sequence when compared to stateless 

Bi-LSTM.  

5.2 Prediction of state 

The prediction of state in this thesis is done by training a set of sequences 

on the network and make predictions from the first timestep of the test 

trajectories. As expected, the absolute error (Euclidean Distance) keeps 

increasing at every timestep regardless of the model used and the least 

mean error was observed in the LSTM network among the proposed 

network. Lastly, the results are comparable with literature. 

LSTM perform better for state prediction when compared to Bi-LSTM 

network as the vehicle state is dependent only on the past values as vehicle 

trajectory is causal in nature. It is also observed that the Bi-LSTM network 

and the Bi-LSTM+ LSTM network have similar results. 

5.3 Additional features 

Classification of exits could be improved by introducing entry labels are a 

feature to the network. This could improve the accuracy of the system as 

the network would now be aware where a vehicle is entering from and 

thereby not predict the entry as an exit which reduces the classification 

accuracy of the network.  

For forecasting the agent state vehicle length is a feature to considered as 

the vehicle dynamics is dependent on the length of the vehicle. The results 

could be improved with this feature as the network could understand the 

actual dynamics of the system more accurately leading to lesser errors in 

predicting the state of the vehicle.  
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5.4 Comparisons of Results 

The results attained in this thesis for the classification of the exits is 

compared with results from literature in Table 11 and Table 12. 

Table 11: Result Comparison table for classification of exit measured in distance (larger the 

better) 

Model Exit1 Exit2 Exit3 Average 

 Using infrastructure sensor - stateless variation 

Proposed 

LSTM 

26.18m 26.67m 24.57m 25.80m 

Proposed Bi-

LSTM 

31.60m 24.16m 39.04m 31.60m 

Proposed Bi-

LSTM + LSTM 

30.58m 24.20m  19.89m 24.89m 

Using infrastructure sensor - stateful variation 

Proposed 

LSTM 

4.27m 24.28 m 29.73m 19.43m 

Proposed Bi-

LSTM 

5.17m 20.97m 24.63m 16.92m 

Proposed Bi-

LSTM + LSTM 

18.16m 27.6m  39.65m 28.47m 

Using infrastructure sensors 

Muhammad et 

al [7, 8] 

4.65m 21.45m 15m 13.7m 

Using on-board sensors 

Zhao et al [5] 13m 11.4m 14.1m 12m 

 

In Table 11 we observe that the LSTM network can predict the exit of the 

vehicle much sooner than that the proposed SVM classifier method 

proposed by Zhao et al [5] and the particle filter method proposed by 

Muhammad et al [7, 8]. As discussed in section 2.6 of this thesis LSTM 

are known to perform better on long sequences and this result validates the 

fact.  

In Table 12 the result achieved in this thesis is compared with the literature 

and it is observed that stateless variation of the Bi-LSTM network and the 

stateful variation of the stacked Bi-LSTM + LSTM network performed 

better on average when compared to geometric model and data-driven 

model proposed by Muhammad et al [7, 8]. But the model using set of 

reference trajectories outperform the Bi-LSTM network when it comes to 

predicting the 2nd and 3rd exit taken by the vehicles. This is because the Bi-

LSTM network frequently predicts the 1st exit for a few timestep initially 

which causes the network to converge slowly to the ground truth exit.  
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Table 12: Result comparison table for classification of exit measured in time (larger the better) 

Model Exit1 Exit2 Exit3 Average 

Stateless variation 

Proposed LSTM 4.13s 3.99s 3.33s 3.81s 

Proposed Bi-

LSTM 

5.10s 3.65s 5.60s 4.78s 

Proposed Bi-

LSTM + LSTM 

4.87s 3.59s  2.66s 3.70s 

Stateful variation 

Proposed LSTM 0.69s 3.76s 4.41s 2.95s 

Proposed Bi-

LSTM 

0.86s 3.15s 3.61s 2.54s 

Proposed Bi-

LSTM + LSTM 

2.98s 4.27s  5.71s 4.32s 

Using infrastructure sensors 

Muhammad et al 

[7, 8] Geometric 

model 

2.13s 3.26s 6.62s 3.00s 

Muhammad et al 

[7, 8] Data-driven 

2.50s 4.43s 4.19s 3.70s 

Muhammad et al 

[7, 8] set ref. of 

Trajectories 

2.43s 6.02s 9.45s 5.96s 
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Table 13: comparison of state prediction error (smaller the better)  

Horizon→ 

Model 

1s 2s 3s 4s 5s 

Roundabout trajectory prediction 

Proposed LSTM 1.71m 3.00m 4.26m 4.74m 5.41m 

Proposed Bi-LSTM 1.89m 3.48m 5.06m 6.84m 7.8m 

Proposed Bi-LSTM + 

LSTM 

1.98m 3.51m 5.12m 6.86m 7.9m 

Muhammad et al [7, 8] – 

Geometric Model 

1.52m 2.62m 4.16m - - 

Muhammad et al [7, 8] – 

Data driven 

1.54m 2.65m 4.21m - - 

Muhammad et al [7, 8] – 

Set of ref. trajectory 

1.14m 1.99m 3.11m - - 

Non-roundabout trajectory prediction 

Nachiket et al [6] – 

Hidden Markov Model 

0.25m 0.72m 1.25m 1.78m 2.36m 

ByeoungDo et al [24] 0.88m 1.31m - - - 

 

 

In table 7 the mean absolute error of prediction of state is tabulated and it 

is noticed that the Hidden Markov model proposed by Nachiket et al [6] 

has a much better performance although the LSTM network  performs 

equally good when compared with Muhammad et al [7, 8] in predicting the 

state of the vehicle at a roundabout.  
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6 Conclusions 

In this thesis we discuss 3 configurations of recurrent neural networks  

i. The LSTM network 

ii. The Bi-LSTM network 

iii. The stacked Bi-LSTM + LSTM network 

Used for classification of exits and forecast agent state at a roundabout. 

The results generated by each configuration is compared with the each 

other as well as with literature to evaluate the performance of the proposed.  

For classification of exits, the network was trained with 2 techniques, the 

stateless variation and the stateful variation. The results achieved from both 

these variations were tabulated and compared with other modelling 

techniques for vehicle in a roundabout.  

The behaviour of the vehicle can be defined as the intention of the vehicle 

which means determining which exit the vehicle is going to opt. The 

performance of the classifier model is determined by how soon the model 

classifies the right exit and converges to the ground truth in terms of time 

(seconds) and distance from the predicted exit (meters).  

The classifier model had comparable results with literature and performed 

better than support vector machines [5] and particle filters [7] in terms of 

distance. In terms of time, the classifier model performs better than 

geometric model [8] and the data driven model [8] but the model using set 

of reference trajectories [8] had a better result than the proposed.   

Similarly, the state prediction was the model’s ability to forecast the future 

state of the vehicle and the performance is evaluated using the absolute 

error between the predict and the ground truth. In comparison with 

geometric model [8], data driven model [8] the proposed have achieved 

similar results of forecasting state of the vehicle at a roundabout. But the 

model using set of reference trajectories [8] outperforms the proposed. 

Although, in general, Hidden Markov Model [6] have produced the best 

mean absolute error in forecasting the state of a vehicle.   

The models proposed in this thesis have shown improvement modelling 

behaviour at a roundabout and have achieved results comparable with prior 

literature.
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