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Abstract
Towards high level robotic intelligence, robots should perceive their
surrounding environments semantically. For example, when a robot
is asked to grab a white cup, it should understand the 3D object it
perceives is a cup. It is a difficult task for robots to have this kind of intelligence though it is trivial for human beings. However, most existing
works focus on rather small scale indoor environments by using RGBD sensors. In this paper, we have implemented and evaluated a system
which is robust and accurate for use in large-scale semantic reconstructions. At the core of our 3D reconstruction system, we use the Voxel
hashing method. We benefited from use of the state of the art method
of deep learning—to be more accurate, the dilated convolutional network for semantic segmentation and Multi-task Network Cascades for
instance-aware segmentation. This system enables robots to recognize
different things and build a 3D model for large outdoor scenes while
navigating the world.
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Chapter 1

Introduction

In their daily lives, people need to be perceptive of the environment and
constantly build maps of the world when navigating around it. For example,
when driving a car, we need to pay attention to other cars or pedestrians
passing by and be able to gauge their distance and shape. This is such a
common and natural behavior that we do not even recognize what we are
doing while doing it. Therefore, to enable robots to explore the world like
human beings, it is a must for robots to be able to recognize different things
and build a 3D model of the world at the same time.
For the last five years, the object detection method, which detects and provides a tight bounding box around each object of interest, has been quickly
improving. However, a mask based on the object shape could be provided
by the segmentation method, which has advanced a lot compared to the object detection method. With a mask, we are able to have a better estimation
of the object’s shape so that it could improve the tasks of obstacle avoidance
and path planning, etc. On the contrary, object detection also has its own
benefit as this method is used to provide a rough boundary of the object
while the commonly used pixel-wise segmentation is unaware of individual
object instances.
For a particular project like self-driving cars, we need an efficient 3D reconstruction system in order to be able to build a large-scale map in real-time.
This will enable us to explore an area without any prior knowledge and
renew the map every single second. Additionally, to build a map in an
outdoor area is very different from building a map in an indoor area for 2
reasons:
1. A map in the outdoor area usually has a large scale, so it requires an
efficient way to represent the map.
2. Stereo-based camera setups perform better than most other camera setups in outdoor areas, for example, RGB-D cameras. Therefore, stereo
1
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camera setups are the common choice for use with self-driving cars.
However, the output of stereo cameras usually contains lots of noise,
especially in low texture areas. Therefore, a system consisting of stereo
cameras needs to be robust when handling noise.
Ideally, We propose and implement our system:
1. Have a stereo camera based pipeline for efficient large scale 3D dense
reconstructions. Existing approaches which work well for RGB-D cameras need to be adopted to the characteristics of stereo systems.
2. Benefit from recent advances in deep convolutional neural networks
for semantic segmentation. The reconstructed 3D models should be
labeled with semantic label refinement.
3. Be able to refine semantic labels across image frames.
4. Use instance-level semantic segmentation.

2

Chapter 2

Related Work

2.1

Reconstruction

Previously, KinectFusion has been proven to be an efficient real-time system.
However, KinectFusion focuses on loopy motion within a small area.[7] The
scenario it is used in is different from ours, which is for large-scale outdoor
areas with fewer loop closures.
For large-scale scenario, [8] introduced a Voxel Hashing method, which
avoids the storage of unnecessary data to free up space, and supports the
constant time lookup of Voxel blocks. In this way, the speed of large 3D
reconstructions is boosted and the memory required is compressed. An alternative way is the point-based method. The point-based method has two
advantages:
1. The point-based method usually has a simpler pipeline. A system using the point-based method doesn’t need conversion between different
presentations using the polygonization or raycasting methods.
2. The point-based method is memory efficient as it avoids storage of the
regular Voxel grid as with the Voxel-based method.
[9] introduces a point-based method using Surfel, which deals with surface
elements containing attributes of depth, texture color, normal and others.[10]
In a word, point-based method and Voxel-based method both have their own
advantage. So we tried both method in our work. Then, we compared the
performance of [8] and [9] in detail in Chapter Seven.

2.2

Semantic Segmentation System

Recently, [12] has shown excellent results in terms of large-scale, outdoor semantic reconstructions. To the best of our knowledge, it is the system closest
3
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to our approach. However, in our system, we could benefit from the recent
improvement of deep convolutional neural networks as it shows better precision to the random forest method [12] uses. Also, we did instance-level
segmentation other than pixel-wise segmentation. [13] is another system
that uses semantic reconstruction. While their method only focuses on indoor scenes, the method is inefficient when using noisy data generalized
through the stereo matching method. We were also inspired by another
method named SLAM++[14], which is a SLAM system based on semantically defined objects. The information on these objects were pre-stored in a
database. In our system, we detect objects automatically without using any
pre-defined shape databases. There are quite a lot of semantic segmentation
systems that have been implemented recently. We have a detailed list of
them with their key features in the following table.
Table 2.1: Comparison between some other related work. O = outdoor, I = indoor, S = stereo
camera, R = rgbd camera, RT = real time, D = use deep learning method, IS = instance level
segmentation

V. Vibhav [12]
N. Matthias [19]
C. Häne [15]
H. Alexander[16]
K. Hema[17]
Camille C[18]
ours

4

O
X

X
X
X

I
X
X

X
X
X

S
X

X

X

R

X
X
X

RT
X
X

D

IS

X

X
X

X
X

X

Chapter 3

System Overview

Our goal of this project is to build a large-scale efficient semantic system
based on stereo cameras. Our input into the entire system are image pairs
based on stereo cameras, which is shown in (Fig. 3.1 a). The output is a
raycasted image with labels (Fig. 3.1 g)
The first step of our system is to get a depth map estimation from the stereo
image pairs. We could use the stereo-matching method to get the depth
map by comparing the stereo image pairs. However, calculating the depth
map from a low texture area is a challenging task. Common scenarios that
occur when using a semantic mapping system, such as in self-driving cars,
the input image usually contains a low texture area such as the road. Additionally, the depth map calculated from stereo image pair is usually quite

Figure 3.1: System Overview
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noisy. This even causes the depth-mapping method to become one of the
bottlenecks in the entire semantic mapping process. The noise reduction
method is necessary to obtain a high quality 3D model. This method will be
described in detail in Chapter 4.
Visual Odometry is also essential for scalable fusion. The goal of visual
odometry is to determine the position and orientation of a robot by analyzing the associated camera images.[1] Due to the limited duration of my
thesis, I am directly using the ground-truth camera pose from the KITTI
benchmark. However, there are many effective visual odometry methods
that are suitable for use in this task.
Once we get the visual odometry and depth map, we are able to build the
3D-model.(Fig. 3.1 d) This step needs to be extended for large scale scenes.
A fusion method is also necessary in order to improve the 3D-model based
on the consecutive frames in the image sequence to reduce noise. This step
will be illustrated in detail in Chapter 4.
Besides 3D-reconstruction, another key function of our system is semantic
segmentation. This makes the whole system intelligent by providing the system the ability to detect objects. Basically, we use the CNN (Convolutional
Neural Network) for the semantic segmentation portion. To be more precise,
we use the dilated network [2] for fully-dense semantic segmentation and
MNC(multi-task network cascades)[3] for instance-level segmentation. This
part will be explained in Chapter 4.
For both pixel-wise segmentation and instance-level segmentation, an optimization phase is needed. Since we have an image sequence, we can acquire
more information from the sequence other than through a single image. The
result from one single image may be noisy. However, when considering several images nearby, we can significantly reduce the amount of noise. Additionally, we are able to obtain more information such as the edges and flow
(dynamic objects are very common in traffic data). This extra information
enables us to optimize the semantic segmentation to obtain a more accurate result. However, in a difference from pixel-wise segmentation, we need
to track the object to ensure the consistency of the instance label between
different frames because the pixel-wise segmentation method always uses
the same semantic label between different frames. For example, a car will always be labeled with the class of “car”. But, in instance level segmentation, it
is quite common to see different instance IDs used between different frames
since most instance-level segmentations only focus on one frame, without
considering consistency between different frames in a sequence of images.
A 3D-model is not difficult to obtain using semantic segmentation by projecting the semantic segmentation information onto the 3D-model, whilst there
is still optimization space to enable the fusion of the semantic segmentation.
The last step of our system is to raycast the 3D model onto the image due to
6

the perspective. Thus, the system is user friendly.
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Chapter 4

Method

I will illustrate the method used in this project in detail in this chapter.

4.1

Depth map estimation

As we mentioned before, the first step is to convert the stereo image pairs
into a depth map as demonstrated in Fig. 4.1.
I used the semi-global matching method in this step. The semi-global matching[4]
method is a classical method used for depth estimation. This method has
been commonly used and re-implemented many times by researchers in recent years. This method has two key features:
1. A hierarchical calculation method is used for pixel-wise cost. The
speed of this method is nearly as fast as intensity based matching.

Figure 4.1: Input and Output of depth estimation

9
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Figure 4.2: Sample output of semi-global matching

2. The global cost calculation has a linear time according to the number
of pixels and disparities.
In Chapter Seven, it is clear to see that the method is accurate and fast. An
example output of the semi-global matching method is shown in Fig 4.1.
Semi-global matching can provide the disparity between the image pairs. It
is described by the number of pixels. To convert the number of pixels into
real depth measured by meters, we can use the equation of zi = b f /di .

Figure 4.3: From disparity to depth [5]

However, the depth map we directly receive from the semi-global matching
approach usually contains holes or noise. These defects greatly affect the
accuracy of the 3D model. We conducted a 3D reconstruction experiment
10
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Figure 4.4: 3D model comparison

based on the SGM output by comparing it with the 3D model built from
the ground truth. In this experiment, we observed some specific problems
caused by using stereo cameras and the depth estimation method. We performed this experiment using the dataset generated by UnrealCV[35]. We
will illustrate the UnrealCV dataset in Chapter Seven. The comparison result is shown in Fig. 4.4. The middle image was generated using the ground
truth depth. The right image was generated with the SGM depth. We were
able to find two major problems with this result:
1. The estimated depth was not always accurate, especially in areas which
had low texture. For indoor scenes, the walls or floors were quite common low texture areas. For outdoor scenes, the road was usually one
of the low texture areas.
2. Reflections can cause errors with the depth estimation. This problem
is difficult to avoid. However, reflections are a rare case for outdoor
scenes.
By using depth fusion to use the information between consecutive frames
in a sequence, it is possible to reduce the amount of noise. However, the
effect of the fusion method was limited. We used an optimization method
to improve the quality of the depth map by using the segmentation map. We
will explain the method we used in detail in Chapter Five. The precision and
speed of our depth estimation method will be evaluated in Chapter Seven.

4.2

Large scale reconstruction

As we mentioned in Chapter One, we propose to reconstruct large scale
3D models in our system. The input of this task is the depth estimation
information and the camera pose from the visual odometry. Since the visual
odometry is not a necessary part of my thesis, I used the ground truth
camera pose for the purpose of testing.
11
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The volumetric method is commonly used for 3D reconstruction. Based
on [6], the volumetric method uses implicit signed distance fields (SDF) and
weight in each voxel. The SDF represents the signed distance from the Voxel
center to the observed surface. The weight is used to represent variations in
certainty.
The reconstruction method needs to be extended to large scale scenes. In
previous work of KinectFusion[7], they only had a resolution of 2563 Voxels.
For Voxel-based method, Voxel grid has to be stored. This may use a lot
of memory. For a resolution of 2563 , we already need to store millions of
Voxels, much less a model of a large scale outdoor scene.
We are able to reduce the memory used for the storage of the voxel grid
by using a truncated signed distance field (TSDF) since Voxels with a large
distance SDF is irrelevant to the 3D reconstruction.
The truncated variant of sd f i ( x ) is denoted by tsd f i ( x ).
tsd f i ( x ) = max ( 1, min(1,

sd f i ( x )
))
t

(4.1)

By using the TSDF, the memory used can be significantly reduced for largescale outdoor scenes since we wouldn’t need to store Voxels that are too far
away from the surfaces. We could directly ignore them without any decrease
to the accuracy.
Except for memory efficiency, speed is also an important aspect of the 3D
reconstruction method. [8] mentions a Voxel hashing method that allows
for real-time access to the Voxel data structure. The idea of Voxel hashing is
quite simple. A hash table is introduced that stores the TSDF, weight, color,
and all other necessary information for the purposes of 3D reconstruction in
the Voxel blocks.
The Voxel block can be retrieved from the hash table by using the 3 dimension position in the world coordinate (x,y,z).
The hash function is defined in a simple form through multiplication and
rounding. The hash value H ( x, y, z) can be retrieved from the following
hash method using the world coordinates as the input:
H ( x, y, z) = ( x · p1

y · pa

z · p3 )

(4.2)

The structure of Voxel hashing method is illustrated in Fig. 4.5.
As we mentioned in Chapter One, we also tried a Surfel-based method,
which uses a powerful representation of rendering called surface elements
(Surfels)[9]. These elements are point primitives without connectivity between each other. These Surfels contain all of the necessary information like
12
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Figure 4.5: Structure of Voxel Hashing[8]

depth, texture color, normal, and etc. The Surfel-based method can achieve
memory efficiency since we don’t need to convert between the different representations when using the Surfel based method. In this way, the system
based on the Surfel method has a much simpler pipeline. For example, it is
possible to obtain the camera pose by using the ICP on point cloud.
However, in outdoor scenes, the result of the Surfel-based method system,
like ElasticFusion, is not as good as the volumetric method, although they
show great results for indoor scenes. The Surfel-based method is not robust
when dealing with noise in the depth map. After comparison of the Surfelbased and volumetric methods, we choose to use the volumetric method.

4.3

Pixel-wise semantic segmentation

”Pixel-wise semantic segmentation is to predict per-pixel semantic labeling
of the image without considering higher-level object instance or boundary
13
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information”. This is the definition of pixel-wise semantic segmentation
given by cityscapes[11]. For this task, we used the state-of-art method, the
dilated convolutional network[2].
Before the invention of the dilated network, most semantic segmentation
methods were based on convolutional networks. However, the goal of semantic segmentation is to give a dense per-pixel prediction instead of a
bounding box which is the output of the object detection method. In recent
years, the most popular semantic segmentation methods have been based
on fully convolutional neural networks. Modern image classifications are
using convolutional neural networks to pool and sub-sample in order to repeatedly reduce the resolution. Finally, we are then able to obtain the global
prediction. Traditionally, the repeated up-convolution method is used to recover the lost resolution. An alternative way is to use multi-scaled images
as the input to the network. The dilated convolutional network is able to
make dense predictions without losing resolution or require the extra step
of rescaling the images.

4.3.1

Dilated convolution
2

Let Z ! R be a discrete function.Wr = [ r, r ]
discrete filter.

2

T

2

Z and k : Wr ! R is a

We know the convolution operator * is defined as:

( F ⇤ k)( p) =

Â

F (s)k(t)

(4.3)

s+t= p

The dilated convolution simply has the same structure as the convolution
operator, except that it has an extra parameter of i.
The dilated convolution operator is defined as:

( F ⇤i k)( p) =

Â

F (s)k(t)

(4.4)

s+it= p

Let F0 , F1 , ..., Fn 1 : Z2 ! R be discrete functions and let k0 , k1 , ..., k n 2 : W1 !
R be discrete 3⇥3 filters. The filters is applied in the following form:
Fi+1 = Fi ⇤2i k i
for
i = 0, 1, ..., n

2.

The receptive field of an element p in Fi+1 is defined as the set which could
affect the value of Fi+1 ( p). The receptive field is described in Fig. 4.6. It is
easy to find the receptive field in Fi+1 is (2i+2 1) ⇥ (2i+2 1)
14
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Figure 4.6: This figure shows the receptive field of F1 , F2 and F3 . We can see that they have
the size of 3⇥3, 7⇥7, 15⇥15. The receptive field is increasing exponentially when the number
of parameters grows linearly (The figure and equation is from [2])

4.3.2

Implementation of dilated network

We use the dilated network from [2].
The input of dilated network is a color image and the output is a C=21 feature map. The C is the number of predicted class including 20 object classes
and one class standing for the background. They are adapted from the VGG16 network. They exchange every pooling and striding layers for dilated
layers by a factor of 2. We used a pre-trained model from the Cityscapes
dataset.

4.4

Instance-level semantic segmentation

For the instance-level semantic segmentation, we used the method of Multitask Network Cascades (MNC)[3]. This method has won the competition
with the COCO dataset[23] with high-quality result and a speed close to
real-time performance.
Basically, instance-level semantic segmentation is a combination of Object
Detection and Semantic Segmentation. In MNC, this task is divided into
three related sub-tasks:
1. Provide a bounding box for each instance without category prediction.
2. Estimating mask. This task is about pixel-wise semantic segmentation
in a bounding box for every particular instance.
3. Classification. In this sub-task, we give each task a class label based
on the bounding box and mask.
15
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Figure 4.7: This is the whole structure of MNC, a brief structure is shown on top-right[3]

In the MNC, the three different tasks are combined together by sharing
convolutional features (In the implementation, they use 13 convolutional
layers in VGG-16). Also, the loss of the next sub-task depends on the loss of
the previous sub-task.
The whole network structure is shown in Fig. 4.7.
The first task uses the network structure and loss function form of the Region Proposal Networks (RPNs).
The RPN method is a fully convolutional network which is used to predict
a bounding box location and score about the probability of objectness. The
output bounding box is predicted without considering the category.
The predicted bounding box is presented by Bi = xi , yi , wi , hi , pi . Bi is a
bounding box indexed by i. ( xi , yi ) is the center of Bi , wi and hi are the
width and the height of the box while pi is the probability of objectness
within the box.
Let Li be the loss of the stage i.
The Loss of RPN is in the form of:
L1 = L1 ( B(Q))

(4.5)

The second stage takes the shared convolutional features (we used VGG-16
in our work) and the bounding boxes we obtained during the first stage. In
MNC, Region-of-Interest (RoI) pooling is used [24].
RoI is able to predict a fixed resolution mask. In MNC, they define the
resolution as 28 ⇥ 28.

The loss term of the second stage is defined in the following form:
16
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L2 = L2 ( M (Q)| B(Q))

(4.6)

As a result, the output of the second stage depends on both the mask and
bounding box.
In MNC, to predict the class label of one single instance, they follow the
method of [25].
They use both the bounding box and mask pathway feature from RoI.
The mask pathway feature is defined in the following form:
FiMask (Q) = FiRoI (Q).Mi (Q)

(4.7)

Similar to the second stage, the loss term L3 is defined in the following form:
L3 = L3 (C (Q)| B(Q), M(Q))

(4.8)

C is the category predictions.
The loss function of the entire network of MNC is defined as :
L(Q) = L1 ( B(Q)) + L2 ( M (Q)| B(Q)) + L3 (C (Q)| B(Q), M(Q))

(4.9)

They also prove that the MNC can be trained efficiently through End-to-End
Training. Except for MNC, we also tried DeepMask[26], which is a state-ofart instance-level semantic segmentation method. However, we found the
precision of MNC’s performance to be beyond that of DeepMask for our
system.
In terms of the semantic segmentation task, there is only one label for the
class of cars. Every pixel that belongs to cars in different images should be
labeled as car. However, in the instance-level segmentation task, we should
not only give a label of class but also a label of instance. If one instance
appears in different images, they should have the same instance label. So an
extra step is needed to ensure the labeling of the same instance in consecutive frames of a image sequence is consistent. This is shown in Fig. 4.8.
The tracking method would be suitable for use in this task. Besides tracking,
the method based on the 3D position is also an option. However, we found
a simpler method based on the maximum overlap between the bounding
boxes between nearby frames. It is shown in Eq. 4.10.
i = maxi ( Bn

1 (in 1 )

\

Bn

1 (i )))

(4.10)
17
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Figure 4.8: a sample of instance aware segmenation of nearby frames in an image sequence

In this equation, function Bn (i ) is the bounding box of instance labeled i in
image n.

4.5

CRF

In the previous section, we were able to find pixels and instances that were labeled independently in different frames. Considering the coherence between
continuous frames in an image sequence, the noise and inconsistency was
able to be reduced. The fully-connected conditional random fields (CRF),
which is also known as the dense CRF, are often used in this kind of task.
They often significantly improve the quality of the results.
In continuous image sequences captured by self-driving cars, the camera
might be moved and there may be dynamic objects captured within the
18
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Figure 4.9: Blocks stucture in CRF[27]

scene. If we consider long-range regularization of the image sequence, it
may become quite complicated. For this reason, if we only do 3D spatial
regularization based on the physical position, some error may be introduced
into the dynamic project.
So we need to use a method that specifically considers object motion while
applying the CRF. 3D reconstruction based on dynamic scenes is an open
challenge. However, it is possible for us to do so by using the correspondence points within the space of the CRF.
In [27], they invented a method that utilizes feature space optimization instead of only spatial optimization. This method optimizes the spacetime volume based on correspondences detected by the long-term tracks. The goal
of the optimization is to minimize the distance between the corresponding
points.

4.5.1

Model

In the Feature Space Optimization method, the video is overlapped by temporal blocks. A dense CRF is defined in each blocks as shown in Fig. 4.9.
Each pixel in the image sequence is defined as a vector p = (b, t, i ). In this
vector, b is the block number of a single block. t is the frame number of the
image in the sequence.
19
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Given pixel p, X p stands for a random vatraible in the domain L = l1 , ..., l L .
The states li is the labels. Let c to be the random field over P and let x : P !
L be a label assignment.
The random field c and the corresponding energy E is represented as Eq.
4.11, 4.12.
P( X | D ) =
E( X | D ) =

1
exp( E( X | D )))
Z ( D ))

Â yup (x p ) + Â
p

( p,q)2#

p

y( p,q)2# ( x p , xq )

(4.11)
(4.12)

In this equation, Z ( P) = Â x exp( E( x | P)) is the data dependent partition
function and yu (.·) and y p (·, ·) are the unary potential and pairwise potential functions. # is the neighbor pairs of variables.
The unary term specifies the cost of assigning label x p to pixel p. Pairwise
p
terms y p,q ( x p , xq ) are cost of inconsistent labeling.
The pairwise terms is defined using Gaussian kernels.
p

y p,q ( x p , xq ) = µ( x p , xq )

M

Â

m =1

wm k m (f p , fq )

(4.13)

In this equation, µ is the label compatibility term and wm is the mixture
weights. f p and fq are feature vector about x p and xq .
The kernel has the following form:

( f )p

m

k (f p , fq ) = exp(

( f )q
sm2

2

)

(4.14)

f p is a feature space of point p. (equations are from [27])

4.5.2

Feature space optimization

Initially, the form of the feature space is defined as ( f ) p = (t p , ( I ) p , s̄ p )
In this feature space, t p stands for the time and ( I ) p stands for the color
dimensions. In [27], they optimized the feature space using a novel method.
With this method, the time and the color is fixed. The position dimension s p
is replaced by an optimized space feature of s̄ p .
The objective function of the optimization method is defined as:
s⇤ = argmin E(s)
s
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(4.16)

E(s) = Eu (s) + g1 Es (s) + g2 Et (s)

In this equation s is the position feature and s? is the optimal feature. Our
target is to minimize the total energy.
In this method, three different terms are used:
1. Data term E(s). The data term is the term to prevent the optimal
position from drifting too far away from the original position:
Eu =

Â

s̄ p )2

(s p

p2 P a

(4.17)

Let P a to be the set of pixels in a frame.
2. Spatial regularization term Es (s). The spatial regularization term is the
term for the color boundaries or contours. Anisotropic second-order
regularization over the 4 connected pixel grid is used during this stage.

Es (s) =

T

N

Â Â (sb,t,i

t =1 i =1

Â

j2 Ni

wij s(b,t,j) )2

(4.18)

Ni stands for the neighbors of point(b,t,i). The weight wij depends on
the object boundaries in the image. It is defined as the form:

wij = exp(

I b,t,i

I b,t,j
s1

2

)exp(

c2p
s2

)

(4.19)

The first term stands for color difference between the two pixels. The
second term is about the contour strength c p .
3. Temporal regularization term Et (s). This term is to preserve the correspondence points in different frame. It has the form of:
Et (s) =

Â

(sp

sq )2

(4.20)

(p,q)2k

k is the collection of pairs of correspondent points detected by long-term
tracks and optical flow.
After computing different terms, we optimize this function using least-squares
problem through second-order regularization.
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4.5.3

Inference

We use mean-field for inference. The target of the mean-field is to minimize
the KL-divergence between the true distribution and the approximated distribution.
The update of mean-field is in the following form:

Q p (l ) =

1
exp( yup (l )
Zp

S1 ( l ) =

Â
Â
0

Qq l 0 y p,q p(l, l 0 ),

Â
Â
0

Qq (l 0 )y p,q (l, l 0 ),

l 2L

S2 ( l ) =

q2N p1

l 2L q2N p1

Zp =

Â exp(
l

S2 (l )),

S1 ( l )

yup (l )

p

S1 ( l )

(4.21)

S2 (l ))

Here Q is the approximate distrubution, N p1 and N p2 are the neighbourhood
in two different blocks covering p.

22

Chapter 5

Optimization

To have a more precise model, we did optimization in several different aspects. We implement a depth fusion to de-noise using image sequence information.

5.1

Depth Fusion

In the process of 3D reconstruction, every voxel contains a TSDF field. The
information we get from neighbourhood frames could be used for optimization. We get inspired from the method used in KinectFusion. In their system,
they use a de-noise depth fusion method. The target is to minimize the following function:
min Â kWRt FRt
F 2F

k

F k2 .

(5.1)

In this function, Rt is the raw depth map of time t. We could inference the
TSDF for a single point in the following equation.

Ft ( p) =

Wt

1 ( p ) Ft 1 ( p ) + WRt ( p ) FRt ( p )

Wt

1 ( p ) + WRt ( p )

Wt ( p) = Wt

,

(5.2)

1 ( p ) + WRt ( p )

In this equation, the next weight of point p could be achieved from the sum
of the previous weight and the weight of the current frame. The updated
depth is truncated by a single value:
Wt ( p)

min(Wt

1 ( p ) + WRt ( p ), Wh )

(5.3)
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In the real system, we just set the initial weight of every point to be 1. Thus,
the output is a simple average of the input depth. This provides good result
in the experiment.
However, this depth fusion method doesn’t work for dynamic objects. In our
system, we only focus on static scenes due to the limited time of my master
thesis. We regard the depth fusion of dynamic object as a future work of our
project.

5.2

Semantic Fusion

Similar to depth information, we also have a method for semantic information.

Ft ( p) =

Wt

1 ( p )Ct 1 ( p ) + WRt ( p )CRt ( p )

Wt

1 ( p ) + WRt ( p )

Wt ( p) = Wt

,

(5.4)

1 ( p ) + WRt ( p )

In the above equation, Ct ( p) stands for the semantic information in frame t
for point. We represent the semantic information using the probability distribution of each different class. For instance, we have 19 classes including
’background’. Thus, we have a vector ( p1 , p2 ...p19 ) standing for the probability of each class whose sum equals to 1.
After semantic fusion, we select the semantic class with the largest probability to show on the 3D model.
However, I did not fully implement the work of Semantic Fusion in my
thesis. Besides, this section still has a space for improvement by choosing
different weight for each class. Since some objects may be more difficult for
segmentation. It is reasonable that these objects have smaller weight.
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Chapter 6

Implementation

6.1

3D reconstruction

We tried two systems of 3D reconstruction. For Voxel-hashing method, our
work is based on the system of InfiniTAM.
InfiniTAM is an open-source framework for real-time, large-scale depth fusion. The system is based on KinectFusion[7].This system has a really high
speed with a processing rate of 1000fps on TitanX. The other system we tried
is ElasticFusion, ElasticFusion is based on surfel-based method.
Generally speaking, the two methods both fulfil our using scenario. They
are used for large-scale, real-time dense SLAM. Besides of this, they both
use ICP as camera pose estimation. After comparing the two systems, we
choose InfiniTAM.
Here are some pros and cons of using InfiniTAM.
Pros:
1. InfiniTAM has a more straight-forward representation of the 3D world.
2. InfiniTAM has a simple and effective de-noise method. Therefore, InfiniTAM has a much more accurate method comparing to the ElasticFusion method.
3. InfiniTAM use the truncated signed distance field (TSDF), makes it
more robust to noise. Since InfiniTAM also restores information within
the truncated distance from the surface, while only the information
near surface is restored in ElasticFusion. When the distance between
consecutive frames is large or we simply don’t have precise sensor, it
is common to have an inaccurate model.
Cons:
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1. When using InfiniTAM, we need to change to different representation
format frequently. For example, we need to change volumetric data
into points for iterative closest point(ICP). Besides, when raycasting the
3D model on 2D images, we need to compute the intersections between
the ray and the 3D Voxel. Comparing to the InfiniTAM, ElasticFusion
has a simpler pipeline.
However, in the system of InfiniTAM, they did lots of optimization
including sharing memory of GPU and CPU. Thus, the requirement of
memory usage of GPU get decreased. In real experiment, it could run
in a speed much faster than real-time. The speed is not a bottle-neck
for InfiniTAM.
2. InfiniTAM costs more memory than ElasticFusion.
InfiniTAM provides several parameters to make it suitable for several different use.
The following is a list of different parameters and their usage in InfiniTAM:
1. voxelSize: the parameter used to set the size of each Voxel. The smaller
the size is, the more detailed model we have. However, when using
smaller Voxel, we will need more memory because of the increasing
number of Voxels.
2. viewFrustum min, viewFrustum max: the setting of the depth used
for 3D model. ViewFrustem min and viewFrustum max are the min
and max distance from camera we used. Because it usually contains
more noise for depth estimation when the distance is too close or too
far away. Besides, in task like self-driving car, far away object in the
scene does not make much sense.
3. mu: the width of the band of truncated signed distance stored in the
Voxel. We assume the maximum noise for static scenes should be less
than the largest TSDF.
4. maxW: the maximum Voxel used for integration. We set the maxW
for integration. The parameter of maxW depends on the accuracy of
the depth estimation, and the distance of camera poses between the
successive frames in the image sequence. The larger maxW results in
lower speed when integrate the current model into the global model.

6.2

CRF

We use the code of Vladlen Koltun [29] for feature space optimization.
For the Unary term, we need per pixel probabilities for each pixels. We have
a vector which contains the probability of each corresponding label for each
pixel. We use the the softmax to convert each probability score to (0-1).
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Figure 6.1: optical flow from the image sequences

we also need optical-flow and long-term track for the temporal regularization term which is to keep the relationship between corresponding points in
different frames.
For optical flow, we use the method of large displacement optical flow
(LDOF). Point correspondences between images with moving objects provided by energy minimization method does not perform well for large displacements. Methods about descriptor matching work for large displacements, but with limited precision. The method of LDOF could combine
these two kinds of method.
Fig. 6.1 shows the result of LDOF.
We compute both the forward and the backward flow. We can detect occlusion from comparing the forward and the backward flow. Since the nonoccluded part of flow should fulfil the requirement that the forward flow is
approximately the inverse of the backward flow.
Then, based on the optical flow, we detect the long-term track using the [30]
method.
However, we don’t need too many tracked points, so we sub-sample the
points by factor 8 and 16.
The comparison result is shown in figure 6.2. The left image is the result
when sub-sample factor is 8. The right image is the result of sub-sample
factor 16.
We need contour strength for the spatial regularization term, which is used
to keep the semantic label consistent within color boundaries. We compute
an edge-map of the image. The edge-map contains the edge probability of
each pixel. We use the ’edgesDetect’ function provided by [31]. Their code
is an implementation of the method of [32].
Their method used the random decision forests to predict local edge mask.
The result is shown in Fig. 6.3.
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Figure 6.2: Tracked points in the image

Figure 6.3: The left image is the original image, the right image is the edge map image.

After collecting the essential information, we followed [27] which used the
biconjugate gradient stabilized method to optimize the objective.
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Chapter 7

Experiment

7.1

An overview of related dataset

Before illustrating the experiment, we need to firstly introduce the dataset
we use. To choose an appropriate dataset is an essential part for testing
and evaluating our system. Besides, for data-driven method like CNN, the
performance highly depends on the training dataset. If we have a massive
dataset with high quality data, we will probably have a better model comparing with training on a small and low quality dataset.

SemanticFusion[13], which is a system similar to us, tests using NYUv2
dataset[33]. However, the NYUv2 dataset mainly contains RGBD image of
indoor area. The input of our whole system is based on stereo image pairs.
Therefore, we cannot use the NTUv2 data directly. Kitti[34] is a well-known
dataset with high quality data and rich information for different kinds of
tasks. It contains rectified stereo pair images which could be used as the
input of our system. It also contains a visual odometry benchmark and
several images labeled semantic segmentation information. We can use the
visual odometry information to test the visual odometry part and build up
3D model. The labeled images could be used for testing the whole system.
29

7. Experiment

Figure 7.1: Kitti input image sample

A sample stereo image pair of Kitti is shown as Fig. 7.1. Besides the stereo
image pair, we also use the labeled semantic information and ground truth
stereo disparity for testing, which is shown in Fig. 7.2.
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Figure 7.2: Kitti stereo image and semantic labeled image

However, we could see that the annotated semantic image does not have
very good quality. Thus, it is difficult to be used for training model of semantic segmentation. So we use Image-net, Pascal VOC and also Cityscapes
for training model[11].
Before testing our system on more challenging ourdoor images, we firstly
test our system on synthetic data. I use a dataset generated by UnrealCV
which is an unreal engine to build virtual worlds. UnrealCV uses Unreal
Engine 4, and can communicate with extenal program, such as Caffe. Therefore, it is not difficult to embed into the testing framework.
This could help us to have a solid analysis on our performance.Fig. 7.3 is a
sample image of the UnrealCV dataset[35].
Besides of those dataset mentioned above, we also try on dataset of Perl
dataset [36] and the Oxford Robotcar Dataset [37]. Images in the Perl dataset
is more challenging because it contains more dynamic object. Oxford Robotcar Dataset has high quality data, but it is lack of semantic information.
For semantic segmentation part, we use the dataset of Cityscapes for training. it is a large scale dataset which is intended for semantic urban scene
understanding tasks: pixel-level and instance-level labeling.
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Figure 7.3: Sample of unreal dataset

Fig. 7.4 is a sample of fully annotated pixel-wise segmentation image of
the Cityscapes dataset. We can see the image is well annotated with precise
semantic mask. It is also an advantage of using cityscapes that they also
provide high quality instance-aware semantic segmentation image of traffic
image. Since self-driving is an important scenario for our system, it is important for us to test on street scenes. Although Kitti benchmark also contains
semantic segmentation data, the size of the dataset with semantic information is not as large as it is of Cityscapes. That is why we train our semantic
segmentation model, including both pixel-wise instance-level segmentation
on Cityscapes instead of Kitti. We also get a pre-trained model for MNC,
which is trained on ImageNet and fine-tuned on Pascal VOC. It performs
good on Kitti benchmark for instance-level segmentation task.

Figure 7.4: Pixel-wise annotated image of cityscapes

For pixel-wise segmentation, we need to fully annotate the whole street
scene. Thus, we need not only to recognize cars or pedestrians on the street
but also give a label for plants, buildings, etc. around the street.
Fig. 7.5 is the classes label which we can get from the Cityscapes dataset.
It provides rich information about all the different object which commonly
appears in street scenes. For instance-level segmentation, our target is to
improve other tasks, such as tracking or path planning. So we only need to
pay attention to moving object on the street, which are cars, person, riders,
etc.
32

7.2. depth estimation

Figure 7.5: Classes of Cityscapes [11]

7.2

depth estimation

We use the stereo benchmark or KITTI to evaluate the depth estimation
result. It contains 194 training image pairs and 195 testing image pairs as
PNG format.
The ground truth depth in KITTI stereo benchmark is provided by Velodyne
lidar. The groundtruth is optimized by using ICP to register consecutive
frames and manually remove points outside the image. The Velodyne lidar
could not provide a fully dense depth map. So background interpolation is
used. The stereo is evaluated using average number of erroneous pixels and
end-point error.
The depth estimation is evaluated by the percentage of bad matching pixel.
The percentage of bad matching pixels is defined in Eq. 7.1.
B=

1
N

Â (|dC (x, y)

d T ( x, y)| > dd )

(7.1)

( x,y)

In this equation, dd is the threshold of the disparity error. Points with a
larger disparity error are regarded as bad matching pixels. N is the total
number of pixels.
Both error rate for occlusion part and non-occlusion part is provided.
Root-mean-squared(RMS) error between the computed depth map dC ( x, y)
and the ground truth map d T ( x, y) is defined as Eq. 7.2.
B=(

1
N

Â

dC ( x, y)

1

d T ( x, y)2 ) 2

(7.2)

( x,y)

The result is shown in Fig. 7.5.
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Figure 7.6: Depth estimation result

The detailed performance is shown as follows.
1. Out-Noc: 4.72%
2. Avg-Noc: 1.5px
3. Avg-All: 1.7px

The Out-Noc is the percentage of bad-matched points in the non-occluded
area. The Avg-Noc and Avg-All are the average point-end distance of every
pixel in the non-occluded area and all area.

7.3

Comparison between di↵erent 3D Reconstruction
Method

The reconstruction model built from Voxel-hashing method(InfiniTAM) and
surfel-based method(ElasticFusion) is compared in Fig. 7.7.
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Figure 7.7: The comparison between di↵erent 3D reconstruction methods

In Fig. 7.7, we use the same set of parameters in both methods: the same
depth range. We can find Voxel-hashing method is more effective to remove
noise than surfel-based method. In the right image, the orange points in the
upper part of the image are all caused by bad-matching points. It is shown
in the previous section that the bad-matching points are about 4-5% of all
the points, so the 3D reconstruction method should be tolerated to noise.
To have a dataset with less distance between the consecutive images is also
a way to remove noise. Since with a short distance between consecutive
frames, more scenes got overlapped. A depth fusion method is more effective in this case.
In Fig. 7.7, we shown the effect of different distance between consecutive
camera pose in a virtual dataset.

Figure 7.8: 3D model built from vitual dataset. The left image is the original scene, the middle
image is the 3D model built by 1000HZ images, the right image is the 3D model from 50HZ
images

In this experiment, the view point is moving in the same speed. The middle
image is generated by 1000HZ images, the right image is built from 50HZ
images. So the distance between consecutive images for the middle scene is
20 times less than the right.
Except for the role played by the distance between consecutive images, a
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smaller Voxel could also make the model smoother and remove holes in the
original model.
In Fig. 7.9, we show the comparison between the 3D model built from
different Voxel size.

Figure 7.9: The comparison between di↵erent voxel size

The below image is built with Voxel-size of 2.0 meters, while the upper
image is built with Voxel-size of 0.2 meter.
This is a list of parameters we used in InfiniTAM.
1. voxelSize: 0.2 meter
2. viewFrustum min, viewFrustum max: I set the viewFrustum min to
be 5.0 meters, the viewFrustum max to be 20.0 meters. (the setting
of the depth used for 3D model. ViewFrustem min and viewFrustum max are the min and max distance from camera we used)
3. mu: 0.1 meter
4. maxW: 10 frames

7.4

Evaluation for pixel-wise semantic segmentation

We evaluated the method of [2] on KITTI. In the original paper, they evaluated their method on cityscapes. It shows they have an IOU of 68.65% on
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cityscapes dataset. IOU is defined in Eq. 7.3.
IoU =

TP
TP + FP + FN

(7.3)

In this equation, TP,FP and FN stands for the true positive, false positive
and false negative. We evaluate the result on KITTI benchmark. It has a
total IoU about 60.53% on KITTI dataset.

Figure 7.10: The groundtruth and result for semantic segmentation

In Fig. 7.10, the ground truth and result for semantic segmentation is shown.
We also show the segmentation of several specific classes such as the road,
trees etc.
We also evaluate the IoU of semantic segmentation after 3D reconstruction.
The semantic segmentation could benefit from using semantic fusion to remove noise or segmentation error on a single image. However, it could also
be affected by the noise in depth estimation. Thus, it is hard to say whether
semantic segmentation on 3D model will be better than result on 2D images.
We evaluate the semantic segmentation on 3D model by projecting them to
2D images and compare the result with the original image. Since the 3D
model is filtered by a depth range, we also need to filter the original image
by the same depth range.
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The result is shown in Fig. 7.11.

Figure 7.11: The groundtruth and result for semantic segmentation on 3D model

The general IoU is about 45.50% for semantic segmentation on 3D model.

7.5

Experiment result for CRF

We conduct experiment for both 2D semantic segmentation result and 3D
result when using CRF.
We could get an IoU for 72.2%, which is more than 10% higher over the
original result.
The IoU of semantic segmentation is 57.15%, is much higher than before,
which is 45.50%.
The 2D and 3D result is shown in Fig. 7.12. The first row is the result of 2D
images. The second row is the result of 3D models.
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Figure 7.12: The comparison between the ground truth, raw result without CRF, and result
with CRF

7.6

Experiment result for instance level segmentation

For instance level segmentation, we use the model which is pre-trained on
ImageNet, and fineturned on VOC 2012 train set. In the original paper, the
author has provided the performance: mAP0.5 : 65.0%, mAP0.7 : 46.3%.
In this metrics, mAP is the mean average precision for one class detection.
mAPr stands for the mean average precision with an IoU rate larger than r.
Since in the dataset of Cityscapes or Kitti, most of objects which could be
detected by instance-level-segmentation are cars. For cars detection, MNC
has a much higher precision of over 70%
Except for the object segmentation in one frame, we also need to consider
about the instance-label consistency in consecutive images.
Recalling the maximum-overlapping method we use in Chapter Four, we
have really high consistency rate by using this simple method. We have
managed to detect 95% of pairs which are consistent between consecutive
frames.
The result of instance labeling consistency is shown in Fig. 7.13. The first
row is the original masks for a pair of consecutive frames. The second row
is the instance label before consistency fixed. The third row is the instance
label after consistency fixed. We can find the same car is given the same
label in the sequence.
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Figure 7.13: The comparison between the instance label before and after consistency fixed

7.7

Speed analysis

Our target is to implement a system which could run in real-time. Due to
the limited time of my master thesis, I did not manage to implement all the
steps in real-time.

The speed analysis is shown in the following figure. Green Box is the step
which could run in real-time. Yellow Box is the step close to real-time. The
task with red box could not be finished in real-time. We can only run it
offline. We test the system on GTX 1080.
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Figure 7.14: The speed info for each task in the pipeline

1. depth estimation: The semi-global matching needs one second per
frame for the original resolution. If we rescale the original image
to 14 of the original size. For example, the size of image in KITTI is
1226 ⇥ 370. We rescale the image into 306 ⇥ 92, it takes 0.12s for each
frame. Thus, we can get nearly real-time speed.
2. semantic segmentation: The pixel-wise segmentation using dilated
convolutional network takes 2 seconds per frame. Although we could
rescale the image to achieve a faster speed, a low resolution may affect
the performance a lot. Thus, we run this step offline for our system.
3. instance level segmentation: For the original resolution, we could achieve
a speed of 0.19s/frame.
4. 3D reconstruction: InfiniTAM could run in real time. It has a processing rate of more than 1000fps on Titan X.
5. feature space optimization CRF: This method can not run in real-time.
It also contains tasks like optical flow and a feature space optimization
step. In general, it takes more than 20 seconds for 10 CRF iterations.
For online use, we can totally disable it, or just run it for one time at
the end of processing.
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Chapter 8

Conclusion and Future Work

We have implemented and evaluated a system which is robust and accurate for use in large-scale semantic reconstructions. This system could be
used in large-scale systems such as self-driving cars. At the core of our
3D reconstruction system, we use the Voxel hashing method. We benefited
from use of the state of the art method of deep learning—to be more accurate, the dilated convolutional network for semantic segmentation and
Multi-task Network Cascades for instance-aware segmentation. To the best
of our knowledge, this is the first 3D semantic mapping system for instanceaware segmentation. Additionally, we use feature space optimization CRF
for optimization. Although the whole system is unable to run in real-time,
we could soon benefit from new methods and updated hardware which will
certainly improve the processing speeds. However, there is still improvement that we could do in our future work.

8.1

Speed up the System

The speed of the system still has room for improvement.
Firstly, the depth map estimation should be done in real-time. As shown in
the last section, the depth map estimation needs a speed of 1.0 second per
frame at the original resolution. However, the speed could be accelerated by
using a more efficient algorithm, such as DispNet. [20]
In the Kitti stereo benchmark, this system has a speed of 0.06s per frame.
The speed could also be accelerated through a GPU implementation of the
original semi-global matching code.
Secondly, the semantic segmentation for our system is close to real-time.
[21], have a speed of 21.1 fps.
Another approach[22] introduced a cascade feature fusion incorporating
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multi-resolution branches, which could also accelerate the semantic segmentation.

8.2

Improve and Perfect the System

Due to the limited time available for my master thesis. I did not implement the visual odometry portion of the system. A robust visual odometry
algorithm will be needed for the whole system to be run in a real scenario.
Also, the system could be more powerful if it is able to recognize dynamic
objects in the scene. Through this function, the system would be able to
track dynamic objects so that the noise created by the dynamic object can be
avoided.
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