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Autonomous vehicles rely heavily on 3D object detection for safely navigating without

human intervention. Existing 3D object detection approaches are often based on LiDAR

data. While producing more accurate results than methods relying on stereo image data,

LiDAR sensors are very expensive. Recently, Pseudo-LiDAR approaches based on stereo

image data showed notable results. However, there is still a performance gap compared to

LiDAR-based 3D detectors. We investigate improvements for Pseudo-LiDAR to increase

3D object detection accuracy.

We propose to include object masks during training of Pseudo-LiDAR for exact estima-

tion of 3D bounding boxes in border areas of foreground objects. Additionally, we enable

both the stereo and point cloud component of the Pseudo-LiDAR framework to interact

with each other by training in an end-to-end way. Further, this joint training collectively

minimizes a global learning loss.

Our approach is evaluated on a publicly available dataset. The experiments confirm that

the integration of object masks and end-to-end training of Pseudo-LiDAR improves the

3D detection accuracy.





Kurzfassung

Autonome Fahrzeuge verlassen sich stark auf 3D-Objekterkennung, um ohne menschliches

Eingreifen sicher navigieren zu können. Bestehende 3D-Objekterkennungsansätze basie-

ren häufig auf LiDAR-Eingabedaten. LiDAR-Sensoren liefern zwar genauere Ergebnis-

se als Methoden die auf Stereobildern basieren, sind jedoch sehr teuer. Kürzlich zeigten

Pseudo-LiDAR-Ansätze, die Stereobilddaten als Eingabe verwenden, bemerkenswerte Er-

gebnisse. Im Vergleich zu LiDAR-basierten Methoden besteht jedoch immer noch eine

Leistungslücke. Zu diesem Zweck untersuchen wir in dieser Arbeit Verbesserungen für

Pseudo-LiDAR, um die Genauigkeit der 3D-Objekterkennung zu erhöhen.

Wir schlagen vor, Objektmasken während des Trainings von Pseudo-LiDAR für genauere

Schätzungen in Randbereichen des Objekts einzuschließen. Darüber hinaus ermöglichen wir

beiden Komponenten des Pseudo-LiDAR-Frameworks die Interaktion miteinander, indem

wir End-to-End-Training durchführen. Weiters optimiert dieses gemeinsame Training eine

globalen Zielfunktion.

Wir evaluieren unseren Ansatz anhand eines öffentlich verfügbaren Datensatzes. Unsere

Experimente bestätigen, dass das End-to-End-Training von Pseudo-LiDAR und die Inte-

gration von Objektmasken die Genauigkeit der 3D-Objekterkennung verbessern.
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Chapter 1

Introduction

Contents

1.1 3D Object Detection . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.2 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.3 Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

The �rst chapter describes challenges in 3D object detection. We then discuss motivations

and the research objective. Furthermore, we will address our contributions and present

the structure of this master thesis.
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1.1 3D Object Detection

1.1.1 De�nition

3D object detection estimates oriented rectangular boxes and a class description for phys-

ical objects from various sensor data [1]. Ideally, a 3D bounding box captures object

information while having the minimum volume. In other words, the goal is to know the

location and size of all objects of interest.

Figure 1.1: Visualization of 3D object detection results.

Figure 1.1 shows an example image after applying an 3D object detector. As described

before, the task is to recognize all objects from a speci�ed input data.

1.1.2 Motivation

The rise of autonomous vehicles development brought new challenges into the �eld of

modern computer science. They need to be aware of their environment and navigate

safely without human intervention [2]. In particular, the localization and detection is one

of the most important tasks of autonomous vehicles vision perceptual systems.

Currently, most of the 3D object detection and recognition methods heavily rely on LiDAR

(Light Detection and Ranging) data for providing accurate scene information. LiDAR

uses light waves to measure the range to a target [3]. It shoots o� thousands of rays

simultaneously to build up a 3D measurement of the current surroundings, commonly

referred to as a 3D point cloud. Due the high precision and data rate, LiDAR systems

are used by a majority of modern autonomous vehicles. However, LiDAR sensors have

the disadvantage of very high costs and lower density of captured points compared to

traditional cameras. Additionally, weather-based re
ections caused by rain or fog can

present issues for LiDAR systems [4].
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Figure 1.2: Example from the KITTI dataset. Top: Stereo input images.
Bottom: 3D bounding boxes of objects projected into the input image.

Other methods estimate 3D bounding boxes from stereo input images. Here, the input

consists of two separate images of the same scene, taken simultaneously from two nearby

points of view. For example, these two cameras could be placed on top of a car. Using

triangulation, the distance to objects can be provided via correspondence estimation of the

input image pairs [5]. In combination with the original input images, this depth information

is used for predicting the 3D bounding boxes. Figure 1.2 shows an example input and

output of 3D box estimation from stereo input. Due to the low cost of camera systems,

stereovision is an interesting alternative compared to LiDAR sensors. Since stereovision

consists of two cameras, it provides a built-in redundant system. Additionally, LiDAR

sensors only measure depth sparsely which may loose details of a scene and do not provide

as high resolution as modern camera systems. [6].

3D object detection based on a single camera uses only one image as an input. This ap-

proach is often used for autonomous vehicles without space for mounting a second camera.

However, a monocular camera system is not capable of capturing enough spatial infor-

mation of the environment. Therefore, current single image approaches have signi�cantly

worse performance compared to stereo and LiDAR methods.

Accordingly, we will focus on 3D object detection using stereo input images in our thesis.
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1.1.3 3D Object Detection From Stereo Input Images

3D object detectors rely heavily on the underlying stereo vision algorithm. These algo-

rithms estimate the depth of objects by obtaining the disparity between two input images.

Traditionally, the disparity is calculated by searching for corresponding pixels in the input

image pair [7].

In recent years, the progress of neural networks also pushed the performance in the �eld

of 3D object detection from stereo input images. Presently, most object detection systems

are based on convolutional neural networks (CNNs). We will shortly introduce recent

methods in this section.

Chen et al. [8] formulated the problem of placing pre-de�ned bounding boxes in the 3D

space as an energy function. After calculating the depth using traditional stereo methods,

they estimate the bounding box coordinates and direction using a CNN.

Li et al. [9] introduced the extraction of region proposals [10] from the input image pair.

Using the corresponding left and right region proposals, they regress 3D bounding boxes

at di�erent scales using a pyramid structured network [11].

Recently, Wang et al. [12] proposed a modular pipeline which �rst converts a predicted

disparity map into a 3D representation structure. Afterwards, this point-cloud repre-

sentation is fed into an existing LiDAR point cloud detector. This method performs at

state-of-the-art level on current public datasets. However, it needs careful tuning of several

hyper-parameters and both components cannot be trained jointly.

Li and colleagues [13] showed that focusing on objects of interest during depth estimation

increases the overall accuracy of 3D object detection. In particular, pixels associated with

foreground objects are crucial to the object detection accuracy.

Accordingly, we propose a 3D object detection pipeline with integrated foreground ob-

ject masks. Additionally, we suggest modi�cations to train the network in an end-to-end

manner.

1.2 Contributions

This thesis seeks to address the challenge of estimating the 3D bounding box of an object

using the left eye's and right eye's view of a �xed camera setup as an input. In particular,

we want to employ a CNN to estimate 3D bounding box parameters from calculated input
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image depth information. The �nal step will be to compare the proposed method to current

stereo 3D methods on public benchmarks like the KITTI 3D dataset.

To summarize, the goal of the thesis is:

� Integration of foreground object masks during training

Li et al. [13] showed that 3D detection accuracy heavily relies on pixels associated

with foreground objects. De�ned as split stereo matching, they estimate depth maps

individually for foreground and background objects. However, they did not investi-

gate into further usage of segmenting foreground objects. Therefore, we propose a

modi�ed network architecture that includes object masks into the point cloud detec-

tor module of 3D object detection. In our experiments, we show promising results

on public datasets using additional object masks during training.

� End-to-end 3D object detection

The object detection pipeline proposed by [14] is based on a modular design consisting

of two independent components which need to be trained separately. According to

Bojarski et al. [15], this decoupled approach of training two networks using a loss

objective that does not acknowledge dependence may not be the best �t for the �nal

learning objective of 3D object detection. To this end, we study an approach to

train whole pipeline for a global objective. We enable joint training of both modules

and optimize for a global loss function. Our approach is able to increase the object

detection accuracy compared to the decoupled structure used as a baseline.

� Comparison with other methods

Finally, we want to compare the proposed approach with other current 3D detection

methods on public datasets.

1.3 Outline

The �rst chapter gives a short introduction into the topic of the thesis. Chapter 2 contains

related work and theoretical backgrounds in the �eld of 3D object detection.

In Chapter 3, we de�ne a framework for estimating 3D bounding boxes from stereo input

images. Additionally, we report the network architecture and details of the applied model.

Chapter 4 focuses on the integration of object masks. Further, we describe how these

masks can help to increase detection accuracy.
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End-to-end learning is described in Chapter 5. We �rst show how individual components

of the object detection framework can interact with each other. Afterwards, we describe

a global learning objective for jointly training the framework components.

The results of the conducted experiments are reported and discussed in Chapter 6. The

�nal chapter will summarize the aspects of this thesis and consider topics for future ex-

tensions.



Chapter 2

Related Work

Contents

2.1 Stereo disparity estimation . . . . . . . . . . . . . . . . . . . . . . 12

2.2 2D Object Detection . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.3 Deep Learning on Point Clouds . . . . . . . . . . . . . . . . . . . 17

2.4 3D Object Detection . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.5 Semantic Segmentation for Street Scenes . . . . . . . . . . . . . 23

2.6 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

The second chapter gives an overview about principles that are of particular interest for

this work and provides a survey of related research.

We start with disparity estimation from stereo images and 2D object detection. After that,

we discuss point cloud object detectors, 3D object detectors and semantic segmentation.
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2.1 Stereo disparity estimation

Autonomous vehicles heavily rely on the quality of depth estimations, which can be ob-

tained from the disparity between two images. The disparity is de�ned as the displacement

of a pair of corresponding pixels in the image pair. The estimation happens by taking an

input image pair and calculating the di�erence in image location of the same 3D point [7].

Rectifying the input images limits the search space for the matching to a one-dimensional

scan line called the epipolar line. The di�erence of corresponding points on the same

epipolar line results in the disparity, as shown in Figure 2.1.

Figure 2.1: Visualization of a stereo camera setup, where C1 and C2 relate to the left
and right camera centers, f relates to the focal length and T is de�ned as the stereo
baseline . Point X1 on epipolar line in the left image plane can appear anywhere on the

epipolar line in the right image plane.

Traditional stereo vision algorithms can be separated into global, local and semiglobal

approaches. Global approaches formulate a cost function over the whole image. Then,

this cost function gets minimized by applying global matching methods such as Graph Cut

[16]. Global methods achieve high accuracy for the disparity output. However, minimizing

the global cost function step-by-step results in more computational complexity.

Local methods displace a prede�ned support window to search for points with high cor-

relation. This behavior achieves better runtimes while su�ering from lower quality than

global approaches.

Semiglobal methods [17] combine the e�ciency of local methods with the accuracy of global

methods. They approximate a 2D minimization problem with several 1D scanline opti-

mizations, which can be solved e�ciently via dynamic programming. However, traditional

methods are of limited accuracy due to their hand-crafted feature selection [18].
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With the advent of machine learning methods in computer vision, Convolutional Neural

Networks (CNNs) replaced several components of the traditional vision pipeline. Zbontar

et al. [19] pioneered by leveraging CNNs to compute the matching cost of a stereo vision

task. Their Matching Cost Convolutional Neural Network (MC-CNN) learns a similarity

measure of small image patches which gets trained in a supervised manner. The outputs

of the network are used as an initial matching cost before applying several post-processing

steps. Compared to traditional methods, MC-CNN achieves considerable gains in accuracy.

Mayer et al. [20] replaced the whole stereo pipeline by introducing end-to-end stereo

learning. Their disparity network �rst constructs a cost volume using correlation layers

and then estimate the disparity map by end-to-end training. Additionally, they released

a synthetic dataset with over 35,000 stereo frames. On public benchmarks, their network

achieves smaller stereo error results compared to traditional multi-stage approaches.

eometry and Context Network (GC-Net), introduced by Kendall et al. [21], proposes to

regularize the cost volume with 3D convolution layers. In contrast to traditional distance

metric methods, they construct their 4D cost volume by concatenating the unary features

of the input images to maintain the original geometric input information. The innovative

usage of 3D convolutions results in higher memory usage while producing more accurate

disparity values.

Figure 2.2: Qualitative results of di�erent stereo methods. The left column shows the
according input image. On the right side, the disparity and error map for each method is

obtained. Image taken from [11].

Pyramid Stereo Matching Network (PSMNet) by Chang et al. [11] tackles this problem by

proposing a pyramid stucture. While extracting multi-scale features, the network decreases

the high-resolution input into a lower resolution. This way, it can take advantage of global

information in addition to pixel-level features by aggregating context in di�erent scales.

The pyramid feature performs the matching in a hierarchical manner, constructing a single

cost volume using multiscale features. As visualized in Figure 2.2, PSMNet outperforms

other modern methods especially in ill-posed regions while having the same run-time speed.



Chapter 2. Related Work 14

2.2 2D Object Detection

The task of 2D object detection is to estimate a 2D bounding area and a class description

for all objects of attentation in a given input image. The 2D bounding box is described

by four parameters and should �t the desired object closely. An example visualization is

shown in Figure 2.3.

Figure 2.3: Example 2D bounding box groundtruth annotations from the KITTI
dataset. Image taken from [22].

There have been large improvements in 2D prediction accuracy on account of the advent

of CNNs for feature extraction and the availability of larger and more complexe training

data. The modern detector pipeline has been introduced by Region Based Convolutional

Neural Networks (R-CNN) [23].

The �rst step of R-CNN is that several proposed regions from the input image on multiple

scales are selected via a prede�ned method like selective search [24] through basic color

segmentation. The aim of this search is to �lter out objects of interest from background

scenes. After that, the selected regions are resized and fed into a pretrained AlexNet [25]

CNN which extracts a feature vector for each region. Finally, support vector machines

(SVM) predict a bounding box and object category from the extracted feature vectors.

Although producing appealing results, the main downside of R-CNN is the massive com-

puting load due to the high number of individual forward computations of the CNN.

Since the feature extraction for each individual region produces a large amount of repeating

calculations, Fast R-CNN [26] combines them into one CNN forward pass over the entire

image. Then, the output of the CNN and the regions from the selective search are combined

using a region of interest pooling layer. Before predicting bounding boxes and classes, the

systems applies a fully connected layer for transforming the merged feature vector. Since

only one CNN forward computation is necessary, Fast R-CNN decreases both training and

inference time compared to R-CNN.
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Figure 2.4: Overview of Faster R-CNN. The model consists of convolutional layers and
a �nal RoI pooling layer. Image taken from [27]

The framework was quickly followed by Faster R-CNN [27], which introduced the region

proposal network (RPN) as displayed in Figure 2.4. This results in a single model consisting

of an RPN and Fast R-CNN which can be trained together using weight sharing.

The RPN is a fully convolutional network which uses every element of the extracted map

as a base for anchor generation. Anchors are predetermined bounding boxes which serve

as a default size for the region proposals to assume. Finally, all positive anchors get re�ned

by a regressor to produce a �nal output. The sharing of computation of Faster R-CNN

increases the pipeline performance further, proceeding in state-of-the-art (SOTA) scores

on public benchmarks.

In contrast to two-stage approaches described before, one-stage object detection models

directly predict a set of bounding boxes on an input image. They aim to encapsulate all

calculations in one network, resulting in an easier training process compared to two-stage

approaches. One of the �rst attempts in this direction was SSD (Single Shot Detector)

[28] introduced by Liu et al. which treats object detection as a regression problem.

Similar to RPN, the network places pre-de�ned anchors on extracted feature maps. The

feature maps in di�erent scales can be extracted from individual layers of the CNN. Finally,

matching anchors from di�erent scales are merged and pruned by non-maximum suppres-

sion (NMS) to produce scores for every class besides width and height of the bounding

area.
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Another one-stage approach named YOLO (You Only Look Once) [29] aims toward real-

time object detection. It uses fully convolutional layers for feature map extraction. After

that, anchors are placed on grid locations similar to SSD. Additionally, YOLO predicts a

con�dence score for each resulting anchor apart from the anchor size and o�set.

In summary, one-stage detectors de�ned new benchmarks in the �eld of 2D object detection

inference time. However, they reach lower accuracy scores than two-stage detectors while

being signi�cantly faster [30]. Furthermore, one-stage detectors often have problems to

detect small objects compared to region based networks [31].

Recently, fully-convolutional anchor-free methods like FCOS [32] and CenterNet [33] have

been introduced. One major advantage of anchor-free object detectors is the removal of

hyper parameter tuning.

In general, FCOS uses Feature Pyramid Networks (FPN) [34] for feature map extraction.

On every pyramid level, a detection head consisting of fully connected layers is used for

prediction. The design of this pyramid allows to share the rich semantics of higher level

feature maps to lower level feature maps.

Besides a class label and four bounding box values FCOS also predicts a centerness score

for each pixel in an image. This means that the number of predictions matches the pixel

count exactly. The centerness score is de�ned as

ctr =

s
min (l; r )
max(l; r )

�
min (t; b)
max(t; b)

; (2.1)

where l, r, b and t denote the bounding box regression targets. It refers as an value

describing the distance to the center of the ground truth bounding box for suppressing low-

quality predictions. FCOS surpasses previous one-stage detectors on public benchmarks

with the advantage of being much simpler. However, it does not reach the accuracy of

recent two-stage detectors.
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2.3 Deep Learning on Point Clouds

As deep learning has shown promising results on images, there has been interest to transfer

this techniques into geometric spaces like 3D point clouds as found in Figure 2.5. Initial

methods [35][36] applied traditional deep learning models on point clouds transformed into

multiple views. This way, existing methods could be used for geometric spaces without

expensive network modi�cations.

Figure 2.5: Example lidar visualization from the KITTI dataset. Image taken from [22].

Squeezeseg [37] introduced by Wu et al. adopts a spherical projection to transform sparse

3D point clouds to dense 2D grid representations. This way, they can apply conventional

CNN models on the generated front view camera images. Another preprocessing method

transforms the input point cloud into a birds-eye-representation before applying a CNN

[38].

Currently, there are two streams on how to apply deep learning on point clouds: voxel-

based and point-based.

Conventionally, VoxelNet [39] proposed by Zhou et al. divides 3D data points into equally-

sized 3D elements named voxels. It introduced voxel feature encoding (VFE), which allows

interactivity inside a voxel-element, by merging point-wise structures with a multi-voxel

extracted feature. It then groups up all points inside a voxel to a representive feature.

Finally, a region proposal network with stacked structure is applied to integrate multi-

scale representations.

However, transformation operations in the prepocessing step of voxel-based methods often

leads to information losses. Additionally, they produce intense computational cost [40].

Therefore, deep learning models which operate on raw point clouds have been introduced.
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Processing on raw point clouds has been pioneered by PointNet [41]. Instead of 3D voxels,

PointNet directly consumes a point cloud without any preprocessing, which also respects

the invariance of points in the input using symmetric functions. One big advantage of

PointNet is that it can learn both individual point feature vectors and global point aggre-

gation feature vectors. Figure 2.6 show the general architecture of PointNet.

Figure 2.6: Basic architecture of PointNet. Image taken from [42]

PointNet �rst applies a multi layer perceptron (MLP) to each indivual point pc to get a

feature vector f c. Using max pooling, all feature vectores result into one global feature

vectore f g describing the whole point cloud. Eventually, this global feature vector is fed

into another MLP to output a �nal classi�cation score.

Furthermore, an extension to PointNet uses the same base network for classi�cation and

segmentation by adding a segmentation network. It therefore concatenates local geometric

information and global semantics to compute output scores for each individual point.

PointRCNN [43] exploits PointNet by predicting and segmenting objects directly on point-

clouds. It is composed of two stages.

The �rst phase generates 3D bounding area proposals and acts as a classic region proposal

network. First, it uses PointNet as a base network to extract a description vector f c for

every input point pc. Next, all foreground features are put into a box regression head to

generate a 3D bounding box proposal.

The distinction between foreground and background features helps to predict better pro-

posals and is naturally given by the groundtruth annotations. Finally, NMS from bird's

eye view is applied to �lter out redundant bounding box proposals.

The aim of the second stage is to re�ne the locations and orientations of the generated

box proposals. It starts with a pooling of 3D locations and their correlated extracted

features from the �rst phase. Therefore, PointRCNN enlarges proposed bounding boxes

by a constant factor to include additional information from the context.
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