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Abstract

Dahlem Center for Machine Learning and Robotics

Institut für Informatik, Freie Universität Berlin

Master of Science

Maneuver Recognition in Urban Environments with Multi-Stream

Networks

by Jana Kirschner

To accomplish the task of highly automated driving it is necessary to get an understand-

ing of the scene surrounding the autonomous vehicle. One step towards the problem of

maneuver recognition in the field of intelligent vehicles is closely related to the task of

action recognition of human actions. Approaches found in literature solve the problem

of action recognition based on RGB and optical flow images for every-day activities.

Multi-stream networks with 3D-convolutional layers are frequently used to solve this

task. The fusion methods as well as the inputs vary in literature. Besides this, long

short-term memory cells are often found in the area of action recognition. Compared to

3d-convolutions they are able to recognize long term motions.

This thesis discusses the question as to whether approaches for action recognition can be

used in the field of maneuver recognition. To achieve this, different fusion methods for

multi-stream networks as well as different input images were examined. Furthermore,

the impact of the addition of a long short-term memory cell was tested and evaluated.
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1 Introduction

This thesis was written in cooperation with the group research of Volkswagen. The aim

of this work is to present a possible approach for the task of maneuver recognition in

urban environments and to analyze the challenges related to this task. However, this

thesis does not provide an universal solution for this problem.

1.1 Motivation

Life is non-negotiable.

Humans are fallible.

Tolerable limits are defined by human physical resistance.

People are entitled to safe transport and safe workplaces. [1, 2]

These four principles describe the fundamental aim of the Vision Zero [1, p. 4ff.], [2, p.

2ff.]. Based on the idea that every accident is avoidable it was first formulated in Swedish

occupational safety regulation in the year 1811 [1, p. 3]. Currently the Vision Zero is

applied to traffic safety. Its ultimate goal is “no fatalities or severe injuries through road

traffic crashes” see [3, p. 19].

But we are far from reaching this vision: in the year 2017 approximately 400, 000 people

got injured and 3, 000 died on German roads alone. The reason for 90% of injuries are

human errors. Knowing this, it can be concluded that a part of accidents, caused by hu-

man errors can be reduced by the help of advanced driver-assistant systems (ADASs) [4].

Besides reducing injuries during individual transportation, another advantage of highly

automated driving and driverless cars is, that handicapped and ill people will be able

to use individual trasportation. This would improve their mobility and flexibility. Fur-

thermore, people spend on average 1.5 hours per day driving their cars [5]. Through

driverless cars it would be possible to use this time e.g., for working or reading. More-

over, it would reduce the overall time spent in vehicles by reducing or even eliminating

traffic jams. The authors in [6] determine that equipping 20% of the vehicles on German

streets with adaptive cruise control systems would almost eliminate traffic jams. Taking

this into account, it is conceivable to reduce traffic jams with driverless cars even more.

1
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1.2 Problem Statement

Maneuver recognition of surrounding objects, such as pedestrians, vehicles and bicycles,

plays an important role in the task of highly automated driving. Given a set of inputs,

such as sequences of data over time of length T and previously classified objects O, the

task of maneuver recognition is to determine the current maneuver mi
o(t), with i is a

unique id, o ∈ {passenger car, truck, bus, pedestrian, bicycle} and m ∈ {crossing, driv-

ing, oncoming, parking, preceding, stopping, turn left, turn right, waiting, lane change,

parking in, parking out, not on the road}. The different maneuvers are dependent on

the object class. For example a pedestrian either crosses the road or is not on the

road but is not able to do the maneuver class preceding.

In the following, we will assume that the inputs consist of sequences of images of length

16, as well as their computed optical flow and their pixel segmented counterpart. The

aim of this thesis is to determine whether it is possible to classify maneuvers of surround-

ing objects under the given assumptions, and which architecture and fusion method is

suitable.

1.3 Related Work

Action recognition is a broad research area with a large volume of publications in the

field. On a high level of abstraction, action recognition can be categorized as a clas-

sification problem. In this area many conventional methods are based on the bag of

features (BoF) representation, which is a orderless representation of the computed fea-

tures. Those features are e.g., the result of a scale invariant feature transform (SIFT) [7],

which describe scale invariant features. They are extracted from key points in the im-

age generated from Laplacian of Gaussian approximation. After extracting features it

assigns an orientation to each of them and only does calculations relative to the key

points, which makes this method orientation invariant. Another feature extractor used

by Delal et al. [8] is called histogram of oriented gradient (HOG) and extracts features

based on the gradient. The features can then be encoded with e.g., the BoF represen-

tation, which is the input to an classifier e.g., a support vector machine (SVM), that

divides the different dimensions of features into different classes by constructing a set of

hyperplanes separating the different classes.

Recently, deep convolutional neural networks (CNNs) achieved state-of-the-art perfor-

mance on action recognition. Plenty of research groups employ CNNs resembling the

following topology. The first convolutional layers can extract features, while the follow-

ing fully-connected [9] or fully convolutional layers [10] are able to classify the extracted

features. The advantage of this approach compared to the ones using a BoF method is
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the possibility of a joint optimization of the whole learning architecture. In the last years

new approaches came up to solve classification tasks, such as zero-shot-learning [11,12] or

adversarial networks [13], which will only be mentioned briefly but not explored further

in this work.

While the majority of approaches do classification based on time series/image sequences,

others only use single images [14–16]. In general, the image sequence approaches can

be categorized into how they handle the temporal dimension [17]: 3D-convolutions, pre-

computed features, and temporal dependencies. A summary of the presented approaches

in this thesis, can be seen in Figure 1.1.

The first category uses 3D-convolutions to extract features along both, spatial and

temporal dimensions. Tran et al. [18] introduce an architecture for 3D CNN, which

outperforms common 2D CNN architectures and show that small convolutional kernels

can achieve better results than large ones. Varol et. al [19] use a 3D CNN to recog-

nize long term temporal motion within 16 to 100 frames. Similar approaches for action

recognition with 3D CNN can be found in [20–23]. Next to using convolutional layers

in combination with fully-connected layers, it is possible to combine the 3D CNN with

long-short term memory (LSTM) and SVM. Lu et al. [24] classify the generated features

from 3D CNN with an LSTM.

A different strategy focuses on incorporating pre-computed features, such as optical

flow [25] and actor’s body parts [26], whereas in many cases the stream’s architecture

is a 3D-convolutional network. A three-stream architecture introduced by Oliveira et

al. [25], combines the position of the actor’s body parts, the optical flow and the RGB

image. Instead of combining the streams by summing up the scores, which is common

for multi-stream networks, the authors combine the different streams by a sequential

Markov chain. This approach of integration should enforce the model to learn comple-

mentary features in each of the convolutional streams. A different multi-stream architec-

ture combines the RGB image and the optical flow [27,28]. Khong et al. [27] present an

architecture utilizing two streams, that both consist of existing 3D CNN for action recog-

nition [18]. To fuse the different streams, the authors average the two softmax output

scores. Another method for combining the streams, mentioned in this paper, is apply-

ing a linear SVM after L2 normalization. In comparison to this approach, pre-trained

ImageNet models for both streams are used and different fusion methods are compared

by Feichtenhofer et al. [28]. Tu et al. [26] introduce a three-stream architecture, which

combines three existing two-stream networks for action recognition. As input they use

semantic cues, e.g., the detected action region or only parts of it, in combination with

optical flow features.

Furthermore, a considerable amount of literature has been published using temporal de-

pendencies by combining a recurrent neural network (RNN) with a CNN for action
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action recognition

single image

[14–16]

time series

3D-convolution

[18–24]

multistream
with pre-computed features

[25–28]

recurrent network
temporal dependencies

[24,29–31]

Figure 1.1: Taxonomy of different action recognition approaches.

recognition. Common methods apply either action dependent or context dependent fea-

tures, in which the latter typically correspond to image regions where the action occurs.

Sun et al. [29] introduce a two-stream LSTM architecture, referred to as Lattice-LSTM,

which learns memory cell transitions independently for individual spatial locations and

combines RGB images and optical flow. This architecture can estimate complex motions

without significantly increasing the model complexity. Another two-stream architecture

can be found in [30]. Approaches based on a 3D-convolutional networks are proposed

in [24, 31], here the approach of Lu et al- [24] is used to detect a specific action of

falling.

In the area of maneuver recognition/prediction common approaches often use meth-

ods like SVMs [32], Bayesian Networks [33], and Hidden Markov Models [34] for classifi-

cation based on motion features such as speed and yaw rate. A different approach [35,36]

classifies driving maneuvers based on prototype trajectories which are computed in ad-

vance. Dinstiguished from these classic methods Lenz et al. [37] introduce a feature-

based deep neural network which is used to parameterize a Gaussian Mixture Model.

This architecture can predict the probability distribution over all possible actions for

a vehicle. Compared with action recognition approaches, which are mainly based on

image inputs, the maneuver recognition methods mentioned above are in general based

on pre-computed input features.

This thesis focuses on maneuver recognition by using a multi-stream convolutional net-

work with 3D convolutions. In the following we will use the term action in the UCF

dataset, while we will use the term maneuver in the context of automated driving for

both human motion an vehicle motion. Possible maneuvers are for example preceding

and lane change.

To fulfill the task of maneuver recognition based on convolutional networks, this thesis

is based on the approach described in [19]. It was chosen because of its good results on

the UCF101 dataset. On top of that it proposes different methods to improve results,

which is often neglected in other approaches. The aim of this thesis is to validate our
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proposed algorithm on the introduced urban scenario data set, rather than improve the

human action recognition data set UCF101.

1.4 Description of Contents

The thesis is organized as follows: First an introduction of the fundamentals is given in

Chapter 2. Subsequently, the paper on which this work is based on, and the methodology

is explained in Chapters 3 and 4. The dataset preprocessing is outlined in Chapter 5.

Subsequently, in Chapter 6 the task of maneuver recognition on a dataset of tactical

driving maneuvers is evaluated. To fulfill this task, different architectures and parame-

ters are tested. The thesis concludes with a critical reflection of this work and an outlook

into future research in Chapter 7.



2 Fundamentals

This Chapter gives an overview of the fundamental concepts used for this thesis. Detailed

information can be found in literature. In the following, artificial networks theory will

be outlined in Chapter 2.1, then Chapter 2.2 describes the functionality of convolutional

neural networks (CNNs). Since this thesis deals with multi-stream networks, Chapter 2.3

will explain the fundamentals of the fusion of different neural network streams. Chap-

ter 2.4 describes long-short term memory cells and Chapter 2.5 introduces the optical

flow, which can be used to extract motion in image sequences.

2.1 Artificial Neural Networks

Artificial neural networks were first mentioned in [38]. The very simple model of neurons

proposed by McCulloch in [38] has only binary inputs and binary outputs and can

compute logical computations such as ADD and OR. In 1958 Rosenblatt [39] invented

a new model of neural network (NN), which is called perceptron. This perceptron is the

basis of many NN and deep learning models. Since then, many NN architectures have

been used for different practical applications, e.g., classification and forecasting [40].

The general idea of NNs is based on the human brain. “With respect to processing

information the neurons are the most important components of the nervous system.” [41].

There are about 100 billion neurons in the human brain, of which a large part can act in

parallel. The information processing is done by interaction of different neurons through

electrical activity. Each neuron is surrounded by a cell body, that has long extensions,

called axons as well as short extensions, called dendrites. A place where an axon and a

dendrite almost touch, is called synapse. This place is where the activation potential is

given to the next neuron. An information is encoded by the electrical potential, as well

as the impulse that is transmitted per second [41].

The simplest model of a NN is called an single layer perceptron (SLP), which consists

only of input and output neurons as depicted in Figure 2.1. The neuron is connected to n

inputs by its incoming edges xi, that are weighted with a factor wi and summed up with

the input function. The addition of the bias to this sum is similar to the threshold in a

6
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xn

...

x1

b

∑
y

wn

w1

wb

s = xi ∗ wi + wb y = activation(s)

Figure 2.1: Network architecture of a simple single layer perceptron.

...

...
...

I1

I2

I3

In

H1

Hn

O1

On

Input
layer

Hidden
layer

Ouput
layer

Figure 2.2: Network architecture of a simple multi layer perceptron.

human neuron, in which a neuron only fires if passing a certain threshold. Considering

the approximation of a linear function, the bias is represented by b in y = ax + b [41].

After summing up the inputs, the activation function determines the overall output of

the neuron, called activation. In the case of an SLP e.g., for a binary classification, the

activation function determines whether the output is true or false. In the context of a

network with one or more hidden layers (a multi-layer perceptron (MLP)), this could

also be one of the input edges of another neuron, see Figure 2.2 .

Considering an MLP, there are three basic types of layers, see Figure 2.2: input layer,

hidden layer, and output layer. The neurons of each layer k are connected to all neurons

in the layer k + 1. This configuration is called fully-connected.
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Activation Functions

Basically each neuron can output values in the range from negative infinity to positive

infinity. The decision of whether a neuron is activated or not is made by activation

functions.

The simplest form of an activation function is the step function which outputs 1 if

the neuron’s output value is greater than a specific threshold, else 0, see Figure 2.3(a).

In case of this activation function, one neuron can only be completely activated or not

at all, which is in general not useful for e.g., multi class classification. There multiple

neurons should be activated, for outputting a certain score for each class.

A linear activation function, which passes the input without any changes is still a

very simple model, see Figure 2.3(b). If more than one neuron is activated the output

class will be based on a defined rule e.g., the maximum activation. But there is still

a drawback. Since the derivative is constant, multiple layers are equivalent to a single

layer neural network [42]. Another problem with linear functions is, that they do not

limit the neuron’s output, which means that the values can get very high [42].

With the use of a sigmoid activation function, it is possible to limit the neuron’s output

to the range from 0 to 1. Another advantage is its non linearity. If multiple layers with

linear activation functions are put together, the result of the last layer will always be a

linear function of the input of the first layer. Which means that these networks can be

reduced to a single layer network. This is no longer the case by using a sigmoid function

or any other non linear function. But since the function is flat near 0 and 1 the gradients

can become very small. This prevents the network from training [42], see Figure 2.3(c)

for a plot of the function.

In Figure 2.3(d) a scaled sigmoid function can be seen. This means the gradients

are stronger than in Figure 2.3(c), but still on either end of the function, the vanishing

gradient problem is present.

The ReLu function is nonlinear and not continuously differentiable, its outputs are

between 0 and positive infinity. Since this activation function can simply be implemented

by thresholding it is very efficient. As the output in its positive region is equal to the

input, it solves the vanishing gradient problem in this region [42], see Figure 2.3(e).

By changing the negative part of the activation function it is possible to mitigate the

vanishing gradient problem. The leaky ReLU for example multiplies the input with a

constant small term e.g., 0.01 in the negative region of the function [42], see Figure 2.3(f).

Finding a suitable activation function is still an open topic in research.
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Figure 2.3: Visualization of different activation functions.

2.1.1 Training

The objective of training a network is to minimize the loss on the training data set, as

well as generalization. The loss can be described as L(a, (x, t)) = ||a(x)− t||2, where a

represents an activation function, x an input vector and t the target vector. A common

method for training is the backpropagation algorithm. The main idea of backpropagation

is to determine the errors in the hidden units (which cannot be computed directly) in

an MLP by backpropagating the errors through the network [43, p. 27 ff.]. The training

procedure is divided in the forward pass and backward pass.

Backpropagation

The basic algorithm loop can be structured as follows [40, p. 102 ff.]:

1. Present the pattern at the input layer.

2. Let the hidden units evaluate their output using the pattern.

3. Let the output units evaluate their output using the result in step 2 from the

hidden units.

4. Apply the target pattern to the output layer.

5. Calculate the δs on the output nodes. Which is defined by δk = σ′(ak)
∑

j∈Ik δ
jwjk,

with σ′ describing the gradient of the activation function a of node k, Ik the kth
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input node and wjk the trainable weight between node j and k. δjwjk can be

written as η(tj − yj)g′(hj)xi, with tj describing the target value and yj the actual

output. g′ is the derivative of the activation function σ, xi =
δhj
δwjk

, hj the neuron’s

input and η the learning rate.

6. Train each output node using gradient decent.

7. For each hidden node, calculate its δ.

8. For each hidden node use the δ found in step 7 to train according to gradient

descent.

The steps 1-3 are known as forward pass and steps 4-8 as backward pass. During

the forward pass the output of each neuron is evaluated with respect to its activation

function as well as the output of the neurons in the previous layers [43, p. 27 ff.]. In

the following, the backpropagation algorithm will be explained based on [43, p. 27 ff.]

and [40, 102 ff.]. The output of a neuron is determined as:

ypk = F (spk), (2.1)

in which

spk =
∑
j

wjky
p
j + bk, (2.2)

where F is the chosen activation function, ypk is the output with respect to an input

pattern p of a neuron k. The summation is done over nodes j connected to node k.

To measure the error at the output layer, the chosen error function Ep is applied e.g.,

the total quadratic error is defined by:

Ep =
1

2

∑
o∈No

(tpo − ypo)2, (2.3)

where tpo is the desired output for the layer and ypo is the calculated output. The delta

of each weight in the network is calculated by

∆pwjk = −η δE
p

δwjk
. (2.4)

By using the delta of each weight in the network, the backpropgation algorithm is min-

imizing the error function Ep

δEp

δwjk
=
δEp

δspk

δspk
δwjk

. (2.5)
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The second factor is written from Equation 2.2 as

δspk
δwjk

= ypj . (2.6)

We define

δpk =
δEp

δspk
. (2.7)

The update rule for each weight can be described as

∆pwjk = −ηδpky
p
j , (2.8)

with η describing the learning rate which defines the step size. To compute δpk we apply

the chain rule and now have a product of two factors,

δpk = −δE
p

δspk
= −δE

p

δypk

δypk
δspk

, (2.9)

by computing the second factor of Equation 2.1 it yields

δypk
δspk

= F ′(spk), (2.10)

which simply is the first derivative of the activation function. Starting from the output

layer we get
δEp

δypk
= −(tpo − ypo), (2.11)

after substitution of Equation 2.10 and 2.11 in Equation 2.9:

δpo = (tpo − ypo)F ′o(spo) (2.12)

If k is not an output layer we have no information about the contribution of one hidden

layer to the output error. To solve this problem we need a function that computes the

error for the hidden layer up to the output layer. To compute this we can write:

δEp

δspk
=

N∑
k=1

−δE
p

δspo

δspo
δypk

, (2.13)

after substitution of δpo = − δEp

δspo

δEp

δspk
=

N∑
k=1

δpo
δspo
δypk

, (2.14)
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by substituting s with Equation 2.2 spk =
∑

j wjky
p
j + bk:

δEp

δspk
=

N∑
k=1

δpo
δ

δypk
wk,oy

p
k = −

N∑
k=1

δpkwk,o (2.15)

after substituting this in Equation 2.9 and 2.10 it yields:

δpk = F ′(spk)
N∑
k=1

δpowk,o. (2.16)

Equations 2.13 and 2.15 are computed recursively for each layer in the network, the

results are used to compute the weight changes according to Equation 2.9.

According to step 8, the gradient descent algorithm adds the calculated weight changes

to the previous weights in the network and thus improves to network’s classification

quality.

2.1.2 Gradient Descent Optimizer

As can be seen in the previous section, the updating of each hidden node is achieved by

the gradient descent method. Apart from this basic approach of gradient descent there

are different variants of this algorithm.

For simplification the gradient descent algorithm ∆wij(t + 1) = −ηδpky
p
j + ∆wjk(t) is

substituted by θ = θ − ηδθy(θ), where θ is a set of parameters describing the network

e.g., the weights of the layers.

Batch Gradient Descent

The batch gradient descent computes the gradient with respect to (w.r.t.) the parameters

θ of the entire training data set:

θ = θ − ηδθy(θ). (2.17)

This procedure needs just one update and can only be calculated for data sets, which

fit in the memory, but it converges to a local minimum [44].

Stochastic Gradient Descent

Stochastic gradient descent performs parameter updates for each sample in the training

data individually; that is a forward pass as well as a backward pass with a parameter
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update performed for a single sample:

θ = θ − ηδθy(θ;x(i); y(i)). (2.18)

This algorithm can be used in online training and is much faster than batch gradient

descent. Batch gradient descent converges to the local minimum if there are enough dif-

ferent samples in one batch but stochastic gradient descent often jumps around different

local minima [44].

Mini-batch Gradient Descent

The third variation of gradient descent is called mini-batch gradient descent and performs

one backward step for each mini-batch. One mini-batch includes multiple samples from

the training data set:

θ = θ − ηδθy(θ;x(i:i+n); y(i:i+n)). (2.19)

This variation reduces the amount of parameter updates, which can prevent jumping

between small local minima and leads to a more stable convergence [44].

The three algorithms of gradient decent do not deal with finding an appropriate learning

rate and are not suitable for highly non-convex error functions [44]. In the following

gradient descent techniques that are widely used for deep learning, will be outlined.

Momentum

While Gradient Descent is likely to oscillate across the slopes of a local minimum, mo-

mentum helps to accelerate in the relevant direction and dampens oscillations. This is

done by adding a fraction from the update vector of the last time step [44].

vt = γvt−1 + ηδθy(θ) (2.20)

θ = θ − vt (2.21)

Nesterov accelerated gradient

By investigating the error function at the next step’s value it is possible to get an idea

what the error function will look like in the next steps. While the Momentum algorithm

jumps in the direction of the new gradient, Nesterov accelerated gradient first jumps to

the direction of the previous gradient, then calculates the gradient and does a correction
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of its step. With this technique, it is possible to locate a change of direction in the error

function [44].

vt = γvt−1 + ηδθy(θ − γvt−1) (2.22)

θ = θ − vt (2.23)

Adagrad

The previous optimizers only adapt the updates to the slope of the error function.

Adagrad adapts the learning rate to the parameters to perform smaller or larger updates.

The updates depend on the occurrence of associated features.

Adagrad computes the gradient at time step t w.r.t. parameter θi as follows:

gt,i = γηy(θt,i). (2.24)

Consequently the parameter update can be computed by:

θt+1,i = θt,i −
η√

Gt,ii + ε
∗ gt,i, (2.25)

Gt ∈ Rd×d is a diagonal matrix, where the i-th element on the diagonal is the sum of

squares of the gradients w.r.t. θi up to time instance t. To avoid division by zero ε ∈ R
is added, which is close to zero but larger than zero.

Adagrad’s weakness is that the learning rate can get very small, because of the addition

of squared gradients in the denominator, which are always positive [44].

Adadelta

Adadelta tries to overcome the monotonically decreasing learning rate with a sliding

window for adding the last w gradients, instead of adding all last gradients. This is

done by a running average approach E[g2]t for each time step [44].

θt+1,i = θt,i −
η

E[
√
g2] + ε

∗ gt,i. (2.26)

Adam

Adaptive Moment Estimation (Adam) is another approach to compute adaptive learning

rates for each parameter. Additionally to storing the average of past squared gradients
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vt, it stores an average of the past gradients mt [44].

mt = β1mt−1 + (1− β1)gt, (2.27)

vt = β2vt−1 + (1− β2)g2t . (2.28)

Since the authors of Adam observed that mt and vt are biased towards zero, they used

a new bias-corrected estimation:

m̂t =
mt

1− βt1
, (2.29)

v̂t =
vt

1− βt2
. (2.30)

The Adam update rule is computed as follows:

θt+1 = θ − η√
v̂t + ε

m̂t. (2.31)

2.1.3 Regularization

A central challenge in deep learning is to make the network perform well on both the

training data as well as unknown inputs. Strategies to reduce the test error are known as

regularization. By observing the training and validation error it is possible to estimate

whether the network is overfitting or underfitting. By achieving good generalization

on the training data set the model will neither overfit nor underfit. A visualization of

this effect is provided in Figure 2.4. In the following some regularization techniques are

outlined.
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Figure 2.4: Underfitting and overfitting during training.
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Parameter Regularization

Weight decay is one of the most common regularization techniques. By adding a regular-

ization term, it drives the weights closer to the origin. But regularizing the parameters

to be near any point would still yield a positive effect. [45, p. 116 ff., p. 126 ff.] For

L2 regularization this is done by adding the term Ω(θ) = 1
2 ||w||

2
2 =

∑
i |w|2i , whereby w

denotes all weights that should be affected by regularization and θ indicates all param-

eters. While L2 regularization is the most common form, there are other ways, like L1

weight decay, computed as Ω(θ) = ||w||1 =
∑

i |w|i [45, p. 116 ff., p. 126 ff.].

Data Set Augmentation

Another way to make a model generalize better is training it on more data. Since in

most cases, the amount of data is limited, one way to get around this problem is data

set augmentation. Creating new fake data can be done by transforming the training

data. In case of images as input data operations like moving images by some pixels in

each direction often improves generalization greatly [45, p. 136 ff.]. But operations like

rotation, scaling, mirroring and injecting noise are also common.

However, transformations should be applied carefully, since the class must stay the

same. The class changes by accidentally transforming the maneuver left-turn to the

maneuver right-turn by flipping the image.

Early stopping

By training large models which are likely to overfit, it could be helpful to stop training

before the error has decreased too much. A small error value describe a good adaption

of the parameters for the training dataset. If the parameters fit perfectly to the training

dataset, the performance for the testing dataset suffers. By observing the training and

validation error, the model will be saved each time the validation error starts increasing

again. After the training has stopped, the saved parameters will be used rather than

the latest parameters. If none of these saved parameters improve, the training process

terminates. [45, p. 241 ff.]

Dropout

The last technique presented here is applying dropout to specific layers to prevent over-

fitting. The idea of dropout is to randomly drop neurons in specific layers. This creates

smaller subnets which are more likely to generalize than big ones [46].
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2.2 Convolutional Neural Networks

For image processing a special kind of network called convolutional neural network

(CNN) is used. The approach is inspired from the brain’s visual cortex, in which multiple

visual neurons have a local receptive field, which means that they react to stimuli in

this field. With the use of receptive fields in neural networks, there are considerably

less parameters needed for a CNN, than for a fully-connected network [47]. In fully

connected networks, weights connect each input value to each neuron in the first layer.

CNNs only use one weight for each receptive field. Using a fully-connected network for

image inputs, one weight for each pixel value would be needed.

Convolutional Layer

The convolutional layer is based on the convolutional operation from mathematics. It

slides a function (kernel) over another and calculates the integral of a pointwise mul-

tiplication [45, p. 327 ff. ]. When applying this on images, the output is a picture

with specific features from the original picture. For a two-dimensional image I and a

two-dimensional kernel K, the convolutional operation can be shown as:

S(i, j) = (I ∗K)(i, j) =
∑
m

∑
n

I(m,n)K(i−m, j − n). (2.32)

The kernel k denotes a multidimensional array with parameters that are changed dur-

ing the learning process [45]. An example of the convolutional process can be seen in

Figure 2.5.

Each parameter in the kernel is a weight in the neural network. Comparing the different

kernels that are used in the training process to the input size, which is the image size,

the CNN has much less parameters than a fully-connected network. Since the input is in

general an RGB-image, the kernel consists of three kernel levels, one for the red image,

the green image and the blue image.

The sliding procedure is specified by padding and striding parameters. Stride controls

the step size of the convolving kernel. In some cases there are multiple rows and columns

left, because the kernel does not exactly fit multiple times into the input volume. In

this case, it is possible to pad zeros around the input, so that the kernel fits exactly.

In the common architecture of a convolutional layer, an activation function and a pooling

layer follows the convolutional operation, which will be introduced subsequently.
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Figure 2.5: Convolutional operation with stride one, see [45, p. 330 ]

.

Pooling

Generally, to subsample the output of a convolutional layer, a pooling layer follows.

This further reduces the number of parameters compared to a fully-connected neural

network (NN). Similar to convolutions there is a kernel, which slides over the image.

The sliding procedure is specified by padding and striding parameters, similar to the

convolutional layer.

There are different pooling approaches, such as max pooling and average pooling. While,

max pooling takes the maximum value, which is covered by the filter, average pooling

calculates the average value. An example of max pooling can be seen in Figure 2.6 [45, p.

335 ff.].
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Figure 2.6: Max pooling operation with 2× 2 filter and stride two.
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3D-Convolution

Additional to convolution and pooling in the spatial axis, it is possible to do so in the

temporal axis on image sequences. In this case the kernels do not only slide over one

image, but slide over one image and over the temporal axis. With this approach it is

possible to recognize spatial, as well as temporal features.

2.3 Multi-Stream Neural Networks

Convolutional networks in general handle only one data stream, which is commonly an

RGB image. Multi-stream networks can process multiple input streams. This has the

advantage that for e.g., action recognition it is possible to feed movement related data,

such as optical flow.

To fuse the streams, there are different possibilities. Karpathy et al. [48] show different

variants of fusion methods for temporal information. While early fusion combines the

information on the pixel level, at the first convolutional layer, late fusion processes

the information through two different neural network streams and fuses it in the fully

connected layer. The combination of both approaches is called slow fusion, which fuses

the information piecewise throughout the network, such that higher layers have more

information than lower layers.

Karpathy et al. [48] did not investigate different input types like optical flow and RGB.

Simonyan et al. [23] for example use these fusion methods on two-stream networks with

RGB and optical flow inputs. They try two different late fusion approaches, which are

averaging and classification via support vector machine (SVM). In the former approach

the authors average the output of each network and take the softmax. In the latter

approach an SVM takes the softmax scores of the different streams as feature inputs.

On top of to finding the best appropriate layer in the network to fuse, which was discussed

above, Feichtenhofer et al. [22] analyzed the fusion method itself. They investigated five

different approaches, the first being the sum of the two feature maps, this method does

not define a correspondence between the pixels of each layer. Similarly to this, taking

the maximum of each feature map has the same drawback. By concatenating the maps

there is still no correspondence between pixels. However, this can be achieved through

an extension called convolution fusion. In this approach the maps are first concatenated

and then convolved. This reduces the dimensionality by the factor of two and enables

learning the correspondence of the pixels in each stream. The last presented approach

is called bilinear fusion and first computes the outer product of the two feature maps

and then sums up the features of each location.



Chapter 2 Fundamentals 20

2.4 Long-Short Term Memory

As 3D-convolutions only capture motion patterns in the time frame of the input stream,

long-term temporal motions which are larger than the input stream, can be recognized

by long-short term memory (LSTM) cells [23]. While recurrent neural networks (RNNs)

suffers from vanishing and exploding gradients, LSTMs solves this problem by using

several learning gates. In the following an exemplary walk through a LSTM cell is

shown, based on [49], [50] and [51].

While traditional neural networks cannot remember past information, RNN have loops,

allowing information to persist. Each LSTM unit contains one or more memory cells

and three gating units, which are called input, output and forget. The cell’s recurrent

unit is called Constant Error Carousel, which provides short-term memory storage by

recirculating the activation and error signals. By training the gates, it can be learned

which information to store, how long to store it and when to read new information, see

Figure 2.7.
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Figure 2.7: LSTM cell, with three different gates, see [50].

If a gate is closed, information and noise cannot enter the cell. The update of the cell

state is based on three different inputs, the input to the cell itself netc and the inputs

to output gate netout, forget gate netin, and input gate netφ.

Information flowing through the cell first gets squashed by an input activation function.

Then the input gate controls, whether information can pass or not. If no information
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passes the cell the cell state is not updated. Similar to this the output gate controls the

information flowing out of the cell.

The role of each gate is defined in Equation 2.33 - 2.37. If it is activated the the oncoming

information will be processed. Respectively, if ft is activated the last cell status ct will be

forgotten. The output gate o controls whether the current cell output will be propagated

to the hidden state ht.

it = σ(Wxixt +Whiht−1 +Wcict−1 + bi) (2.33)

ft = σ(Wxfxt +Whfht−1 +Wcfct−1 + bf ) (2.34)

ct = ft ◦ ct−1 + it ◦ tanh(Wxcxt +Whcht−1 + bc) (2.35)

ot = σ(Wxoxt +Whoht−1 +Wco ◦ ct + bo) (2.36)

ht = ot ◦ tanh(ct) (2.37)

One major drawback of the classic LSTM presented above is the handling of spatiotem-

poral information. Before putting data into the LSTM it has to be flattened, which

looses all spatiotemporal information. For this reason Shi et al. [52] introduce a convo-

lutional LSTM. In this layer, all the inputs, outputs, states and gates are 3D tensors

with spatial dimensions in the last two dimensions. For a better understanding Shi et al.

explain these dimensions as feature vectors standing on a spatial grid. The convolutional

operations enable the possibility of determining the future state not only on the past

state but on the local neighbors. The authors use the convolutional operations in the

state-to-state and input-to-state transitions, see Equations 2.38 - 2.42.

it = σ(Wxi ∗ xt +Whi ∗ ht−1 +Wci ◦ ct−1 + bi) (2.38)

ft = σ(Wxf ∗ xt +Whf ∗ ht−1 +Wcf ◦ ct−1 + bf ) (2.39)

ct = ft ◦ ct−1 + it ◦ tanh(Wxc ∗ xt +Whc ∗ ht−1 + bc) (2.40)

ot = σ(Wxo ∗ xt +Who ∗ ht−1 +Wco ◦ ct + bo) (2.41)

ht = ot ◦ tanh(ct) (2.42)

2.5 Optical Flow

As stated by Baker et al. [53] the “optical flow is the apparent motion of the bright-

ness patterns in the image”. In other words, the goal of optical flow is to calculate the
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trajectory of each pixel over time. This task poses difficulties in realistic videos e.g.,

illumination changes and large displacements.

There are two popular approaches by Lukas/Kanade [54] and Horn/Schunck [55]. In

the following, both approaches will be explained briefly. In general there are several

assumptions used to simplify the optical flow calculation, such as brightness constancy

and temporal consistence [56]. From those, it follows that the motion constraint can

be written as ∇ITv + It = 0, where v = (u, v)T represents the optical flow with its

horizontal and vertical velocities, ∇I = (Iy, Iy)
T its intensity gradient and It is the

temporal derivative at inference time t [56]. As can be seen, this equation is an ill-state

problem, because it contains two unknowns. There are different approaches to overcome

this problem, which are mainly known as local and global approaches.

Lukas Kanade et al. [54] use the spatial coherence assumption, which means that neigh-

boring pixels move similarly and because of that share the same flow. This follows

the assumption that pixels on the same surface are likely to move together [56]. This

technique can be classified as a local method and is calculated by

minu,vELK =
3∑
i=1

Gσ ∗ [Iix(x).u+ Iiy(x).vIit(x)]2, (2.43)

where Gσ is the Gaussian convolution with derivative σ. I is the spatial and temporal

derivative for each of the three channels in the RGB image.

Horn and Schunck use a global technique to overcome the ill-state problem of the optical

flow equation, by applying a smoothness term. It can be calculated by

minvEHS =

∫
I
[

3∑
i=1

∇Ii(x).v + λ|∇v|2]dxdy, (2.44)

where λ is the regularization term and |∇v| = |∇u|2 + |∇v|2 [56]. The advantage of

Horn and Schunck is the smoothness term. Due to λ|∇v|2 it is possible blurring the

flow at the motion boundaries [56].

Alongside these geometrical approaches there are neural network based approaches

as well. For example Ilg et al. [57] do an end-to-end optical flow estimation with a

convolutional neural network (CNN). They combine different FlowNets to accomplish

the task of large and small displacement optical flow estimations. While large displace-

ments in general belong to fast movements, small displacements correspond to slow

actions.



3 Methodology

This chapter focuses on the used toolboxes for machine learning and the workflow of

the implementation. The toolboxes were chosen to ensure a fast and simple integration

into the autonomous vehicles. Further the basic tool setup will be introduced, which

includes the used graphic cards and workstation setup.

3.1 TensorFlow

“TensorFlow is an interface for expressing machine learning algorithms, and an imple-

mentation for executing such algorithms.” [58]. It was developed by Google Brain and

is their second generation of a machine learning interface after DistBelief.

TensorFlow provides a Python and a C++ interface. This thesis is based on the Python

frontend. All computations in TensorFlow are described by a directed graph, the values

that flow along the edges are tensors, which are multidimensional arrays. The element

type is specified at graph construction time.

To run computations it is necessary to create a session, which makes the client program

interact with the TensorFlow system. A primary operation of a session is Run. It com-

putes outputs of given variables with a given set of tensors.

It is possible to put a graph on different devices. Each node has to be placed on a device,

such as a graphics processing unit (GPU) or a central processing unit (CPU). After the

manual construction of the graph, TensorFlow replaces each edge between two devices

with special Send, and Receive node, which coordinate the data transfer between the

different devices [58].

Next to the built-in device communication, TensorFlow has several useful functions for

training and testing a neural network. A very useful functionality is gradient computa-

tion. If a tensor C depends on a set of other tensors Xk, then dC/dXk can be computed.

For doing this, TensorFlow first finds a path from Xk to C and then does backtracking

to Xk. By doing this, for every node in the graph, it adds a new one, containing the

partial gradients. The newly added nodes can now be used as a gradient function by

any other operation [58].

Another useful feature is that TensorFlow provides partial execution of the graph [58].

23
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This allows the user to only run subgraphs of the built graph by calling the node’s name.

Besides these basic TensorFlow functions, different application programming interface

(API)s are provided e.g., for different layer computations, such as convolutional layer

and pooling layer, for a multi-threaded input pipeline, as well as tensor board for super-

vising the training and testing procedure.

3.2 Tool Setup

This thesis’ practical part was mainly developed in Python. As mentioned in the section

before, TensorFlow was used for training and testing the neural networks. The models

were trained by utilizing a graphics processing unit (GPU). While the single-stream

networks fit on one GPU, multi-stream networks only fit on multiple GPUs, one for

each stream.

The models were trained on a Nvidia GeForce GTX 1080 with 11GB memory. The

code is tested on an Ubuntu 18.04 LTS system, with Python 3.6.5 in combination with

TensorFlow 1.7, cuda 9.0 and libcudnn 7.0.

TensorFlow provides different possibilities to design the network as well as the data

pipeline. By using these extensions dataset handling can become much easier. In this

thesis the choice of the input pipeline was in consideration of using TensorFlow-records,

using dataset API and writing an own data pipeline.

The decision for using the dataset API was based on the fact that it can shuffle the

dataset as well as the capability of parallelized fetching of input data. In this thesis the

data is not read from TensorFlow-records, but from disk. This is advantageous, because

the datasets change quickly and there is no need to write the whole TensorFlow record

file again.

3.3 Implementation Workflow

The implementation can be split into two different parts. The dataset generation and

the TensorFlow computations, as can be seen in Figure 3.1. Images of recorded vehicles

drives are stored in a folder structure of sampeled dataset - class name - id. With

this structure it is possible to review the dataset easily. Moreover, the multiple folder

structure prevents the explorer from crashing through too many files within a single

folder. For the multi-stream network it is necessary to generate optical flow images as

well as pixel segmented images for each used dataset. To generate a new dataset, this

procedure has to be repeated for the RGB images as well as for the optical flow and

pixel wise segmented images.
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After generating the dataset, the model has to be built. This is done with the use of

TensorFlow. For this thesis five different models are built. To feed the data into the

models the TensorFlow API was used. With the use of this API it is possible to shuffle

and batch the data set easily. Depending on the used model the training procedure

was implemented. For models including long-short term memory (LSTM)s the training

method is different to sequential models. In sequential models each batch is fed though

the network one after another. Using a recurrent model, for each sample, a time sequence

has to be generated first. Since the LSTM is not the first layer and gets feature maps

as an input, these maps have to be computed and stacked. For computing feature maps

the inference of the preceding layers has to be done.
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Figure 3.1: Workflow of the implementation for this thesis, including dataset
preprocessing, model generation, training and testing.



4 Validating the Network Architecture

To validate the built network architecture and functionality, the primary aim of this

thesis is reaching approximately the same results as presented by Varol et al. [19]. The

dataset UCF101 is used to fulfill this task. It consists of 101 everyday activity classes,

like apply makeup, play football and yo-yo. Since they implemented their approach by

utilizing Torch, it had to be reimplemented by using TensorFlow for this thesis.

4.1 Dataset Preprocessing

For dataset generation the videos were sampled with 25 frames per second and resized

to 171 × 128 pixels. The input images were then randomly cut into patches with size

112 × 112. Since the network receives a time sequence as an input rather than single

images, the images were stacked to sequences of size 16. This is done by a sliding

window approach, with 75% overlap. Missing images at the end of a video were replaced

by duplicates of the last existing image.

The presented approach is a two-stream network using RGB images and optical flow

as inputs. The optical flow was pre-processed by the FlowNet approach, which will be

presented in detail in the section below. The input of the second stream was cropped

and stacked by the sliding window approach in a similar fashion.

Optical Flow Preprocessing

Since one of the streams is using optical flow as input, either a network for calculating

the optical flow has to be put in front of the stream or it has to be pre-processed.

To avoid the extra inference time of the network for each sample, the optical flow was

preprocessed for this thesis.

Varol et al. [19] compare three approaches for optical flow generation MPEG flow [59],

Farneback [60] and Brox [61]. After analyzing the network accuracy based on the three

optical flow outputs, the authors decided to use the Brox approach. Compared to the

actual motion in the videos, Brox generates the best results on the UCF101 dataset as

well.

27
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(a) FlowNet2 (b) OpenCV (c) OpenCV

(d) Brox (e) PyFlow

Figure 4.1: Different optical flow approaches. (a) shows the chosen method used in
this thesis.

In this thesis five optical flow approaches were compared. FlowNet2 [57] is a convolutional

neural network (CNN) based approach and compared to the actual motion in the videos.

It generates the best results on our dataset and is able to handle small displacements

as well as large displacements. Next to this, two OpenCV approaches based on Lukas

Kanade [56], Brox [61] and PyFlow [62] have been compared, see Figure 4.1. As it

can be seen, FlowNet2 is the only approach in which the motion-areas are not highly

fragmented. While FlowNet2 and PyFlow are both neural network based approaches,

the three remaining methods are based on features and moving pixels. In many frames

as well as in Figure 4.1 both approaches, FlowNet2 and PyFlow generate good results.

But still FlowNet2 outperforms PyFlow, see Figure 4.2 for another example. While with

the optical flow computed by FlowNet2 it is possible to distinguish the motion of each

individual, this is not possible in PyFlow.

In summary, it can be said that the FlowNet2 approach produces better results and is

therefore chosen for all further steps.

4.2 Network Architecture

As depicted in Figure 4.3, and based on the architecture described by Varol et al. [19], the

used network consists of five 3D-convolutional layers, with 64, 128, 256, 256, 256 filter

maps followed by three fully-connected layers with the sizes 2048, 2048 and number

of output classes. The size of the filters is 3x3x3 for each convolutional layer. Each
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(a) original (b) FlowNet2 (c) PyFlow

Figure 4.2: Comparison of FlowNet2 and PyFlow.

convolutional layer is followed by a rectified linear unit (ReLu) and a 3D max pooling

layer. Each max pooling filter has the size 2x2x2, except for the first which is 2x2x1.

By repeating one pixel in all three dimensions the convolutional output is kept constant.

The filter stride is one for each convolution and dimension and two for each pooling

dimension. In the first two fully-connected layers a dropout layer is used, and each is

followed by a ReLu. A Softmax layer outputs the class scores.
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Figure 4.3: Network architecture. While C describes a convolutional layer, P
describes a pooling and fc a fully-connected layer. The size of filters F is 3x3x3 in
each convolutional layer. The convolutional layers are followed by a ReLu as well as a
3D pooling layer. The size of the pooling filters is 2x2x2, except of the first, which is
2x2x1. Filter stride S for all dimensions is 1 for convolution and 2 for pooling.

4.3 Training and Evaluation

Based on the proposed approach of Varol et al. [19] the network was trained for eight

epochs, where each epoch consists of 17573 mini-batches of size 23. The initial learning

rate was 3× 10−3 and was decreased twice by the factor of 10−1 after 80 thousand and

125 thousand steps. For regularization the dropout was set to 0.5 and weight decay was

initialized with 5× 10−3. It was reduced equally to the learning rate. Gradient descent

with a momentum of 0.9 was used as the optimizer.
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The measure of quality used by Varol et al. [19] is based on the mean accuracy per video

clip. Based on the calculated accuracy for each input sequence they average all softmax

scores for one video and take the maximum value as prediction.

During the implementation process of the network presented in Varol et al [19], different

problems arose. In first tests, the distribution of the training dataset prevent the model

from generalization. This issue was fixed by shuffling the dataset. The authors specify a

mini-batch size of 30, but only 26 mini-batches fit into the used RAM. After training the

network, only the reported results of the RGB stream could be approximately reproduced

with a difference of 4 percentage points. The accuracy of a combined flow and RGB-

stream model was better than a single stream, but compared to the results in the paper,

which reports an accuracy of 77% for the flow-stream, the results were much lower and

only score an accuracy of up to 51%. Since the paper presents multiple approaches,

it was noticed that a seemingly different approach with the mini batch size of 10 got

the same results. After retraining the network with the new batch size the accuracy

improved by one percent, which is still far beyond the presented results.

Figure 4.4: Input images for the multi-stream network. The first row represents the
RGB input and each image in the second row represents the optical flow up to the
image which can be seen above. Which means, that the second optical flow image is
the result from the first RGB image to the second.

A reason for this might be the generated optical flow, by looking at the dataset it can

be seen that in some cases two following frames are similar, this causes a very noisy

optical flow image. Since following frames are stacked to sequences, noisy images can

prevent the network from recognizing the motion, because some images do not show any

meaningful optical flow, see Figure 4.4. The reason for this problem might be based on

the image sampling method. To test the network, a second dataset was sampled by a

lower frame rate with the intention of lowering the similarity of two consecutive frames.
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But even by using a lower frame rate, the problem could not be solved. Another reason

for this could be the chosen optical flow algorithm.

Even though this work cannot reproduce the classification accuracy of the paper by

using the optical flow stream, this is possible with RGB images. By training and testing

the RGB stream network the results presented in the paper were reproduced. Fusing the

two-stream to a multi-stream network improved the accuracy by 6 percentage points,

which indicates the functionality of the two-stream network as well. All in all, it can

be said that by training and evaluating on the UCF101 dataset it was shown that it is

possible to fulfill the task of action recognition with this presented approach.



5 Dataset Preprocessing

After providing the functionality of the used network, it is applied to a different dataset.

While the UCF dataset contains videos of everyday activities, the new dataset contains

tactical driving maneuvers. Most of the activities in the UCF dataset are very different

to each other, but many driving maneuvers are very similar. The difference between a

lane changing vehicle and a preceding vehicle is only defined by the passing of the

lane markings, but both vehicles are driving in approximately the same direction.

This chapter deals with finding a proper data set as well as a suitable metric.

5.1 Dataset Preprocessing

The maneuver datasets contain grayscale images of size 1280 × 960. For each image,

there is a list of tracked objects, that can be found in this image with its corresponding

ID over time. Moreover, it includes classification data for objects and actions as well as

the location of bounding boxes.

Due to the fact that each bounding box contains only the object and no surrounding

context (e.g., other objects and lane markings that are important for the lane change),

each object was cut with its context and stored in combination with its ground truth

values. Since it is not trivial to decide how much context is needed, different options

were tested, see Section 6.2 Context Size of Tracked Objects.

The dataset consists of 13 different classes. The distribution of the classes in the dataset

can be seen in Figure 5.1. The network will be trained with the balanced dataset, see 5.1

since the network did not converge on the real dataset on first tests. The network takes

images of a fixed size, but the bounding boxes have different sizes. For this reason

they are normalized to a fixed size of 152 × 132. To determine this, the distribution of

bounding box sizes was examined and a mean value was taken. To add content to the

bounding boxes, each box was at least extended to 60% in x and y direction. If the box

and its context was still to small to fit the size of 152 × 132 more context was added

if there was spare context remaining. If there was no context left, the last column of

the image was padded. If the image was too large to fit the size, it was expanded until

32
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crossing(2.26 %)

driving(0.65 %)

oncoming(6.9 %)

parking(60.46 %)

preceding(11.81 %)

stopping(0.46 %)

turn left(0.68 %)

turn right(0.61 %)

waiting(5.09 %)

lane change(0.13 %)

parking in(0.2 %)

parking out(0.04 %)

not on road(10.7 %)

crossing(12.26 %)

driving(6.19 %)

oncoming(12.26 %)

parking(12.26 %)

preceding(12.26 %)

stopping(4.36 %)

turn left(6.51 %)

turn right(5.79 %)

waiting(12.26 %)

lane change(1.27 %)

parking in(1.9 %)

parking out(0.40 %)

not on road(12.26 %)

Figure 5.1: The training data set before the balancing process can be seen on the
left and after balancing on the right.

it had the same x and y proportion and then rescaled to 152 × 132. This prevents the

image from changing perspective.

Pixel Segmentation Preprocessing

For the third stream pixel segmented images have to be generated. Some of the classes

can be classified based on the street markings. Since one of the classes in the pixel

segmented image is street marking this seems to be a useful input. The pixel seg-

mented input images are created by an implementation of the ICNET [63]. The network

was trained on automotive video data. Since there is no ground truth data for pixel

segmentation of the used dataset in this thesis, a pretrained architecture was used. By

looking at the images in Figure 5.2 it can be seen, that some pixel segmentations are

very fragmented, the reason for this might be the different dynamics due to differently

chosen camera settings compared to the training data. The matching from object to

color can be seen in Table 5.1.

It can be seen, that especially in the third row of Figure 5.2 the network could not

distinguish between background and non drivable area. Moreover in the first row

the presented vehicle is highly fragmented, but the lane markings have a very good

quality. This can be seen in most of the images with lane markings. Zebra crossings

as well as signs presented in the third row are often distinguished. Furthermore, in the

first row it can be seen that the vehicle’s tires are classified as pedestrians.
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Figure 5.2: Pixel-segmented image from ICNET network.

color class

turquoise background, obstacle, building
magenta pedestrian
yellow vehicle
blue drivable area
green non drivable area
red signs, markings
black poles, trees

Table 5.1: Matching of the colors seen in the pixel-segmented image to the classes.
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5.2 Dataset Comparison

The presented dataset in the section above is highly unbalanced and it is obvious, that

some of the underrepresented classes are difficult to learn. Since recording and labeling

new data needs much time it its not possible to work with bigger datasets during this

thesis.

Therefore, publicly available data sets were compared with each other. Table 5.2 displays

that there is no possibility to work on one of those, because labeled and tracked actions

of objects recorded in urban environments are needed. The JAAD dataset is the only one

containing labeled actions and tracked objects. But the authors record the videos from

a predefined place rather than the ego position of a driving vehicle. Furthermore it only

consists of pedestrians.

Since none of the publicly available data sets are suitable for the task, it is not possible

to consider other datasets at the moment.

dataset labeled actions tracked objects annotations

KITTI [64] 7 3

Cityscapes [65] 7 7

Comma.ai [66] 7 7

RobotCar [67] 7 7

BDDV [68] 7 7

Udacity [69] 7 7

GTA [70] 7 7

JAAD [71] 3 3

only classified pedestrians,
and not from ego
perspective of a driving
vehicle

CamVid [72] . 7 7

NTSEL [73] 7 ?
not public, includes four
pedestrian activity classes

NDRDB [74] 7 ?
not public, includes four
pedestrian activity classes

MOT Challenge [75] 7 3

Table 5.2: Publicly available datasets in the field of highly automated driving.
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5.3 Metric

Knowing that the dataset is highly unbalanced, the accuracy over all classes is biased

towards the most frequent class. For this reason, in this thesis the accuracy a will be

described as:

ac =
true positive+ true negative

true positive+ true negative+ false positive+ flase negative
(5.1)

a =

∑
ac
|c|

. (5.2)

Here ac is the accuracy of one specific class c and |c| represents the total number of

classes.

The accuracy in the maneuver dataset evaluation differs from the presented approach

by Varol et al. [19], because averaging the softmax output of multiple inferences is not

possible in reality. They collect the prediction of samples within the same video and

take the mean softmax. The maximum value determines the prediction. Since objects

can change their actions this method is not transferable to the task of action recognition

in highly automated driving.



6 Examining Architectures for the Task of

Action Recognition of Tactical Driving

Maneuvers

After finding a proper dataset, this chapter analyzes the possibility of using the network,

presented by Varol et al. [19] in the field of maneuver recognition. In the following sec-

tions, multiple tests are evaluated regarding different fusion methods as well as different

dataset augmentations and input streams.

Since the result of one single test often motivates the next experiment, each section

includes the used methodology as well as the execution. After analyzing multiple tests,

the results are discussed in a critical reflection in the last section of this chapter.

6.1 Comparing RGB-Stream, Optical Flow-Stream and

Multi-Stream Networks

In this section an RGB, optical flow and a multi-stream network will be compared and

evaluated. The multi-stream approach combines the RGB and flow stream by averaging

their softmax outputs.

Assumption: With the combination of RGB and optical flow, it is possible to improve

the classification of maneuvers that are highly dependent on movements.

It can be assumed that using only RGB data biases towards their respective dominantly

shown side; vehicles driving in front present their rears while trailing vehicles’ fronts

are predominantly visible. With the addition of the optical flow the differences between

parking and turn left, turn right will be more pronounced in the data than by only

using the RGB stream.

Evaluation: The confusion matrices show an improvement of the classification. Since

stopping vehicles were often misclassified as oncoming or parking by using only the

RGB stream, the class accuracy increased but overall the mean accuracy still decreased.
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This is plausible, since almost all image related features, for example lane markings are

lost when generating the optical flow.

Comparing the single-stream networks to the two-stream network, it can be seen that

the accuracy increased.

RGB
stream

optical flow
stream

multi-stream
softmax fusion

mean accuracy 31.4 29.4 35.2

Table 6.1: Results using only the RGB stream or the optical flow stream and a
fusion architecture of optical flow and RGB by averaging the softmax outputs.

In this test the fusion method was similar to the presented approach of Varol et al. [19].

The softmax output of the multi-stream network is simply the mean softmax of both

streams. This clearly has the disadvantage that the individual features of the different

streams cannot be combined. Because of this, different fusion methods will be analyzed

in the following.

Since the dataset slightly changed for the next sections, the mean accuracy in Table 6.2

is different than in Table 6.1.

6.2 Choosing the Context Size of Tracked Objects and Fusion

Methods

Since for each object the image is cut into a new 152 × 132 image it its important to

decide where to place the object. This is no trivial task, because it needs to be considered

which part of the context surrounding to the object can be cut and which should be

kept. Because of this, nine different options were considered, see Figure 6.1. The three

rightmost cases and three leftmost cases can be discarded, because the importance of

the context to the right and to the left is highly dependent of the road layout. This

means, if there is a right turn, the context to the right is more relevant than it would

be for a left turn.

To compare the three remaining possibilities all of them were tested with three different

architectures, which are shown in Figure 6.2. The first architecture is described by Varol

et al. [19] and is averaging the softmax output of each stream.

Assumption: By fusing the streams at the softmax layer it is not possible to combine

important features of both streams, because they are not disjoint. By fusing earlier, it

might be possible to benefit from the different features that are extracted in the two

streams and their local correspondence. The second (b) and third (c) architecture in

Figure 6.2 show early fusion methods after the 5th and 4th convolutional layer.
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1 2 3

4 5 6

7 8 9

(a) (b)

Figure 6.1: (a) Nine different locations for object placement in the image. (b) Three
example images for object placement 2, 5, and 8.

Furthermore, it is assumed, that adding context in all four dimensions will yield the best

classification results. The context of each direction is important for different cases. By

looking at e.g., a lane changing vehicle, the context below the vehicle (in the image)

might be more important than the context above the vehicle (in the image) because

the lane markings are visible there. While it is in general not possible to see the lane

markings right in front of a preceding car, it is necessary to watch them behind a

preceding car. For preceding, waiting vehicles, it might be more interesting to know

the context above a certain object (in the image), since an obstacle or a traffic light

causing the waiting maneuver might be located there.
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Figure 6.2: Showing the three different fusion methods. (a) shows a fusion by
averaging the softmax outputs of the different streams. Subsequently (b) and (c)
show a fusion after the 5th and 4th convolutional layer.

Evaluation: Table 6.2 presents the per-class and mean accuracy of the different tests.

By looking at the table it can be seen that the network architecture fused after the 5th

convolutional layer performs best. Furthermore, the three different cuttings perform

similar for this fusion method.



Chapter 6 Examining Architectures for the Task of Action Recognition of Tactical
Driving Maneuvers 40

top center center center bottom center
softmax 5th cnn 4th cnn softmax 5th cnn 4th cnn softmax 5th cnn 4th cnn

crossing 60.79 37.53 54.56 68.26 73.03 63.28 45.33 70.12 72.61
driving 34.65 39.07 21.78 26.73 37.62 14.85 18.68 34.16 26.73

oncoming 56.52 69.83 57.98 59.66 59.26 58.71 64.01 57.69 55.69
parking 56.43 68.57 58.3 59.36 55.77 52.97 47.23 59.67 53.23

preceding 49.6 69.86 46.16 53.11 58.15 43.96 61.38 54.12 48.79
stopping 12.33 34.59 27.74 25.68 24.32 30.48 33.13 31.16 61.38
turn left 46.61 46.83 30.77 43.44 44.34 41.18 58.97 45.70 51.58

turn right 31.25 21.29 31.25 25.69 29.17 27.78 40.64 42.36 34.72
waiting 70.46 62.05 53.43 54.56 65.81 63.73 58.33 49.21 46.2

lane change 1.04 2.59 4.17 0 2.08 16.67 1.04 12.50 4.17
parking in 0 0 0 0 3.33 0 0 10.00 5.56

parking out 0 0 0 0 0 0 0 0 0
not on the road 68.27 89.46 70.23 71.7 71.67 62.63 87.13 67.07 65.53

mean accuracy 37.53 40.90 35.11 37.55 40.35 36.63 39.69 41.07 39.18

Table 6.2: Results for the three different object locations, each was tested with three
architectures. For each class the best classification result is highlighted in bold. The
accuracy for each class is presented in %.

Figure 6.3 (b) shows a plot of the accuracy of the different architectures with top center

input cutting. It can be concluded, that the fusion method after the fifth convolutional

neural network (CNN) has the highest accuracy in most of the classes. Especially in

maneuvers involving quick motions, such as driving, turn right and lane change, it

outperforms the others.

Considering the per-class accuracy, it is notable that each of the cuttings have different

advantages for different classes. While lane changes can be best classified by the

bottom center cutting, the top center cutting is able to classify oncoming and preceding

vehicles the best, see Figure 6.3 (a).

classes variance

crossing 50.45
driving 10.00
oncoming 24.19
parking 14.04
preceding 38.24
stopping 4.22
turn left 70.17
turn right 0.22
waiting 16.07
lane change 1.16
parking in 0.37
parking out 0
not on the road 10.51

mean accuracy 0.8

Table 6.3: The variances of the different classes for the top center crop and the
architecture that fuses the streams after the 5th convolutional layer.

The variance of the accuracies of the different classes for the top center crop and the
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(a) Showing different context cuttings.
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(b) Showing different architectures.

Figure 6.3: A plot of the three different cuttings can be seen in (a), each with the
best architecture. The three different architectures are plotted in (b), the top center
cuttings were used as input.

architecture that fuses the streams after the 5th convolutional layer is depicted in Ta-

ble 6.3. It can be seen that the variance differs between different classes and have an

especially high value for the classes crossing (50.45), preceding (38.24) and turn left

(70.17). But the variance for the mean accuracy is very low (0.8). This means that it

is not possible to decide which cutting performs best. Since the standard deviation is

about 1, all cuttings have approximately the same accuracy.

Concluding, these results suggest that more context is needed for better classification

results. Since the aim of this test was to find the best architecture as well as the best

context cutting, it is necessary to test at least one more cutting with extended context

above and below the object. Because the generation of the new dataset and testing

the architecture once again requires time, this test will be done after the parameter

optimization in Section 6.6. For the next tests the top center cutting will be used. It
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outperforms the others in five classes. This is compared to the other cuttings the best

result.

6.3 Optimizing Parameters

To optimize the parameters of the chosen architecture, different parameter settings are

tested. First of all, multiple learning rates are tested for different optimizers. After

finding a proper learning rate, different combinations of batch sizes and dropouts are

evaluated. It is worth mentioning at this point, that the parameter optimization is not

the main focus of this thesis.

To avoid testing different parameters manually, tuning algorithms can be found in lit-

erature. Baydin et al. [76] introduce a method for online learning rate adaption, since

the learning rate is “often the single most important hyperparameter” [76]. With the

use of this approach it is possible to optimize “the loss trajectory closer to the optimal

one” [76]. This is done by applying gradient decent on the learning rate and is based on

the partial derivative of an objective function. The following update step is done with

respect to (w.r.t.) the learning rate as follows:

αt = αt−1 − β
δ(θt−1)

δα
(6.1)

θt = θt−1 − αt∇f(θt−1), (6.2)

with the learning rate α, the objective function θ and the hypergradient learning rate

β.

By looking at the results of Baydin et al., it can be seen that with the use of this

algorithm it is possible to improve the results of the Adam and Momentum optimizers

without a time intensive tuning of the learning rate. While the authors assume, that

the loss of two batches is almost the same this approach might only work with large

batch sizes. The tested learning rate decay methods are called two times ×10−1 , which

is equal to the presented method by Varol et al. [19]. This means, the learning rate

is multiplied by 10−1 two times during the training process. Next to this, experiments

without learning rate decay were tested as well as an exponential approach, in which the

learning rate was multiplied with 0.9 after every 4000 steps.

Assumption: It is possible to increase the mean accuracy by optimizing the parameter

setting of the network. As mentioned in [76], one of the most important parameters is

the learning rate, which is the reason for optimizing it first.
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Evaluation: The results, are compared to the mean accuracy of the architecture, which

fuses the RGB and optical flow stream after the 5th convolutional layer. The tests are

based on the dataset, including the object in the top center of the image.

Multiple variations of learning rates and optimizers have been tested. Table 6.4 shows

that the presented results are very similar to each other. It is not possible to choose

a single best parameter setting which is significantly outperforming the other settings.

Since an amount of 18 tests for finding a proper learning rate is not representative we

can assume that the results are only local optima and by performing a more through

parameter search it should be possible to find a better result. Next to this it can be

seen, that the presented hyper parameter decay from Baydin et al. in [76] performs

worse than the other tests. This might be because of the small batch size of only 10

samples.

optimizer initial learning rate learning rate decay mean accuracy

Momentum 0.003 two times ×10−1 40.9

Adagrad 0.003 two times ×10−1 44.38
Adagrad 0.003 no decay 45.8
Adagrad 0.01 no decay 44.01
Adagrad 0.003 exponential 45.12

Momentum 0.0001 exponential 46.35
Adam 0.003 hyperparameter decay 41.78

Table 6.4: Comparing different learning rates and optimizers. The first row
represents the baseline. For each learning rate and decay the optimizers Adam,
Adagrad and Momentum were tested, but only the best result is represented in this
table. Each parameter setting was trained for 20 epochs.

Besides finding a proper learning rate, some of the best results from Table 6.4 were tested

with a higher dropout of 0.9, which means that one node is kept with a probability of

0.9 and a lower dropout of 0.3. The test results are presented in Table 6.5. Similar to

Table 6.4, no result is outstanding, but it was possible to increase the mean accuracy

by 2.7%. Compared to the baseline architecture this leads to an improvement of 7.2

percentage points.

A comparison of the per-class results of the best model after optimizing the parameters,

with the baseline model is depicted in Table 6.6. It can be seen that the accuracy

increased for many classes. One outstanding result can be seen in the class not on the

road. It is now possible to classify over 90% of pedestrian, standing on the road.

But there are still problems in many of the remaining classes. By looking at the class

crossing it can be seen, that the network can correctly classify only 55% of the samples.

Although both classes are equally represented in the balanced dataset the results differ

a lot. Comparing classes that are better represented to classes with fewer samples, it

can be seen that highly represented classes have in general a higher accuracy. This
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optimizer initial learning rate learning rate decay dropout mean accuracy

Momentum 0.0001 exponential 0.5 46.35

Adagrad 0.01 no decay 0.9 38.82
Adagrad 0.003 exponential 0.9 49.06

Momentum 0.0001 exponential 0.9 46.44
Adam 0.003 hyperparameter decay 0.9 38.82

Adagrad 0.01 no decay 0.3 42.27
Adagrad 0.003 exponential 0.3 44.91

Momentum 0.0001 exponential 0.3 43.40
Adam 0.003 hyperparameter decay 0.3 10.33

Table 6.5: Comparing different dropouts. The first row represents the baseline.
Each parameter setting was trained for 20 epochs. This comparison is based on the
best results of Table 6.4.

can be explained with the big amount of available data. It can be assumed that the

classification accuracy can be increased by a larger data set.

By looking at the variances of the optimized models in Table 6.7, it can be seen that

the variances are different for each class. They are very small for classes like parking

and not on the road and zero for the class parking out since there are no correct

classifications at all. The variance for the class parking in is around 96 which is a

standard deviation of almost 10. The accuracy in this class is between 26 up to 48 with

a mean value of 34. Even though this class is highly underrepresented it is possible to

reach an accuracy of almost 50 percent in some tests.

All in all, it can be seen that many of the tests have almost the same mean accuracy.

Since there is no parameter setting which outperforms the others, it is difficult to decide

baseline [%] after optimization [%] data set distribution [%]

crossing 37.53 55.40 12.26
driving 39.07 52.17 6.19

oncoming 69.83 77.80 12.26
parking 68.57 72.53 12.26

preceding 69.86 65.24 12.26
stopping 34.59 34.19 4.36
turn left 46.83 38.27 6.51

turn right 21.29 26.4 5.79
waiting 62.05 82.37 12.26

lane change 2.59 10.96 1.27
parking in 0 29.27 1.9

parking out 0 0 0.4
not on the road 89.46 93.10 12.26

mean accuracy 40.9 49.06

Table 6.6: Comparing the accuracy per class, with the baseline model and the best
model after optimizing the parameters.
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classes variance

crossing 14.80
driving 9.45
oncoming 0.45
parking 0.079
preceding 0.48
stopping 0.16
turn left 10.50
turn right 0.56
waiting 4.97
lane change 1.66
parking in 96.50
parking out 0
not on the road 0.62

mean accuracy 0.71

Table 6.7: The variances of the different classes for the model after optimization.

which setting will be used for the following tests. The following tests are based on the

best three results.

6.4 Comparing Different Input Images and Bounding Boxes

At the beginning of this chapter, the assumption was stated that input images with

drawn bounding boxes around the classified object will output better results than images

without bounding boxes. This assumption was shown to be true, because there are

many instances in the dataset, in which pedestrians stand right before vehicles or are

standing in groups. To distinguish between the different classes and object instances,

the bounding boxes should help. Although the object to be classified, is put in the same

position in the image, it is still possible that there are multiple objects at this position

or in the vicinity.

Assumption: Bounding boxes drawn around objects to be classified increase the clas-

sification performance. The reason for this is that distinguishing multiple objects in the

same spatial area in the image is hard otherwise.

Evaluation: In Table 6.8 the results of three different tests can be seen. The first

approach is based on RGB input images with bounding boxes drawn around the object

and precomputed optical flow based on these images. Secondly, it was tested whether

using the precomputed optical flow input, based on images without bounding boxes

produces better results. Additionally, in a third test it was examined if input images

without bounding boxes, decrease the mean average of the network.
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with bbox [%] only rgb bbox[%] without bbox [%]

crossing 55.40 53.11 54.98
driving 52.17 28.71 13.86
oncoming 77.80 62.68 63.05
parking 72.53 59.2 63.13
preceding 65.24 59.45 60.38
stopping 34.19 33.90 26.37
turn left 38.27 40.72 39.37
turn right 26.4 36.81 43.56
waiting 82.37 59.33 52.8
lane change 10.96 23.96 29.17
parking in 29.27 3.33 3.33
parking out 0 18.75 12.5
not on the road 93.10 73.7 62.03

mean accuracy 49.06 42.59 40.31

Table 6.8: Comparing different bounding box (bbox) options.

It can be seen, that drawn bounding boxes increase the mean accuracy by 7% compared

to the test without any bounding boxes. By looking at the confusion matrices of the dif-

ferent tests it is conspicuous that not on the road - pedestrians are often swapped

with parking - vehicle. This observation leads to our assumption that pedestrians

standing in front of vehicles are hard to classify, if there are no bounding boxes drawn

in the image. Table 6.9 shows the impact of bounding boxes using the example of

pedestrians. The last row shows right classifications, while the remaining rows show

wrong classifications. It can be seen, that the misclassification of not on the road into

the class parking decreased by 16% after drawing bounding boxes in the input image.

Furthermore, the true classifications increased by 30%.

with bbox [%] only flow bbox [%] without bbox [%]

crossing 6.67 7.63 11.83
driving 0 1.33 2.1
oncoming 0 0.9 1.03
parking 0.47 9.3 16.6
preceding 0.37 2.5 2.36
stopping 0 0 0
turn left 0 1.76 0.86
turn right 0 0.97 0
waiting 0.13 1.6 1.47
lane change 0 0 0
parking in 0 0 0.23
parking out 0 0 0
not on the road 92.26 73.7 62.03

Table 6.9: Comparing confusion matrices of different bounding box options for the
class not on the road - pedestrian. The last row shows right classifications, while
the remaining rows show wrong classifications.
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Moreover, it can be seen that the classification for action related classes e.g., turn

right, lane change and parking out perform better, without drawn bounding boxes.

The reason for this might be the modified optical flow if the computation is based on

bounding box images. Since especially the classes lane change and parking out are

highly underrepresented in the dataset, only a few samples can have a significant impact

on the accuracy. For this reason, the improvement of the classification result is not as

representative as an improvement e.g., of the class crossing.

In summary it can be said that the input images used in the previous sections have

the best mean accuracy for the tested architecture and parameters. For this reason the

input pipeline for the next tests will stay the same and any further computations are

based on images with drawn bounding boxes.

6.5 Using Pixelwise Segmented Images for the Third Input

Stream

Besides testing different context sizes and image augmentations adding a third stream

could increase the classification results. Varol et al. [19] use intelligent dense trajectories

as an input for the third stream. With this addition they are able to distinguish between

relative motion and absolute motion. They are able to increase the classification results

by adding this stream and do not change any parameter setting such as the learning

rate or the optimizer.

This thesis is based on tactical maneuvers which are dependent on road markings, streets

and surrounding objects. For this reason the input into the third stream consists of

pixel segmented images, see Figure 6.4. As presented in Section 5.1 the images are

generated by a neural network. The labeled images classify the labels drivable area,

road marking, vehicle and pedestrian. The stream will be added into the best

architecture which fuses the streams after the 5th convolutional layer. Because of the

concatenation of the tensors from the three streams, they do not fit on the GPU anymore.

For this reason, a lower batch size was used.

Assumption: With the addition of a third input stream it is possible to increase the

quality of the classification results. By using labeled pixels as an input it should be

possible to distinguish between vehicle and pedestrian related maneuvers. The pre-

classified objects help the network to decode the scenes. Next to this it might improve

the classification for lane change, because this maneuver is highly dependent on the

lane markings. Furthermore, the mean accuracy should increase.
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Figure 6.4: Architecture of the three stream network with pixel segmented images as
input for the third stream.

Evaluation: The three best performing parameter settings were tested on the dataset.

All of them perform worse than their two stream counterpart. By investigating the

confusion matrix and accuracies per class there is no improvement in any of the classes.

The mean accuracies are around 35% which is almost 10 percent points worse than the

two-stream network, see Table 6.10. The explanation of this is difficult, since many

issues can lead to this result. The number of training epochs were increased from 20 up

to 50 but there was no noteworthy improvement visible. One cause for this might be

the lowered batch size.

parameter setting three-stream
accuracy [%]

two-stream
accuracy [%]optimizer leraning rate decay dropout

Adagrad 0.003 exponential 0.9 35.64 49.06
Momentum 0.0001 exponential 0.9 35.74 46.44
Momentum 0.0001 exponential 0.5 35.14 46.35

Table 6.10: Comparing three different parameter settings for the three-stream
network.

By looking at Figure 5.2 it can be seen that the precomputed pixel labeling is far from

ground truth quality and the objects are highly fragmented. Next to the fragmentation,

there is a high amount of false classifications, see the first image for example. In this

image the ties are classified as pedestrians.

Besides looking at the input images, a new optimization of the architecture and parame-

ter setting might be useful. Although Varol et al. [19] did not optimize their parameters

again, in general each new architecture should be optimized. Parameters cannot be used

for different architectures in an universal manner.
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6.6 Testing an Extended Context Cutting

In Section 6.2 different context cuttings were tested and discussed. It could be seen

that adding context to the top leads to improvements in different classes than adding

context to the bottom of the object. Because of this it was decided to do an extra

cutting with more context to the bottom and to the top, to evaluate if this improves

the classification results. Since generating the new dataset and training the network

is time-consuming, the parameter optimization was done in between. The results are

compared to the optimized model in Section 6.3.

Assumption: By adding extra context to both, the top as well the bottom of the object,

it is possible to increase the accuracy. The baseline from Section 6.3 takes input images

with only context added to the bottom. By looking at the results from Section 6.3, it

can be assumed that it is possible to increase the accuracy for the classes crossing,

turn right and lane change as well as the mean accuracy. The mean accuracy should

increase since there is more information available in the image, because of the extended

context.

baseline [%] extended context [%]

crossing 55.40 51.89
driving 52.17 42.49

oncoming 77.80 75.91
parking 72.53 77.46

preceding 65.24 79.78
stopping 34.19 28.30
turn left 38.27 54.23

turn right 26.4 20.53
waiting 82.37 76.53

lane change 10.96 18.10
parking in 29.27 0

parking out 0 0
not on the road 93.10 91.95

mean accuracy 49.06 47.48

Table 6.11: Comparing the accuracy per class, with the baseline model from
Section 6.3 and an extended context input.

Evaluation: By looking at Table 6.11 it can be seen that the mean accuracy did not

increase. It is hard to find reasons for this. The accuracy not only decreases in the

sparsely represented classes in the dataset, such as parking in and parking out but

as well in the highly represented classes crossing and oncoming. The accuracy increased

not as assumed in crossing and turn right. The only improvement of the accuracy

from the assumption can be seen in the class lane change. Next to this, improvements

can be seen in parking, turn left and preceding.
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In summary, it can be concluded that both context cuttings have advantages as well as

disadvantages in some classes and the mean accuracy is almost equal. For this reason

the inputs are not changed for the next tests, but it should be kept in mind that there

are different well suited possibilities for the input available. Comparing the results to

the different cuttings from Section 6.2, it can be seen that the accuracies for the classes

crossing and turn right could still not be reached.

6.7 Examining LSTM for Extracting Long Term Motions

A major drawback of 3D-convolutional networks is the classification of long maneuvers.

These networks do convolutional operations in 3D space, which means in spatial and

temporal dimensions. If a maneuver lasts longer than one input sequence it is hard

to classify, because it cannot be captured by the convolutions. In the field of action

recognition for tactical driving maneuvers actions like lane change and turn left

span a longer time interval, compared to driving and walking.

Lu et al. [24] for example combine a 3D-convolutional network with an convolutional

long-short term memory (LSTM) cell. Their work is based on a two-stream network

with RGB and optical flow as inputs. The base architecture consists of five convolu-

tional layers followed by fully-connected layers. They replace the fully-connected lay-

ers that encode the convolutional features by the LSTM cell. Through the cut of the

fully-connected layer the spatial context is still visible. To preserve this, they use a

convolutional LSTM instead of a classic LSTM. Using a classic LSTM the inputs would

have been flattened resulting in loosing spatial context of the extracted features.

In this section the results of different LSTM approaches will be compared. This means

convolutional LSTM (Figure 6.5 right) as well as classic LSTM (Figure 6.5 left) ap-

proaches are evaluated. Since the convolutional LSTM outputs a multi dimensional

output, a fully-connected layer follows the LSTM. With the help of this layer the com-

puted feature maps can be classified. Next to this, time sequence inputs of length 5 and

10 will be tested.

To generate the input sequence, a sliding window approach is used with an overlap of

11 frames. Each sequence consists of five to ten samples. Since the output of the last

convolutional layer is the input to the LSTM layer it is necessary to infer this part of the

network to generate the input sequence for the LSTM layer. This means, for each sample

in the dataset a sequence of length five to ten is generated by inferring the prefix network

(convolutional layers before the LSTM cell). Lu et al. [24] train the LSTM separately.
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Figure 6.5: The architecture with a classic LSTM layer on the left and with a
convolutional LSTM layer on the right.

For this reason, the pre trained prefix network is used to generate the sequence and only

the suffix network (LSTM layer and fully-connected layer) is trained.

Assumption: It is possible to increase the classification result of the network by adding

LSTM cells. Further, it is assumed that the accuracy increases especially in classes like

lane change, parking in and turn left.

Evaluation: First tests were run with one LSTM layer, a sequence length of 5 and 10

and a batch size of 6 and 10. But none of the models did converge. The next experiments

are based on 5 LSTM layers.

To test whether a longer or smaller time sequence is performing better, firstly input

sequences of length 5 and length 10 were compared. Because of the long run time of

LSTM cells, the two approaches were compared after 5 epochs. The tests were run

with a batch size of 10 and 6. But the tests with batch size of 10 did not converge.

For batch size 6, it can be seen that an input sequence of length 10 outperforms the

smaller sequence. The input of 10 sequences performed twice as good as the 5 time steps

sequence input.

Classic LSTMs as well as convolutional LSTMs were tested with a batch size of 6 and a

time sequence of 10. Even with trying different parameter settings, the classic LSTM did

not converge. Using the convolutional LSTM, multiple parameter settings converged,

but overfitted after 5 epochs of training. For the evaluation of the different learning

rates, dropouts and trainable variables were varied, see Table 6.12. In the case that only

the LSTM and fully-connected layers are optimized, the previously best convolutional

neural network (CNN) parameters are used.
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lr lr decay trainable variables dropout result accuracy

1e-4 high exponential LSTM + fc no no convergence -
1e-4 low exponential LSTM + fc no no convergence -
3e-3 high exponential LSTM + fc no convergence 25.74
3e-3 low exponential LSTM + fc no convergence 20.28
3e-3 low exponential LSTM + fc yes convergence 20.22
3e-3 low exponential whole network no convergence 23.34

Table 6.12: Different parameter settings for LSTM with different learning rates (lr).
Next to this it was examined whether a dropout for the LSM changes the result or
not. High exponential learning rate decay means a more frequently decay than with a
low exponential learning rate decay.

Comparing the different outcomes in Table 6.12 the results are worse than the baseline

without the LSTM layers. Since many of the experiments did not converge there are only

a few results to compare with. The results reveals that there is a slight increase of the

mean accuracy with a higher exponential decay and by optimizing the whole network.
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Figure 6.6: This architecture uses LSTM layers before fusing the streams.

In a next test it was examined whether the network performs better, if the LSTM cells

are put right before the fusion of the different streams, see Figure 6.6. But it was not

possible to outperform the model described above. Different parameter setting were

tested, but performed worse than the model in Table 6.12. The results can be seen in

Table 6.13.

lr lr decay trainable variables dropout result accuracy

3e-3 low exponential LSTM + fc no convergence 15.85
3e-3 low exponential LSTM + fc yes convergence 17.73

Table 6.13: Two different parameter settings tested for the model depicted in
Figure 6.6.
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Summarizing this approach, it can be said that it was not possible to increase the

classification results by adding an LSTM layer to the baseline network. Reasons for this

are hard to locate. It was hard to find a parameter setting that converges by using an

LSTM. Through the addition of the LSTM the parameter dimensions grew. The size of

the input sequence, as well as the size of the layers, the type of the LSTM cell and their

position needs to be considered. It is however possible that there is a suitable parameter

setting for this task that was not evaluated in this thesis.

6.8 Critical Reflection

Multiple tests concerning the different streams, their fusion method and the inputs were

examined. Looking at the different context sizes of the different fusion methods it can be

seen, that one approach was outstanding. The fusion method after the 5th convolutional

layer performed best for the three tested input images. But finding a suitable context

size for the input image is difficult. All tests yielded similar results and the variances

for some classes are very high. It seems like the classification has different strength and

weaknesses for different input images, but the mean accuracy is approximately equal.

Even after optimizing the parameters, the model performed worse than the baseline in

some classes.

By incorporating the bounding boxes in the input images, it was possible to increase

the accuracy with marked objects in the input image by about 9 percentage points. But

there are still classes that perform better without drawn bounding boxes in the image.

By optimizing the parameters the results could be further improved by 8.83 percentage

points. This indicates the potential of parameter optimization for the network. Look-

ing at the results, it can be seen that the accuracy increased especially for the highly

represented classes in the dataset.

Furthermore the effect of a third input stream was evaluated. The assumption was to

improve the classification quality with the additional information. But the results are

worse compared to the two-stream network. Reasons for this could be the fragmented

input images as well as the smaller batch size.

In the last section, the influence of long-short term memory (LSTM) layers was analyzed.

Training the LSTM turned out to be difficult, because many of the tested parameter

settings did not converge. The converging models performed worse than the baseline.

Finding reasons for this is hard. The parameter dimensions increased with the addition

of the LSTM layer. It is possible that there is a suitable parameter setting for this task

that was not found yet.
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The dataset is highly unbalanced and because of the balancing process many samples

of the highly represented classes could not be used for training. For highly represented

classes that have a part of 12% (per class) on the dataset, the mean accuracy is almost

74%. Looking at the underrepresented classes that have a part of 0.4−6.51% (per class),

the mean accuracy reaches only 27%. Because of this, it can be assumed that adding

more data to the dataset can improve the classification results.



7 Summary and Future Work

The aim of this work was to determine whether it is possible to classify maneuvers of

surrounding objects and which architecture works the best. Looking at the results de-

picted in the previous chapters it can be seen, that it is possible to fulfill this task. A

mean accuracy of 74% for highly represented classes has been achieved in the experi-

ments. The performance was affected because some classes such as parking in were

underrepresented. It should be possible to mitigate this and hence increase accuracy by

adding new training data. Furthermore, it is shown that the choice of the context in

the image influences the accuracies of certain classes. Even after optimizing the model,

there were still strengths and weaknesses of different context cuttings visible.

The classification results indicate potential for higher accuracies. Initially, using an

LSTM as well as pixel-segmented input images seemed promising, but could not increase

the accuracy. The integration of LSTM architectures might be worth exploring. Also

further optimization of the parameters (of the model) might grant better results.

Next to this, a combination of different input images should improve the results as well.

Since the result of testing different context cuttings have strengths in different classes,

it indicates that a combination of multiple cuttings improve the result.

Considering the work of the baseline paper [19], the authors were able to improve their

results by expanding the input sequences to up to 100 frames. Since graphics processing

units (GPUs) lack sufficient memory capabilities for the expanded sequences it is nec-

essary to further invest in the implementation of the training method. Another option

is keeping the sequence length but changing the network model. Further, results shown

by Tran et al. [18] indicate an even higher accuracy on the action recognition dataset

UCF101 even by utilizing short sequences.

Alongside changing parameters and input streams, other approaches should be consid-

ered in future work. Since literature provides different models and approaches for action

recognition but almost none for maneuver recognition it is hard to predict which models

are useful.
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[43] Ben Kröse and Patrick ver der Smagt. An Introduction to Neural Networks. 8

edition, 1996.



References 63

[44] Sebastian Ruder. An overview of gradient descent optimization algorithms.

arXiv:1609.04747 [cs], September 2016.

[45] Ian Goodfellow, Yoshua Bengio, and Aaron Courville. Deep Learning. MIT Press,

2016.

[46] Nitish Srivastava, Geoffrey Hinton, Alex Krizhevsky, Ilya Sutskever, and Ruslan

Salakhutdinov. Dropout: A Simple Way to Prevent Neural Networks from Overfit-

ting. page 30, 2014.

[47] Kunihiko Fukushima. Neocognitron: A self-organizing neural network model for a

mechanism of pattern recognition unaffected by shift in position. Biological Cyber-

netics, 36(4):193–202, April 1980.

[48] Andrej Karpathy, George Toderici, Sanketh Shetty, Thomas Leung, Rahul Suk-

thankar, and Li Fei-Fei. Large-Scale Video Classification with Convolutional Neural

Networks. pages 1725–1732. IEEE, June 2014.

[49] Blogpost. Understanding LSTM Networks. http://colah.github.io/posts/2015-08-

Understanding-LSTMs/ last access 31.08.2018 11:04, 2015.

[50] Felix A Gers, Nicol N Schraudolph, and Jurgen Schmidhuber. Learning Precise

Timing with LSTM Recurrent Networks. page 29, 2002.

[51] Felix A. Gers, Jürgen Schmidhuber, and Fred Cummins. Learning to Forget: Con-

tinual Prediction with LSTM. Neural Computation, 12(10):2451–2471, October

2000.

[52] Xingjian Shi, Zhourong Chen, Hao Wang, Dit-Yan Yeung, Wai-kin Wong, and

Wang-chun Woo. Convolutional LSTM Network: A Machine Learning Approach

for Precipitation Nowcasting. arXiv:1506.04214 [cs], June 2015.

[53] Simon Baker, Daniel Scharstein, J. P. Lewis, Stefan Roth, Michael J. Black, and

Richard Szeliski. A Database and Evaluation Methodology for Optical Flow. In-

ternational Journal of Computer Vision, 92(1):1–31, March 2011.

[54] Bruce Lucas and Takeo Kanade. An Interative Image Registration Technique with

an Application to Stereo Vision. Vancouver, British Columbia, 1981. Carnegie-

Mellon University, Computer Science Department.

[55] Berthold Horn and Brian Schunck. Determining Optical Flow, 1980.

[56] Andry Maykol G. Pinto, A. Paulo Moreira, Paulo G. Costa, and Miguel V. Correia.

Revisiting Lucas-Kanade and Horn-Schunck. Journal of Computer Engineering and

Informatics, 1(2):23–29, April 2013.



References 64

[57] Eddy Ilg, Nikolaus Mayer, Tonmoy Saikia, Margret Keuper, Alexey Dosovitskiy,

and Thomas Brox. FlowNet 2.0: Evolution of Optical Flow Estimation with Deep

Networks. pages 1647–1655. IEEE, July 2017.

[58] Mart́ın Abadi, Ashish Agarwal, Paul Barham, Eugene Brevdo, Zhifeng Chen, Craig

Citro, Greg S. Corrado, Andy Davis, Jeffrey Dean, Matthieu Devin, Sanjay Ghe-

mawat, Ian Goodfellow, Andrew Harp, Geoffrey Irving, Michael Isard, Yangqing

Jia, Rafal Jozefowicz, Lukasz Kaiser, Manjunath Kudlur, Josh Levenberg, Dan

Mane, Rajat Monga, Sherry Moore, Derek Murray, Chris Olah, Mike Schuster,

Jonathon Shlens, Benoit Steiner, Ilya Sutskever, Kunal Talwar, Paul Tucker, Vin-

cent Vanhoucke, Vijay Vasudevan, Fernanda Viegas, Oriol Vinyals, Pete War-

den, Martin Wattenberg, Martin Wicke, Yuan Yu, and Xiaoqiang Zheng. Ten-

sorFlow: Large-Scale Machine Learning on Heterogeneous Distributed Systems.

arXiv:1603.04467 [cs], March 2016.

[59] Vadim Kantorov and Ivan Laptev. Efficient Feature Extraction, Encoding, and

Classification for Action Recognition. pages 2593–2600. IEEE, June 2014.
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