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Abstract
To ensure the safety of the road system, an autonomous vehicle should have
a good understanding of its surrounding environment. This thesis designs a
framework for trajectory prediction of surrounding vehicles on a highway road
system based on their historical information such as past positions, velocities
and their neighbouring vehicles. The framework consists of a long short-term
memory (LSTM) networks with a encoder-decoder structure that handles this
sequence-to-sequence prediction problem. In order to account for uncertainty,
confidence values are assigned to different maneuvers based on a maneuver
classification network, so the final output of the framework is several possible future trajectories with particular probabilities. The experiments using
NGSIM Us-101 and I-80 datasets show that this framework outperforms a simply stacked LSTM-dense network. Besides, the suitable input features for the
framework are also analyzed in this thesis.
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Sammanfattning
För att säkerställa hög säkerhet i vägnätverket, ska ett autonomt fordon ha
en god förståelse för sin omgivande miljö samt kunna resonera om hur den
kommer utvecklas med tiden. Detta arbete innefattar ett ramverk för rörelsemönsterprediktion för omgivande fordon i ett motorvägssystem baserat på
deras historik, såsom tidigare positioner, hastigheter och närliggande fordon.
Ramverket består av ett lång- och korttidsminnesbaserat neuralt nätverk (Long
Short Term Memory, LSTM) med en kodar- och avkodarstruktur som hanterar
detta sekvens-till-sekvens-prediktionsproblem. För att ta hänsyn till osäkerhet
associeras osäkerhetsvärden till de olika predikterade rörelsemönstren baserat på ett manöver-klassificeringsnätverk, så att ramverkets slutliga utdata är
flera möjliga framtida banor med associerade sannolikheter. Experimenten är
baserade på data från NGSIM US-101 och I-80 och resultaten visar att detta
ramverk överträffar ett enkelt staplat LSTM nätverk. Utöver detta analyseras
även indatat till nätverket för att utvärdera de olika insignalernas påverkan på
prediktionernas prestanda.
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Chapter 1
Introduction
At present, the field of autonomous driving is gaining unprecedented development and could radically transform our future transportation system. Autonomous vehicles aim to liberate human drivers on the road while ensuring
greater transportation efficiency and safety. The Society of Automotive Engineers International specifies 6 levels of automation: Level 0 - no driving
automation. Level 1 - driver assistance. Level 2 - partial driving automation.
Level 3 - conditional driving automation. Level 4 - high driving automation.
Level 5 - full driving automation. Levels 0-2 rely mostly on a human driver
and the automation system may provide warnings or support or execute vehicle
motion control longitudinally and/or laterally. At level 3, the system is able to
manage all driving tasks and ask for human intervenes only when necessary.
Level 4 is considered fully autonomous in the operational design domain and
may delay user-requested disengagement. Level 5, however, refers to a real
fully autonomous where the system does everything as a human driver in any
driving scenario. For further details about the SAE levels, see [1].
As the autonomous driving technology continues to evolve to the final
level, people’s expectations of it are getting higher. It is expected that such
technology will lead to both higher transportation efficiency and safety than
before. According to some surveys around the world [2] [3], the majority
of people show high expectations of the benefits of the autonomous driving
technology and expressed a willingness to have different levels of automation
in their vehicles. However, people’s trust in fully automated driving systems
needs to be improved. Many of the respondents in the surveys concern about
the security issues, and about how the self-driving vehicles interact with other
self-driving or non-self-driving vehicles and pedestrians.
To meet the requirements from both social and technical aspects, situation
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awareness plays a role of understanding a vehicle’s own driving states and
its surrounding objects, and predicting future states of the whole environment
based on the current understanding. When having an accurate and comprehensive understanding of the environment around an autonomous vehicle, it will
help to ensure the safety and rationality of decision making of the autonomous
vehicles. More details and examples about situation awareness can be found
in [4].

1.1

Research Problem

As a step towards achieving situation awareness, the purpose of this thesis is
to design a framework for predicting the future trajectories 1 of the surrounding vehicles based on their available past information. Specifically, the final
output of the framework is the possible positions of each surrounding vehicles
in a certain future time interval. This framework should be allowed to do prediction on open source data (e.g., Next Generation Simulation (NGSIM) [5]
[6]) and can be applied to any surrounding vehicle that needs to be predicted.
The input of the framework can be fused data from sensors on the ego vehicle. However, it is important to select the relevant features from the sensor
fusion data that contain information correlated to the other road user’s future
behavior. Possible useful features for future trajectories including but not restricted to:
• past position series of the target vehicle
• velocity, heading alternations of the target vehicle
• existence of the target vehicle’s neighbouring road users
• relative position between the target vehicle and its neighbouring road
users
• relative position between the target vehicle and the road/lane center line
Therefore, one objective of this thesis is to investigate how the prediction
can be done with different configurations of the feature extractions and how
their availability affects the prediction performance.
1

Here the word trajectory refers to a series of vehicle position coordinate over time, some
articles may use behavior to represent such series.
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Either in a public dataset or in a real-time data collection, maneuvers 2 except from following a lane are rare. This results in most prediction algorithms
using such data (data having lane following as the most common maneuver)
tending to predict the target vehicle going straight in the current lane but not
make timely predictions when the vehicle changes maneuver (e.g., when a
vehicle changes its lane on a highway). Therefore, another objective of this
thesis is to investigate how data of rare maneuvers can be augmented and if
a maneuver estimation step before the trajectory prediction can improve the
result.

1.2

Methodology

The trajectory prediction problem will be addressed using a maneuver based
long short-term memory (LSTM) framework, taking the historical trajectory,
current states, surroundings and map information of one vehicle as input, and
outputting its future trajectory within a pre-defined time horizon. The trajectory prediction is mainly done by the LSTM encoder-decoder network, and a
maneuver classification network accounts for uncertainty of the prediction.
The final goal of designing the maneuver-based LSTM framework can be
broken down into the following sub-objectives:
1. Extract different useful features from the dataset (e.g., position, velocity,
relative coordinates between neighbouring vehicles, etc.)
2. Design an LSTM encoder-decoder network to do the trajectory prediction
3. Perform a maneuver classification method for the input features
4. Represent the output as several trajectory series with calibrated probability distribution on each maneuver class

1.3

Contributions

This thesis designed a framework for vehicle trajectory prediction on highway.
Following contributions are made for this problem:
2

Here the word maneuver refers to particular actions a vehicle or its driver takes, such as
left-turning, going straight, over taking, etc.
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1. An encoder-decoder LSTM network is designed to achieve the trajectory
prediction. Different network structures are examined and the influence
of different input features are experimented and evaluated.
2. An LSTM network is designed to classify the lane change maneuvers on
highway, which reaches over 93 percent accuracy with test data.
3. Uncertainty of the trajectory prediction is accounted for by using the
calibrated maneuver classification result.

1.4

Sustainability and Ethics Discussion

As mentioned, most companies are focusing on improving autonomous driving techniques or even the production capacity. Another aspect worthy of everyone’s attention is the sustainability and ethics of the new techniques.
Autonomous vehicles or advanced driver assistance systems have many
benefits. One mostly mentioned is its possibility to improve the road safety,
because an autonomous system will always be concentrated and likely to be
more aware of the surrounding situations once the techniques are mature. The
second advantage also comes from the algorithms of the autonomous vehicles, which can improve the energy usage efficiency by controlling the driving.
Besides, considering that some companies are committed to providing smart
mobility solutions with shared vehicles, it is possible to improve the efficiency
of public transportation when reducing the number of vehicles in urban areas.
In addition to these, autonomous driving can bring all the benefits in all aspects, which is why it can get the attention and efforts from so many people.
However, we cannot ignore the potential problems with this new field. Autonomous vehicles rely on computer algorithms, which have the potential to
be hacked, in addition to the security issues within the technology itself. Besides, the development of autonomous driving techniques and the popularity
of autonomous vehicles will mead to dramatic changes in the social occupational structure. Solutions for problems like how to place unemployed people
from the driving industry need to be generated.
Another important . The famous “trolley problem” is mentioned in various
articles such as [7]. The general scenario is: suppose an autonomous vehicle
is driving on the road and a group of people suddenly blocks the road. In the
case that the vehicle has no enough time to stop, should it choose to crash
into this group of people or turn to the sidewalk where only one pedestrian
is there? Other more realistic problems also exist. For example, when a road
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accident happens due to some complex technical issues or other unavoidable
factors, who should take the responsiblility? The autonomous vehicle itself?
or its developers? The ethics for autonomous driving is no less important
than in any other field, and sometimes these ethical issues are common. We
need to implement the appropriate systematic rules and regularization before
autonomous vehicles are adopted.

1.5

Report Outline

Chapter 2 provides some technical background involved in this thesis, together
with related works in the field of vehicle trajectory prediction. Chapter 3 introduces the structure of the framework and methods used for each sub-objective.
Experiments and results are explained and discussed in Chapter 4. Finally,
conclusion and further discussion on this thesis is included in Chapter 5.

Chapter 2
Background
This chapter gives some introduction to the background knowledge and previous works related to this thesis. Section 2.1 gives some technical background
including review on recurrent neural networks (RNNs) and LSTMs, several
clustering methods, as well as the encoder-decoder structure. Section 2.2 provides the related works on trajectory prediction and maneuver estimation.

2.1
2.1.1

Technical Background
Review on RNNs and LSTMs

LSTMs are the main kind of networks used in this thesis, both for maneuver
classification and trajectory prediction, giving that it is suggested as one of
the most efficient networks dealing with sequential data. This subsection will
introduce briefly what is RNNs and LSTMs and why LSTMs are preferred
compared to traditional RNNs.
Neural Networks
Neural networks are computing systems designed after the human brain. Take
a most simple and typical neural network in Figure 2.1 as an example, it is
organized in layers and each layer contains a number of nodes (also referred to
as neurons or units). Equation 2.1 describes the calculation within one hidden
node of the neural network:
n
X

y = f(

wi xi + b)

i=1

6

(2.1)
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Figure 2.1: A Neural Network
where y is the output of the node, xi is the ith input, wi is the ith weight for
the corresponding input, b is a bias and n is the total number of input for this
node. The function f () is an activation function that introduces non-linearity
to the network. A neural network can be considered as a function, where its
weights are equivalent to the parameters of the function. Once the weights are
fixed, the network is just a transition from the input to the output. Therefore,
the most tricky and important thing for a neural network is to decide the values
of the weights, which is referred to as the training process.
Recurrent Neural Networks
Recurrent neural networks are networks with loops in them that can allow
the transmission of past information contained in the input data. The nodes
of RNNs pass information to themselves along a temporal sequence, make
each node a chain-like architecture, as is shown in Figure 2.2. This architecture make RNNs succeed in dealing with time series data containing several
time steps, such as speech signals, sentences, or even image sequences. Equation 2.2 describes how the repeating module of RNNs works:
ht = Ct = tanh(W [ht−1 , xt ] + b)

t = 1, 2, ..., T

(2.2)

where ht is the output of the network at time step t, W is the transformation
matrix, xt is the input data at time step t and b is the bias vector. Note that W
and b are shared for all the time steps.

8
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Figure 2.2: The unrolled form of a recurrent neural network [8]
Long Short-term Memory Networks
Long short-term memory networks (LSTMs) also have the chain-like (or repeating) structure as a standard RNNs, but the repeating module is more complex, which is shown in Figure 2.3. It is introduced by Hochreiter et al. [9]
and is proved to be efficient in dealing with long-time memory tasks. The
following equations describe how the repeating module of LSTMs works:
ft = σ(Wf [ht−1 , xt ] + bf )

(2.3)

it = σ(Wi [ht−1 , xt ] + bi )

(2.4)

f = tanh(W [h , x ] + b )
C
t
c t−1
t
c

(2.5)

f
Ct = ft ∗ Ct−1 + it ∗ C
t

(2.6)

ot = σ(Wo [ht−1 , xt ] + bo )

(2.7)

ht = ot ∗ tanh(Ct )

(2.8)

where xt is the input vector at time step t, ht and Ct indicates the hidden state
f , o are the output of forget
vector and cell state vector respectively. ft , it , C
t t
gate, input gate, memory gate and output gate inside the LSTM repeating module. W and b are transformation matrix and bias vector and σ() represents the
sigmoid function.
Back-propagation Through Time
To explain why LSTMs is better than traditional RNNs in dealing with longterm memory problems, the back-propagation through time (BPTT) [10] will
be introduced, together with the exploding or vanishing gradients problem.
Note that the BPTT algorithm is described and used in many papers, and the
following derivations refer to [10] and [11].
One commenly used method for achieving the weights of neural networks
is Stochastic Gradient Decent. In case of an RNN, the weights are combined
by a transmission matrix and a bias vector. We need to calculate the gradient
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Figure 2.3: The repeating module in an LSTMs [8]
of the error over the weights (e.g. the transmission matrix) when training the
networks:
T
X
∂Et
∂ET
=
(2.9)
∂W
t=1 ∂W
where ET is the error at final time step between network output yˆT and target
yT . Using the chain rule to calculate the derivative at time step t, we get

Notice that

t
t Y
∂Cj+1 ∂Ci
∂Et
∂Et X
=
]
[ (
)
∂W
∂Ct i=0 j=i ∂Cj ∂W

(2.10)

∂Ct
= W tanh0 (W [Ct−1 , xt ] + b)
∂Ct−1

(2.11)

t
conSince the value of tanh0 () is always not larger than one, the gradient ∂E
∂W
verges to zero when t is large. This causes the vanishing gradients problem
t
because the “almost zero value” of ∂E
means that the weights will not be up∂W
dated. Similarly, if another activation function is used instead of tanh or σ,
the result of 2.11 might be larger than one. This will result in the problem of
exploding gradients.
In the case of LSTMs, the gradient

∂Gt
∂Ct
= ft +
∂Ct−1
∂Ct−1

(2.12)

where Gt indicates other possible influence over the gradient of Ct−1 which
are not very influential. Therefore, this gradient can be close to 1 with the
proper set of forget gate values and avoid the vanishing problem.

10
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2.1.2

Clustering Methods

In order to successfully train the neural network for maneuver classification,
correct maneuver labels for each training data and validation data is required.
However, the maneuver labels are usually not provided in open source datasets
and are not easily available when collecting vehicle data. In this case, unsupervised methods like clustering can be used on the whole training set to generate
such labels.
K-medoids Clustering
K-means is one of the most simple and commonly used clustering methods,
consider that it is easily influenced by outliers, the K-medoids clustering method
is used instead in this thesis.
The idea of K-medoids is as follows:
1. Randomly select a subset of the data points as initial medoids.
2. Associate each data point to its closest medoid.
3. Swap each medoid and each datapoint associated to it, compute the total
cost (sum of distance between each medoid-data pair) and choose the
medoid with lowest cost.
4. Repeat 2 and 3 until medoids selection do not change.
Agglomerative Clustering
Agglomerative belongs to hierarchical clustering methods. It is a “bottom-up”
approach: each object is initially considered as one cluster. At each repeating
step, two most similar clusters are merged into one new cluster, until all data
points are in the same cluster. The hierarchical structure of this clustering
method is shown in Figure 2.4, which provides an output of three clusters with
the blue cut line at the position in the figure.

2.1.3

Encoder-decoder Structure

In the thesis, the trajectory prediction problem is considered as a sequence-tosequence problem, which means the both the input and output of the system
is sequential data. Specifically, the input here is a time sequence of features
extracted from the raw vehicle historical data. The output here is a sequence
of vehicle positions within the prediction (future) time interval. An LSTM
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Figure 2.4: An example of the hierarchical structure for agglomerative clustering
encoder-decoder structure, first introduced in 2014 by Google for machine
translation [12], is used for trajectory prediction. Such encoder-decoder structure is designed to solve sequence-to-sequence problems, especially when the
input sequence length is different from the output sequence length. As its name
suggests, an encoder-decoder structure mainly consists two parts:
Encoder: A stack of several recurrent units, each takes one element of
the input sequence. In case of a recurrent unit as in Figure 2.2, each xi (i =
0, 1, ..., t) is one element of the input. Information in the input is collected
and passed step by step along the loop module. The final hidden state which
collects all the information in the input sequence is saved as a fixed length vector, where the vector length is decided by the number of nodes in the encoder
recurrent layer.
Decoder: Another stack of several recurrent units, each predicts one element of the output sequence. Now consider Figure 2.2 as a unit in the decoder,
each hi (i = 0, 1, ..., t) is one element of the output. Hidden states of the decoder units are passed along the time sequence. The initial hidden states or
inputs of the decoder usually comes from the the encoder output, that is the
fixed length vector.
From the description of the encoder-decoder structure, it is clear that the
input sequence and output sequence are not directly correlated, which allows
them to have different length.
Different encoder-decoder structures are designed for different applications [13] [14], depending on the available data form. Besides, based on the
vanilla structure, more enhanced encoder-decoders are introduced. For example, LSTM or GRU cells are used as recurrent units to improve the network
performance dealing with long sequences data [12]. The attention mechanism
is fitted to the encoder-decoder models to address also the long-sequence problem [15].
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Related work
Techniques for Trajectory Prediction

Surveys related to vehicle trajectory prediction can be found in some articles
[16] [17]. From the perspective of most existing methods, the main approach to
the trajectory prediction problem can be divided into two steps: first, to model
the trajectory and state of the target vehicle (any one of the surrounding vehicles to be predicted). By saying “model”, it means either a vehicle behavior
model such as a kinematic model or a representation of the inner connections
of vehicle behavior such as a neural network. Second, to predict the future trajectories of the target vehicle based on the model(s). Among these two steps,
the most variable and challenging part is the modeling process in the first step.
In the first step, when modeling the history trajectory (or current states
as well) of a vehicle, one can use a single model (e.g., one neural network)
to represent all the features and to generate the prediction results. However,
in reality, a single model does not capture variability of vehicle behaviors in
different situations. One example is given by Deo et al. [18] that a vehicle
approaching its leading vehicle at a faster speed could either slow down, or
change lane to overtake. If we use a model with parameters trained by both
samples, the averaged prediction may be to stay in lane without deceleration.
Therefore, if we can have multiple models according to different maneuvers
(train two different models in that example, one for slow down and the other
for overtake), we might get better prediction results. The model for vehicle
trajectory can be divided to single model and maneuver-based multiple model
methods, but these two ideas can use the same kind of model type. The following paragraph will give a brief introduction to different model types according
to time. Note that these models can be used in both single and multiple case.
Earlier, researchers used kinematic models (e.g., position, velocity, acceleration, yaw) to describe the motion of vehicles [19]. These models are usually
based on some assumptions in order to generate particular transition functions.
Some of the simple models assume constant velocity, constant acceleration,
constant turn rate, etc. The kinematic models are very simple in motion representation but they are not accurate enough to model the real road situations.
Other researches also use dynamic models (e.g., different forces that affect the
vehicle motion) to describe vehicle motion [20]. However, such models are
mostly too complex and can lead to intractable prediction problems. More
recently, uncertainties are used to represent the rapid changes in the motion
of vehicles caused by various maneuvers or external influence in autonomous
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driving systems. A Kalman filter is used by Ammoun et al. [21] to filter the
noisy sensor data and estimate the future position of the vehicle with the ellipse
uncertainty. A Monte Carlo sampling method is used by Eidehall et al. [22] to
approximate the distribution of possible scenarios of the traffic. Other works
have used Gaussian Processes [23] and Gaussian mixture models [24] to represent the vehicle motion/trajectory. In recent years, more implementations
such as deep neural networks (e.g., recurrent neural networks) and inverse reinforcement learning [25] have also been introduced into this task, which are
more flexible and can not only model trajectory but also do prediction and/or
planning within one framework. In this thesis, the models used for trajectory
prediction are several LSTM encoder-decoder networks based on a maneuver
classification network.
In the second step, that is prediction based on the models, the predicted
trajectory can be represented in three versions according to Lefevre et al [17].
a) the most straightforward prediction is to estimate the deterministic future
trajectory (e.g., deterministic position, velocity) of the target vehicle based
on the model (generated using methods in the above paragraph). However,
due to the incompleteness of information and the assumptions in the model,
there will always be uncertainties in the prediction. b) predicted trajectory
models uncertainties in some specific forms, such as a normal distribution
or mixtures of Gaussians. This version still relies on some nontrivial model
assumptions and, as a result, restrictions on the uncertainty, making it not
enough to represent the reality. c) to further generalize, Monte Carlo methods
can be used to approximate the distribution by randomly sampling from the
input and generating potential future trajectories so any other distribution apart
from Gaussian is able to be considered. In this thesis, since multi-model is
used to encounter the variability or uncertainty of the prediction, the most
straightforward prediction is used for each sub-model (that is each maneuver
oriented LSTM encoder-decoder network).

2.2.2

Trajectory Prediction Using LSTM

As to the usage of LSTM in vehicle trajectory/motion prediction modeling,
Kim et al. [26] used LSTM to analyze the temporal behavior and predict the
future trajectories of vehicles. With the LSTM network, they can produce the
direct predicted coordinate of the vehicles or the probability information on
the future location of the vehicles over occupancy grid map. The experimental
result shows clear improvement compared to Kalman filter-based prediction.
Since the trajectory prediction task takes data sequences (e.g., historical

14

CHAPTER 2. BACKGROUND

locations of the vehicle) as input and also data sequences (e.g., future locations
of the vehicle) as output, it is helpful to have the encoder-decoder architecture.
Kalchbrenner et al. [27] and Cho et al. [13] are among the first groups to use
the idea of encoder-decoder to deal with sequence to sequence problems where
the input and output have different length. Based on these first works, the
RNN encoder-decoder architecture has been proved to be efficient dealing with
various kinds of sequence-to-sequence problems, both in fields of machine
translation [28] and other problems [29].
Lee et al. [30] used the RNN encoder-decoder framework for future predictions of multiple interacting agents. Following the success of LSTM networks,
Deo et al. [18] proposed an LSTM encoder-decoder model for interactionaware motion prediction of surrounding vehicles on freeways. They take the
historical data of the vehicle and its surrounding ones as input and predicts a
multi-model distribution over future motion based on maneuver classification.
Similarly, Park et al. [31] used LSTM based encoder-decoder architecture but
produces several most likely trajectory candidates over occupancy grid map.
It is worth mentioning that the work in this thesis focuses on exploring how
different input features might affect the prediction performance and how maneuver classification can improve the prediction accuracy when the vehicle
takes unusual maneuvers, which are not involved in these previous works.

2.2.3

Maneuver intention estimation

Various techniques have been studied and implemented for estimating the potential maneuver intention of a vehicle on the road system. Vehicle velocity
together with the information of the preceding vehicles are used to infer the
intent at intersections [32]. Hidden Markov models are used for maneuver
classification, taking sequential states as input and providing the probab distribution of each maneuver class as output [33]. Lefèvre et al. [34] used contextual information extracted from a digital map and proposed a Bayesian network to infer the driver maneuver intentions. Other methods such as support
vector machine [35], inverse reinforcement learning [36] are also introduced
in articles.
Khosroshahi et al. [37] and Phillips et al. [38] respectively introduced
a maneuver classification method at intersections based on LSTM networks.
The former used the KITTI data set [39] while the latter used the Next generation simulation (NGSIM) data set. From their results, LSTMs are shown to
outperform other models (e.g., Multilayer perceptron and conditional probability table) in the supervised classification tasks.

Chapter 3
Methods
As stated in the previous chapter, the purpose of this thesis is to predict the
future trajectory of the surrounding vehicles by establishing a maneuver based
LSTM framework. This chapter will introduce how the framework is designed
to achieve this goal. Section 3.1 provides the dataset information and feature
extraction from the dataset. Section 3.2 introduces the overview of the framework. With more details, Section 3.3 describes two architectures of the LSTM
encoder-decoder networks. Section 3.4 shows how maneuver classification is
designed and performed.

3.1

Dataset Introduction

When designing the network structures and evaluating with their performance,
two datasets from Next generation simulation (NGSIM) are used. The NGSIM
computer program is collecting detailed, high-quality datasets for research and
development within traffic analysis. The US Highway 101 (US-101) dataset
[6] and Interstate 80 (I-80) dataset [5] are two of the datasets under this program. "US-101" is collected in southbound US 101 in Los Angeles, CA, on
June 15th 2005. It covers three 15-minute time segments of data on the freeway
of 640 meters (2100 feet) in length, which has five mainline lanes and one auxiliary lane. "I-80" is collected in San Francisco Bay area in Emeryville, CA,
on April 13, 2005. It also covers 45-minute data on a freeway of 500 meters
(1640 feet) in length, with five mainline lanes and two auxiliary lanes. Vehicle
data was collected through a network of synchronized digital video cameras,
transcribed by a software application and segmented with a frequency of 10
Hz. The included attributes in these two datasets are: vehicle id, local x, y
coordinates, global x, y coordinates, lane id, global time, vehicle velocity, ac-
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celeration, vehicle size, etc.
For training, both US-101 and I-80 datasets are split into segments of 7
seconds (that is 70 timesteps of original data), where the first 5 seconds are
used as historical data to be inputted to the networks and the left 2 seconds
as future data to be used as prediction targets. After segmentation, the us-101
dataset contains 46072 samples for lane change left, 21041 samples for lane
change right and 139336 samples for lane following. As for the i-80 dataset,
there are 49191 lane change left samples, 11110 lane change right samples
and 106359 lane following samples. All the samples for each maneuver in
each dataset are averagely divided into training, validation and test set.

3.2

The Entire Framework

The architecture of the entire framework is illustrated in Figure 3.1, which
shows that the framework is combined by two parts: maneuver classification
and LSTM encoder-decoders. For a clearer description of the method, a flow
chart is also shown in Figure 3.2.

Figure 3.1: Architecture of the Method
The framework’s operational processes can be understood through two
phases: training and prediction. If we take the designing of network structures and tuning network parameters as a part of training, these two phases
can be considered equivalent to the modeling and prediction steps in related
work in Chapter 2.
During training, the maneuver labels are firstly generated by the clustering
method for all the training data segments if needed. Then, the feature se-
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Figure 3.2: Flow Chart of the Method
quences M _Inputt−T h , M _Inputt−T h+1 , ..., M _Inputt−1 extracted from the
historical vehicle data together with their corresponding maneuver labels are
used to train the classification network. Meanwhile, all the LSTM encoderdecoder networks are trained with the vehicle feature sequences Inputt−T h ,
Inputt−T h+1 , ..., Inputt−1 extracted from the same historical data. However,
this time the feature sequences with a maneuver ground truth "lane change left"
are only used for training the "left" encoder-decoder network, while feature sequences of maneuver "lane change right" and "lane following" are respectively
used only for the "right" and "following" encoder-decoder network. Here T h
indicates the timesteps of the historical data, which can be up to 50 (5s), T f
indicates the timesteps of the future data to be predicted, which is 20 (2s). The
generation of these input features will be introduced in Section 3.3.
During predicting, suppose one vehicle is seen for T h timesteps on the
road, its feature sequences could then be extracted for both classification and
prediction modules. By feeding these features into the networks, the vehicle
will be classified as several possible maneuver classes, each assigned a probability, and three LSTM encoder-decoder networks will predict three future
trajectory for that vehicle. If removing predictions with very low confidence,
the final output will be several future trajectories with a particular probability value for each. Details for each part of the framework will be provided in
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following sections.

3.3
3.3.1

Feature Extraction
Features for Maneuver Classification

Features used for the maneuver classification network input include normalized lateral and longitudinal coordinates, vehicle heading, distance to lane center line, existence of surrounding vehicles (left, right and preceding ones) and
relative distance towards the surrounding vehicles. Note that the selection of
these features is the result of experiments in Section 4.2. The input at timestep
i, indicated as M _Inputi , is defined as:
M _Inputi = {x, y, heading, dcenter , elef t , eright , eprec , dlef t , dright , dprec }i
i = t − Th, t − Th + 1, ..., t − 1
where x and y are the lateral and longitudinal coordinates of the target vehicle,
heading here indicates the angle between the vehicle direction and the lane
direction. dcenter is the distance between the vehicle position to its lane centerline. elef t , eright and eprec are the existence of a vehicle to the left, right and
in front of the target vehicle (Boolean value). dlef t , dright and dprec indicate
the relative distance from the surrounding vehicles if exist. T h indicates the
input sequence length which can be up to 50 and t is the first time step to be
predicted.
Each feature is normalized according to its content. The x and y coordinates of the vehicles are first adjusted to a mutually perpendicular local coordinate system, as is illustrated in Figure 3.3. The origin of this coordinate system
is the center point of the road where each data segment starts. The direction of
the two axes are perpendicular and parallel to the centerline. Within this local
coordinate system, the x coordinate is scaled by the road width and represents
the relative distance towards the center of the road, while the y coordinate is
scaled by a fixed number that is approximate to twice the value of the maximum velocity in the dataset. It represents the relative travelled distance along
the road. Distance to lane centerline is scaled with the lane width. Vehicles
on the same lane in front of the target vehicle or on the adjacent lanes within
a certain distance are considered as surrounding ones, referring to Figure 3.3.
This certain distance is set to twice the value of the current vehicle velocity (so
as to consider a 2s safety distance on highway). The existence of surrounding

CHAPTER 3. METHODS

19

Figure 3.3: Illustration for input features. The blue one indicates the target
vehicle, which, in this case, has existing left, right and preceding surrounding
vehicles. Normalization of the vehicle’s x, y coordinates is based on the local
x, y axes.
vehicles are represented by a Boolean value and the relative distance is also
scaled to interval (0, 1).
In cases when maneuver labels do not exist, input features for maneuver
clustering include starting and ending lateral coordinates of the segment, vehicle velocity, and lane id, which are normalized as for classification network.
The clustering results are set as target labels for the maneuver classification
network.

3.3.2

Features for Encoder-decoder Network

Features used for encoder-decoder input include normalized lateral and longitudinal coordinate, and velocity of the target vehicle. The feature selection
here is also based on the experiment results in Section 4.3. The output is the
lateral and longitudinal coordinates of the same vehicle for T f into the future.
We indicate with Inputi , the input at timestep i, and it is defined as:
Inputi = {x, y, vel}i

i = t − Th, t − Th + 1, ..., t − 1
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where x and y are the lateral and longitudinal coordinates of the target vehicle,
and vel is the velocity of the target vehicle. Same to the input of the maneuver
classification network, T h indicates the input sequence length (number of historical time steps) and t is the next time step (the first time step to be predicted).
The output at the timestep j, indicated as Outputj , is defined as:
Outputj = {x, y}j

j = t, t + 1, ..., t + Tf − 1

where T f indicates the output sequence length (number of future time steps
to be predicted, which is 2s).
The normalization of the lateral and longitudinal coordinates of the target
vehicle is the same as that for maneuver classification network input. The
velocity is normalized/scaled by dividing a fixed value, which is approximately
the maximum velocity in the dataset or can be a velocity limitation on a certain
road system alternatively in real world situations.

3.4

Maneuver Clustering and Classification

The first part of the framework is a maneuver classification network. The aim
of maneuver classification is to account for uncertainty in the prediction results
by estimating several possible maneuvers for one vehicle. As similar historical trajectories might lead to different future following trajectories, a model
that assigns probabilities for different maneuver classes can either help with
choosing prediction model or provide several maneuver specific predictions.
If the dataset contains the labeled maneuver information, the classification network can be directly trained with the existing data with labels. However, if the
maneuver labels are not available, which is a common situation, a clustering
method will be included to generate such labels. The output of the classification network is indicated as P (mi |[Inputt−T h , ..., Inputt−1 ]), where mi in
this thesis belongs to
M = [lane change lef t, lane change right, lane f ollowing]
and

3
X

P (mi |[Inputt−T h , ..., Inputt−1 ]) = 1

i=0

3.4.1

Maneuver Clustering

Two clustering methods are considered in this thesis: K-medoids and agglomerative, which are introduced in Chapter 2. The run-time complexity of K-
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medoids is O(k(n − k)2 ) (where k is the number of clusters and n is the number of data points), which is much faster than Aggomerative clustering, whose
run-time complexity is O(n3 ). However, the solution of K-medoids is highly
dependent on the setting of initial medoids. If the initial medoids are set randomly as default, it does not ensure an optimum solution. In contrast, in case of
this thesis, aggomerative ensures the gap between different clusters, regardless
of the frequency of occurrence of the elements in each cluster. Considering
the advantages and drawbacks of these two methods, we combined them by
using aggomerative clustering on a subset of the data first, setting the median
values of each cluster as the initial medoids, and using K-medoids to cluster
the entire training dataset. The pseudo code of the clustering Algorithm 1 is
included in Appendix A.

3.4.2

Maneuver Classification

The maneuver classification network is an LSTM network, which is proved
previously to be suitable dealing with our input as time sequence data. This
network takes as input the feature sequence M _Inputt−T h , M _Inputt−T h+1 ,
..., M _Inputt−1 extracted from vehicle historical data, and outputs a probability distribution on each maneuver class
P ([m1 , m2 , m3 ]|[Inputt−T h , ..., Inputt−1 ])
The network contains two LSTM layers that deal with the sequential input data,
followed by two dense layers that deal with the classification problem. Same
as most classification networks, the output layer uses a sof tmax activation
function, whose output values does not represent the real confidence level.
Therefore, an isotonic calibration is applied to the sof tmax. Figure 3.4 is an
illustration of the classification network.

3.5

LSTM Encoder-decoder for Prediction

The second part of the entire framework is an LSTM encoder-decoder network, which consists of two recurrent neural networks. The encoder takes
input feature sequence Inputt−T h , Inputt−T h+1 , ..., Inputt−1 and processes
them with the LSTM units by (2.3) to (2.8). The past information in the input
sequence is summarized into a fixed-length vector, that is the final cell states
ct−1 and hidden states ht−1 of all the LSTM units. The fixed-length vector is
passed to the decoder as either initial state or network input, for the generation
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Figure 3.4: The network structure for Maneuver Classification
of another sequence Outputt , Outputt+1 , ..., Outputt+T f −1 as output. There
are several different encoder-decoder architectures suitable for recurrent neural networks, two of them are implemented and compared in this thesis, named
"direct encoder-decoder" and "recursive encoder-decoder".

3.5.1

Encoder-decoder Structures

Direct Encoder-decoder
The first encoder-decoder architecture is shown in Figure 3.5, referred to as
direct encoder-decoder (DED) in the rest of the thesis. The encoder takes in
the input feature sequence within time interval (t − T h, t − 1) and generates a
fixed-length vector (the final hidden states of the LSTM nodes in the encoder)
to represent the historical information of the target vehicle. Note that the input features are firstly embedded into a 64-dim vector with a time-distributed
dense layer, which is a group of dense layers sharing the same structure and
weights. Then, the vector is repeated T f times to be fed to each time step of
the decoder LSTM layer. This layer returns its sequential output to a timedistributed dense layer, which transforms the LSTM output to predicted vehicle position. Since this structure generates the entire predicted sequence at
one time, I use the word "direct" to name it.
Recursive Encoder-decoder
The second encoder-decoder architecture implemented is shown in Figure 3.6,
referred to as recursive encoder-decoder (RED) in the rest of the thesis. The
encoder for RED is designed in the same way as it is in DED. However, the
decoder here inputs the current vehicle position and outputs the predicted next
position in a recursive way. Vehicle historical information is encoded into the
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Figure 3.5: The network structure for Direct Encoder-decoder

Figure 3.6: The network structure for Recursive Encoder-decoder
cell states and hidden states vectors and passed to the decoder LSTM layer as
its initial states. The first step of decoder input is initialized with the vehicle
position at time t − 1 (current position). Then the decoder recursively generates the predicted sequence Outputt , Outputt+1 , ..., Outputt+T f −1 , that is,
in each timestep i, it feeds the previous output Outputi−1 to the current input.
Compared to DED which only exploits the historical data, RED takes both
input feature sequence and predicted position sequence into consideration at
each output time step.

3.5.2

Stacked LSTM-dense Structure

As introduced in Chapter 2, the LSTM encoder-decoder structure is mainly
used in sequence-to-sequence tasks to allow different input and output length
(time steps). However, another very simple alternative is to just use dense
layers right behind the LSTM network and set the number of nodes in the
last dense layer equal to the output sequence length, which is illustrated in
Figure 3.7. This structure is reffered to as stacked LSTM-dense (SLD) in the
rest of the thesis. In this case, the ith output Oi is the predicted position at the
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Figure 3.7: The network structure for stacked LSTM-dense network
ith time step in the future, or Outputi .

Chapter 4
Experiments and Results
This chapter presents the experiments and their results for both trajectory prediction and maneuver classification. All the experiments included in this chapter are:
• Maneuver clustering result with K-medoids and aggomerative methods.
• Maneuver classification performance comparison with different historical sequence length.
• Maneuver classification performance comparison between different input features.
• Trajectory prediction performance comparison between different network structures: DED, RED and SLD.
• Trajectory prediction performance comparison with different historical
sequence length with direct encoder-decoder structure.
• Trajectory prediction performance comparison between the different input features with direct encoder-decoder structure.
• Trajectory prediction performance measured by root mean square error
with the entire maneuver based multi-model framework.
Section 4.1 describes the performance of the maneuver classification network. In this part, the preferred input sequence length of the network as well as
the input features will be decided according to the experiment results. Section
4.2 shows the performance of trajectory prediction (LSTM encoder-decoder)
network. The encoder-decoder structure is proved to be effective in this part
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and the input features selection for the encoder-decode network is also provided. Section 4.3 shows the performance of the maneuver-based multi-model
compared to the mixed-model trained without maneuver classification.

4.1
4.1.1

Maneuver Classification Performance
Maneuver clustering

As introduced in Chapter 3, the maneuver clustering is done by implementing a k-medoids followed by the aggregation methods. The pseudo code for
the entire clustering method may be seen in Appendix A. Figure 4.1 shows the
clustering results in different trajectory sequences, which contains four clusters
for the NGSIM “us-101” and “i-80” highway dataset. The segmented trajectories are clustered as: lane following (top left), change lane left (bottom left),
change lane right(top right), not moving (bottom right) respectively. Note that
in all the sub-figures, all the trajectories goes from left to right.

Figure 4.1: Maneuver clustering results. The four clusters represents lane following (top left), change lane left (bottom left), change lane right(top right),
not moving (bottom right) respectively
Specifically for the NGSIM situation, since “lane_id” is a provided param-
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eter from the dataset, maneuver labels can also be generated by checking the
lane ID changes manually. By comparing the labels generated by clustering
and by lane ID checking, the only obvious difference happens when a vehicle
moves along a lane boundary during a lane change behavior. Such a situation
will be clustered as a lane following maneuver, but does not influence our classification network training. Because our goal is not to detect whether a vehicle
is changing the lane or not but to differ the possible direction of the vehicle in
the future.

4.1.2

Maneuver classification with Different Input Length

One influential factor on the maneuver classification result is the length of the
input feature sequence. Figure 4.2 is a plot for the training and validation accuracy of the network along the input sequence length. It is very obvious that
the classification result is improved when more historical information about
the target vehicle is inputted to the network. As the input sequence reaches a
time horizon of 5 seconds (50 time steps of input data), the classification accuracy reaches 0.92 on the validation set. Although it tend to get higher accuracy
with larger input time horizon, for practical application considerations.

Figure 4.2: Maneuver classification accuracy with different input sequence
length

4.1.3

Maneuver classification with Different Input Features

In order to find out what extra input features help improve the maneuver classification performance, normalized lateral and longitudinal coordinates are used
to train the network as a baseline and other features are added separately to the
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(a)

(b)

Figure 4.3: Training and Validation loss with different input features for maneuver classification
input as a comparison. The extracted features including normalized lateral and
longitudinal coordinates, velocity, heading, existence of and relative distance
to the surrounding vehicles. Note that all the experiments in this sub-section
have the same network settings.
The classification performance with different configurations of features is
shown in Figure 4.3. Except that the vehicle velocity doesn’t show obvious
contribution to the improvement of the classification process, other features
help more or less to the learning of the network. After training on all these
features, the classification accuracy on the test data reaches around 0.93.
Figure 4.4 presents the classification result for some randomly chosen trajectories. Three colors indicate the classification result: red means change lane
left, green means change lane right and blue means lane following. Compare
the classification output with the ground truth as is labeled to each sub-figure,
the result is correct in most cases. If we pay attention to the incorrectly classified trajectories, they are also reasonable due to their "uncommon" behavior
in the first half (e.t., the historical data) of the trajectories.

4.2
4.2.1

LSTM Encoder-decoder Performance
Trajectory Prediction with Different Network Structures

Experiments on comparison between three trajectory prediction networks SLD,
DED, RED are implemented with the same network parameter settings and the
same training data. Each of them includes two LSTM layers and two dense lay-
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(a) change lane left

(b) change lane right
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(c) lane following

Figure 4.4: Maneuver classification result

(a)

(b)

Figure 4.5: Training and validation loss for three different network structures
on trajectory prediction with 20 input time steps and 20 output time steps
ers in total, with 64 nodes for each hidden layer. Each model uses an ’rmsprop’
optimizer and the loss is calculated as mean square error.
The experimental results are shown in Figure 4.5. Both the training loss
and validation loss of the encoder-decoder networks are shown to converge
at a much lower value compared to the stacked LSTM and dense network.
The failure of the simple stacked structure is mainly due to its inability to deal
with long-term memory problems. Therefore, if the input and output sequence
length is reduced, the SLD network could show a relatively good performance
as well. This is proved by setting the input and output sequence length to 0.5
seconds, then the gap between these structures becomes smaller, as shown in
Figure 4.6.
According to the previous subsection and Figure 4.5, both direct encoderdecoder and recursive encoder-decoder structures are providing acceptable
prediction results in general. As to compare these two structures, an example
of predicted trajectory for six randomly selected vehicle samples are shown in
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(a)

(b)

Figure 4.6: Training and validation loss for three different network structures
on trajectory prediction with 5 input time steps and 5 output time steps
Figure 4.7. RED usually provides more trajectory like predictions than DED,
especially at the start points of the predictions, which are emphasized with red
squares in the figure. This is due to the structure difference, given that the output steps of RED is based on the predicted position of its previous time step.
However, getting this "trajectory like" advantage or, equivalently, a bit higher
accuracy, comes with a price. Since there are more gradients computation for
the RED, it requires a longer training time than the DED structure. Therefore,
in cases when such difference in prediction accuracy can be ignored, the DED
structure should be given priority.

Figure 4.7: Comparison between two encoder-decoder prediction results (blue
dots are historical trajectories, red dots are real future trajectories and yellow
dots are predicted future trajectories
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Trajectory Prediction with Different Input Length

The length of the input feature sequence also has an influence on the performance of the trajectory prediction network. Figure 4.8 is a plot for the training and validation accuracy of the network along the input sequence length.
Within the time horizon range 0.1s to 0.5s, the RMSE value between prediction
and real future trajectory decrease as more historical data is seen. However,
there is no more obvious improvement after this on validation set. Actually,
both training and validation RMSE increases when the input sequence length
exceeds 1s.

Figure 4.8: Trajectory prediction RMSE with different input sequence length

4.2.3

Trajectory Prediction with Different Input Features

Experiments with different input features are done for training the encoderdecoder network in a similar fashion to the maneuver classification network
in Section 4.1. Note that all the experiments in this sub-section use the direct
encoder-decoder structure and their network settings are fixed during comparison.
It seems that vehicle velocity is the only feature that obviously helps with
the training process. This result is reasonable because when using the normalized x and y coordinates, the framework can already make approximately good
predictions, where the predicted positions are very close to the ground truth.
Adding velocity as an additional feature can help improve the prediction of y
coordinate. However, other features such as existence of surrounding vehicles
and the distance towards them seems less relevant to the future positions of
the vehicle.
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(a)

(b)

Figure 4.9: Training and Validation loss with different input features for LSTM
encoder-decoder network

4.3

Maneuver-based Multi-model Trajectory
Prediction

The main problem with only an LSTM Encoder-decoder structure for trajectory prediction is, it can not have efficient response and good prediction when
the vehicle changes its behavior (e.g. lane changes on highway). This is because such behavior changes are rare in the training data and in real world
driving, since vehicles most of the time stay in the same lane and only performs lan change when approaching a slower vehicle in the same lane or during
other rare circumstances, and therefore the network always tend to predict as
the vehicle will follow the lane and go straight. Note that the prediction performance in such situations are not mentioned in most of the related work doing
trajectory prediction while some of them are not able to deal with this behavior change problem. This is the motivation to why a maneuver classification
(e.t., probability of different behaviors) part was added to the Encoder-decoder
structure.

4.3.1

Probability Calibration

As mentioned previously, although the classification network outputs an uncertainty value for each maneuver based on the softmax activation function in
the last dense layer, it is only a transformation from (−∞, ∞) to (0, 1) but not
real probability. In practise with softmax output, the models always seem to
be too confident about their classification results. Therefore, a calibration step
is implemented to alter the softmax output. It fixes the deviation between the
predicted probabilities and their true probabilities. Two commonly used cali-
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(a) Calibration with sigmoid
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(b) Calibration with isotonic

Figure 4.10: Probability Calibration
bration methods are "sigmoid" and "isotonic". The functions from scikit-learn
toolbox is altered to fix the classification model in this thesis and implemented
to the model output. Regarding to the alternation, the original toolbox aims
for several classification methods in the same toolbox. So I changed some of
the attributes’ names and data types to make it work for my own neural network output. Probability changes from before calibration to after is shown in
Figure 4.10.

4.3.2

Prediction Improvement with Entire Framework

Based on the previous experiments, the best network settings and input features
are used for implementing the entire framework, that is described in Table 4.1.
To control the training time, the direct encoder-decoder structure is used for
trajectory prediction.

The three direct encoder-decoder models are trained with different maneuver data (lane change left, lane change right and lane following) separately.
New predictions are made using these three encoder-decoder models based on
the classification result. Specifically, when a input trajectory is classified as
lane change left, the "left" encoder-decoder model is used to do the prediction.
Figure 4.11 shows an example when a vehicle makes a lane change. The prediction result with maneuver classification (in the orange box) is shown to be
able to detect the lane chane behavior earlier than the one without classification
(in the blue box) and give better prediction results during lane changing.
More generally, the mean square error loss (m) on all test data is shown in
Table 4.2. It is proved that the most accuracy prediction for each test maneuver

34

CHAPTER 4. EXPERIMENTS AND RESULTS

Network
layers
hidden nodes
activation
functions
optimizer
input features

Maneuver Classification
2 LSTM, 2 dense
128
sigmoid and softmax
for dense, sigmoid and
tanh for LSTM
rmsprop or adam
normalized
lateral
and longitudinal coordinates,
heading,
existence and distance
of surrounding vehicles

LSTM
Encoderdecoder
2 LSTM, 2 dense
128
linear for dense, sigmoid and tanh for
LSTM
rmsprop or adam
normalized lateral and
longitudinal
coordinates, velocity

Table 4.1
Data used for
Network training
All trajectories
Left trajectories
Right trajectories
Following trajectories

Test loss
(left)
0.580
0.564
0.830
0.706

Test loss
(right)
0.725
0.782
0.544
0.599

Test loss
(following)
0.727
0.676
0.730
0.555

Table 4.2
data is done by the corresponding trained encoder-decoder network, which are
marked in bold in Table 4.1 (e.g. the prediction model trained for trajectories
with maneuver "lane change left" outperforms the other two as well as the one
trained with all trajectories on the test data with left maneuver). Therefore, if
only the maneuver classification result is reliable, the maneuver based multimodel will provide better prediction.

The left figure in Figure 4.12 shows an example when we use the calibrated probability result to generate more than one possible trajectories when
a vehicle makes lane change. The probability value is represented with the
transparency of the predicted yellow blocks. Here it shows a 71 percentage
following the lane and 29 percent change lane to right, so as to count for uncertainty of the prediction result.
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Figure 4.11: Prediction performance of one vehicle example with and without maneuver classification.(Green lines indicates the centerlines of each lane.
Blue blocks are the historical vehicle trajectories, yellow blocks are the predicted vehicle trajectories and red dots are the true future trajectories)

Figure 4.12: Prediction performance of one vehicle example when generating
more than one possible trajectories.(Blue blocks are the historical vehicle trajectories, yellow blocks are the predicted vehicle trajectories and red dots are
the true future trajectories)

Chapter 5
Discussion and Conclusions
From the experiment results in Chapter 4, some conclusions are summarized
and discussed in this Chapter.
1. Both encoder-decoder networks implemented in this thesis are proved
to perform better than a stacked LSTM-dense network in dealing with
long-term memory problems, which verifies that an encoder-decoder
structure is more suitable for sequence-to-sequence problem solving.
However, there are more alternatives for the structure design, and the
long-term memory problem might be better solved by encoder-decoders
with attention mechanism. This mechanism is not tried out in this thesis
but is wildly used in many papers.
2. In this framework, input features such as surrounding information are
showing more improving effect during maneuver classification. Only
vehicle velocity seems to help with the trajectory prediction. Thus, compared to many other related works, the input for my prediction encoderdecoder network is rather simple. This might due to my usage of local x,
y coordinates during feature extraction. This method of coordinate system transformation can straighten the road so that the vehicle trajectory
in local coordinates does not change with the road structure.
3. In this framework, the length of input sequence (the time horizon of the
historical data) shows an obvious influence on maneuver classification
part. This result is reasonable because more historical information tend
to show a clearer vehicle maneuver. However, longer input sequence
length only improves the trajectory prediction performance within range
0 to 1 seconds. This result seems not what we have expected. After comparing to prediction results with less training data, my guess is that we
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have too small amount of training data, which also restricts the complexity of the network structure. This guess should be tested when more
data is available.
4. Prediction result with maneuver based multi-models is improved compared to the original simple model trained with the same data. However,
since the US-101 and I-80 dataset used in this thesis do not contain complex maneuvers, the improvement is only obvious when vehicles make
lane changes. While in normal situations when vehicles following a
lane, maneuver classification does not help or even sometimes weaken
it because the "following" model is trained on "following" data only,
which is much less and restricted than the simple model trained with all
the data.

5.1

Societal aspects

This thesis proves that maneuver classification with maneuver-specified trajectory prediction models outperforms a single trajectory prediction model
designed and trained in a similar condition regarding the root mean square
error of the predicted trajectory, especially in cases of uncommonly seen maneuvers. Therefore, for anyone who is investigating the behavior of a vehicle
or other objects like pedestrians, it should be worthy to considering their potential maneuvers.
Experiments with differently extracted input features, different network
structures, different input time domain are implemented and compared in this
thesis. The results from these experiments can be as a reference to those who
are dong similar tasks.

5.2

Future Work

For further research and future work based on this thesis, several directions
are:
1. Other dataset with more datapoints and more complex vehicle behaviors
or road structures can be used. With new datasets, the framework can to
be altered and improved to suit more situations.
2. The probability calibration step does not ensure a real confidence output,
but just a transformation from the softmax output to a more probability
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like one. In order to generate real probability of different maneuvers,
variational auto-encoder can be explored and applied in future.
3. The network structures and parameter tuning never reach the best, so
this can always be a direction of exploration.
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APPENDIX A.

Algorithm 1: Maneuver Clustering
Result: k clusters of data
Input: k(terminal number of clusters), D(dataset);
D_sub <= {x1 , x2 , ..., xm }(a subset of D);
for i = 1, 2, ..., m do
ci <= {xi }
end
num_cluster <= m;
while num_clusters > k do
c∗i , c∗j <= argmin(dist(ci , cj ));
c_new <= c∗i ∪ c∗j ;
delete c∗i , c∗j ;
num_clusters = num_clusters − 1
end
D <= {x1 , x2 , ..., xn };
 <= asmallnumber;
initial_medoids <= median(c1 , c2 , ..., ck ));
initial_cost <= sum(dist(initial_medoidsm , xj )) j = 1, 2, ..., n;
while initial_cost >  do
medoids <= initial_medoids;
cost <= initial_cost;
for i = 1, 2, ..., nandm = 1, 2, ..., k do
swap(medoidsm , xj );
cost <= sum(dist(medoids, x));
if cost < initial_cost then
initial_medoids <= medoids;
initial_cost <= cost;
end
end
end
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