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Abstract

This master thesis compares different deep learning architectures for the task of 3D
scene understanding from a single RGB image. The task of recovering 3D instances
from a 2D image is challenging. The deep learning networks are required to estimate
depth, shape, and pose of a 3D instance. This information is not directly provided in
the RGB image input. We compare two different output representations for detected
3D instances.

One is a factored representation, where the instance shape is described in voxels and
the instance's pose in separate scalars for the scale, rotation, and translation. The
second representation encodes the shape and pose of each detected object directly in a
point cloud.

The deep learning networks in this master thesis are trained on the SUNCG dataset, a
synthetic dataset containing indoor scenes of houses. The comparison of the two output
representations will be done on different quantitative and qualitative aspects.

Inhaltsangabe

In dieser Masterarbeit werden verschiedene Deep Learning Architekturen verglichen
fur den Anwendungsfall der 3D Objekterkennung von einem einzelnen RGB Bild. Das
Problem der Erkennung von 3D Instanzen von 2D Bildern is anspruchsvoll. Die Deep
Leaning Netzwerke mussen die Tiefe, Position, und Pose der 3D Instanz ermitteln.
Diese Informationen sind nicht direkt im RGB Bild enthalten. Wir vergleichen zwei
verschiedene Reprasentationen von 3D Instanzen.

Die erste Repréasentation teilt die Instanz in einzelne Faktoren. Die Form der Instanz
wird mit einem Voxel Gitter beschrieben, wahrend die Grof3e, Rotation, und Translation
in getrennten Skalaren angegeben werden. Die zweite Reprasentation gibt die Pose
und Form der Instanz direkt in einer Punktwolke an.

Die Deep Learning Netzwerke in dieser Masterarbeit werden auf dem SUNCG Daten-
satz trainiert, ein synthetischer Datensatz von Geb&uderdume. Der Vergleich der zwei
Repréasentation erfolgt unter Betrachtung verschiedener quantitativer und qualitativer
Aspekte.
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1. Introduction

As humans we can be handed an image of a scene and even though we are not
standing directly in the scene, but only looking at an image of it, we still have a good
understanding of the contents of the scene and their relative position within the scene.
This works especially well for environments we are familiar with, such as indoor
scenes of homes. 3D scene understanding from a single RGB image tackles this type
of problem and asks the more general question: What 3D information can be inferred
from a single 2D image of scenes that one is familiar with?

The recent paper by Tulsiani et al. called "Factoring Shape, Pose, and Layout from the
2D Image of a 3D Scene" [Tul+18] trains an Arti cial Neural Network (ANN) using

a factored representation of each detected instance in indoor scenes. Their proposed
ANN is trained on predicting the shape, scale, translation, and rotation for each of the
detected objects separately. The predicted factors can then be combined to describe the
object in relation to the camera.

Many of the current network architectures do not use a factored instance representation
to describe the scene in 3D, but describe the complete scene in a 2.5D depth image
[SNS09] or as voxels in a single voxel grid [Cho+16; Son+17]. Given only a single
RGB image as input, we believe that the factored representation can provide a better
predictive performance in differentiating between the objects in the scene and detecting
their position and pose accurately within the scene. But we also believe that the factored
representation leads to certain failure modes that can be corrected using more holistic
instance representations, like 3D point clouds. In this work we further investigate the
performance of the Factored3Dnetwork proposed by Tulsiani et al. [Tul+18] and see if
this can be improved by the use of different output representations and loss functions.
In particular, the factored predictions of the network can be combined and transformed

to describe the object's shape and pose in relation to the camera in terms of a 3D point
cloud. This allows us to leverage point cloud based loss functions to further improve
the prediction performance for the factored output. We evaluate if this type of network
ne-tuning can improve the different factors of the object prediction performance.

In this master thesis we make the following contributions.

1. We validate the reported performance of the proposed network in "Factoring
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Shape, Pose, and Layout from the 2D Image of a 3D Scene" [Tul+18] by Tulsiani
et al. using the SUNCG data set [Son+17].

2. We extend the network with a transformation of the factored output into a
point cloud representation. This is all done using tensor operations in PyTorch
[Pas+17] to preserve the gradient for backpropagation. This allows the network
to improve the network components of the factored object prediction based on
losses calculated on the point cloud representation of the object.

3. We compare the performance of the original factored prediction model by Tulsiani
et al. and our proposed network extensions based on different quantitative and
qualitative measures.

In the next chapter we will review current research related to our approach of using both
a factored representation and a point cloud representation to predict object instances in
a indoor scene using only a single RGB image.




2. Related Work

Our work is mostly based on the paper "Factoring Shape, Pose, and Layout from the
2D Image of a 3D Scene" from Tulsiani et al. [Tul+18] and in section 2.4 we put its
important contributions in context to other factored representations used for scene
understanding.

Apart from the aforementioned paper, our research is inspired by contributions from

a few different areas of computer vision. Here we present these works and their
approaches for the areas of 3D scene understanding, 3D object reconstruction from a
single 2D image, deep learning on point cloud data, and factored representation of 3D
instances.

2.1. 3D Scene Understanding

The objective in 3D scene understanding is to extract a rich but compact 3D representa-
tion of the physical space described in a high-dimensional input [Gei+]. Discoveries in
3D scene understanding are used for many indoor and outdoor applications, which
include robot navigation [KAP13], mapping, localization, and autonomous driving
[Che+16].

3D scene understanding can be categorized into static scene understanding for al-
gorithms based on input images and dynamic scene understanding for video input
data [NKP18]. In this work we focus on static scene understanding from a monocular
view.

Most information we want to extract from image input is described by multiple
neighboring pixels, which is why many scene understanding algorithms focus on
extracting local geometric features. Convolutional Neural Network (CNN) have shown
great success in different scene understanding tasks in recent years [SZ14; Girl5;
Ren+15]. This moved the focus from handcrafted local features descriptors like HOG,
SIFT, or SURF [DTO05; Low99; Bay+08] towards learning-based approaches. The rst
CNNs were focused on 2D input and output data, which initially limited their use for

3D scene understanding tasks.
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The emergence of larger 3D data sets allowed for the use of the previously mentioned
learning-based approaches like ANNs also for 3D scene understanding. 3D data sets
can be separated into synthetic and real data sets. The 3D data sets recorded from real
world scenes, like the NYU-Depth V2 data set [NF12] or the Matterport3D V1 data set
[Cha+17], offer realistic environments, but often lack in size (464 and 90 scanned scenes
respectively) to be used to train an ANN.

In comparison, synthetic data sets like the SUNCG data set [Son+17] include over
45,000 scenes. The scenes were manually created on the Planner 5D platform [Pla]
and resemble furniture layouts similar to real indoor scenes. The image quality of
the SUNCG data set was greatly improved by the use of physically-based rendering
[Zha+17], which creates a lighting environment more similar to real indoor scenes.

The larger synthetic indoor data sets like the SUNCG data set allowed for great progress
for scene understanding algorithms based on a single depth image [Wan+18; Son+17;
Fir+16]. Depth images as input resemble a realistic setup for robot navigation tasks
[KAP13] and devices like the Microsoft Kinect show that good depth images can be
created at a relatively low cost [Firl6]. The 2.5D depth images can be considered as 3D
surface data. Each pixel in the depth image can be back projected to surface points in
3D camera space, when the intrinsic camera parameters are known.

SSCNet from Song et al. uses this 3D surface data from the depth image [Son+17].
SSCNet completes the full scene as a voxel grid, where each voxel entry is a categorical
label for different furniture pieces found in the SUNCG data set. Synthetic datasets
make scene completion feasible here by additionally providing accurate ground truth
data for the occluded areas of the scene, that are unavailable to the depth camera.
SSCNet uses 3D convolutional layers and a 3D extension of the dilated convolutional
layers [YK16] to produce the semantic voxel grids.

The 3D voxel predictions tend to produce only very basic shapes for each detected
object. The use of adversarial learning strategies, originally introduced by Goodfellow
et al. [Goo+14], allow for a higher level of detail for the volume prediction both on the
scene level [Wan+18] and on the object instance level [Yan+18b; Wu+16].

2.2. 3D Object Reconstruction from a single 2D Image

In an attempt to understanding a complete scene from a 2D image, the problem can be
decomposed to the smaller tasks of recognizing the individual objects that make up
the scene from the 2D image individually. This task of reconstructing a single object
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compared to a full scene is often easier to solve. This led to a rapid development of deep
networks for 3D object reconstruction and large 3D shape databases like ModelNet
[Wu+] and ShapeNet [Cha+15] provided the necessary data to train deeper networks
for 3D object reconstruction.

Many network architectures for 3D object reconstruction use a dense and regular
3D voxel grid to represent the 3D objects. In comparison to mesh and point cloud
representations, the voxel grid representation has the most similar properties to 2D
input images. Both voxel and image data are sampled from a equidistant grid and have
a xed size speci ed by their side length in each dimension. The voxel representation

is therefore seen as the 3D analogue to the 2D pixel array [RUG17].

These networks use 3D convolutional layers and 3D pooling layers that have shown
success for 2D data and t them for the additional dimension [Gir+16; Son+17; Cho+16;
Wu+15]. Forinstance, Gridhar et al. use 3D convolutional layers and 3D deconvolutional
layers for their autoencoder-based network [Gir+16]. They use multiple training stages
that alternate between 3D voxel input and 2D RGB input to produce a latent vector
representation that is generative for 3D voxel data and predictable from 2D RGB input
data.

The main shortcoming of dense 3D data is the cubic growth of the memory and
computational requirements. This limits the output resolution of most voxel-based
outputs to be around 32 32 32, which does not allow for a great level of detalil.
Representing the dense 3D data in an octree data structure can allow for a higher
resolution [RUG17; TDB17; Wan+17], but this is hard to incorporate into existing
architectures.

2.3. Deep Learning on Point Cloud Data

There have been several advances in deep neural networks that process point cloud data.
An object is thereby described by a set of f Njji = 1, ...,ng points, where each point N;
is represented by a (Xx;, yi, z) triplet in 3D space, which for most application purposes
represents an Euclidean space. A point cloud is most commonly represented asaN 3
matrix input for the deep neural network. A point cloud is orderless, meaning that a
different order of the same points represents the same object. Deep neural networks
for point clouds should therefore incorporate an invariance to permutation in their
architectural design.

PointNet and its extension PointNet++ [Qi+17a; Qi+17b] apply pointwise feature
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transformations with multi-layer perceptrons and global max pooling layers as a
symmetric aggregation function to create a network that is invariant to permutation in
the point set of the point cloud and robust to perturbations in the point cloud.

FoldingNet [Yan+18c] is an autoencoder trained on point cloud data. It uses graph-
based layers to encode the point cloud in a latent feature vector and mimics the
deformation of a 2D plane into a 3D surface in its decoder. The use of fully-connected
layers to generate a point cloud from a latent vector representation has shown some
success [Ach+18; Zam+18]. PCN [Yua+18] uses both decoding strategies to produce a
coarse and detailed point cloud output for their task of completing a detailed point
cloud from a sparse set of points. The very recent work by Zhao et al. introduces
3D-PointCapsNet [Zha+18], which uses latent capsules [SFH17; HSF18] as opposed to
a single latent feature vector.

Overall, the use of deep neural networks on point clouds is promising. Point clouds
allow for a simpler manipulation in terms of geometric transformations and deforma-
tions [FSG17], which is not as easily possible with dense 3D voxel grids. This can be
leveraged by network architectures that take the properties of the 3D representation
into account. Many works have shown that the chosen 3D representation for a speci c
computer vision task can greatly effect the model performance [SFH18; Tul+18].

2.4. Factored Representation of 3D Instances

There has also been also a lot of research on the use of alternative methods to describe
3D scenes. Primitives, such as cuboids [Tul+17; GEH10] and cylinders [BT73], were
used in most early attempts to represent 3D scenes and objects. These simpli ed
representations can often allow the training of more extensive scene properties like
physical reasoning [Zhe+13].

Contrary to the more recent attempts to create end-to-end neural networks [Son+17;
RPB15], there has been research done on models that predict independent factors,
which later combined make up the nal 3D representation [Tul+18; EW11]. A common
reason to enforce a factored representation is to make the learned representation more
understandable for us.

For instance, DC-IGN [Kul+15] is a deep autoencoder that learns a disentangled
and semantically interpretable latent vector representation. The training procedure
uses speci ¢ mini-batches with only one varying component, like the out-of-plane
rotations or different lighting environments applied to the same object of interest,
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while also clamping the change of other latent variables to enforce a speci c training
progress.

The Factored3Dnetwork by Tulsiani et al. [Tul+18] introduces a novel factored repre-
sentation for the object prediction within a scene. The overall scene is factored into a
background layout and a set of foreground objects. The foreground objects are also
factored into separate components. Detected foreground objects by Factored3Dare
described by a normalized voxel grid and a separate prediction of the foreground
object's scaling, translation, and rotation factors in relation to the camera position. The
voxel grid is considered the 3D shape of the object, while the transformation represents
the object's pose. The background layout is predicted in form of a 2.5D inverse depth
map. The depth map prediction describes the amodal view of the scene. The amodal
scene view describes the scene layout without any objects.

The most similar work to Factored30s PoseCNN [Xia+18], which decouples the rotation
and translation into separate network branches for 6D pose estimation. Both Factored3D
and PoseCNN take a single RGB image as input and use object bounding boxes to
make separate object predictions. Although PoseCNN assumes the 3D model of an
detected object as already given, while Factored3Dgenerates a new shape volume for
each detected object.

In the following chapter we will introduce the Factored3Dnetwork proposed by Tulsiani
et al. [Tul+18] in more detail. We also introduce the factored loss function used for
training in the original paper in section 3.2 and our proposed extensions of using a
point cloud based loss function in section 3.5. We also analyze the SUNCG data set
used for training and evaluation to better understand the dif culty of the prediction
task in section 3.4.
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The original Factored3Dnetwork proposed by Tulsiani et al. [Tul+18] makes many
design decisions to successfully construct a 3D scene representation from a single 2D
RGB image. In this chapter | will explain the individual design decisions in detail and
mention the strengths and weaknesses that result for the network architecture based on
them.

The dif culty of detecting the shape and pose of the SUNCG data set [Son+17; Zha+17]
has not yet been adequately reviewed and presented. In section 3.4 we do this and
evaluate the dif culty of the task of predicting the object shape and pose from the
SUNCG data set.

In section 3.5 we introduce our extension to Factored3Dwhich converts the factored
representation into a 3D point cloud.

3.1. Network Architecture

The goal of the Factored3Dnetwork is to predict the overall scene layout and a factored
shape and pose prediction for each object present in the scene. The network architecture
is illustrated in Figure 3.1. In subsection 3.1.1 we will explain the Layout module of the
Factored3Dnetwork in more detail. The Coarse module, Fine module, and Bounding
Box Module produce the factored shape and pose prediction and are explained in more
detail in subsection 3.1.2.

3.1.1. Layout Prediction

Of the four network modules, the Layout module can be trained separately and is
solely responsible for the depth prediction of the amodal scene layout. It takes an RGB
image with a height of 128 pixels and width of 256 pixels as input and produces a
one-dimensional inverse depth image with a height of 64 pixels and a width of 128
pixels. Each pixel value of the output image represents the predicted inverse depth
from the camera in millimeters.
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Figure 3.1.: Network Architecture of Factored3D. The network architecture of the fac-
tored3dnetwork proposed by Tulsiani et al. [Tul+18] consists of 4 modules.

The creates an inverse depth image of the amodal scene based on a low-
resolution version of the RGB input image.

The Coarse module recognizes global scene features based on a low-resolution version of the
RGB input image.

The Fine module extracts detailed information from the high-resolution input image.

The area of the high resolution feature map of the Fine module, that corresponds to the pro-
posed object bounding box, is passed on for object prediction as a xed feature size through
ROI-Pooling. The other proposed bounding boxes in the scene are passed on for object predic-
tion encoded in the Bounding Box module.

The features from all three object prediction modules are concatenated and used in separate
network branches to predict the shape code s, the translation t, the rotation g, and scalec.
The shape codes is a 20-dimensional latent feature vector, which is decoded into the 32 32 32
shape voxel grid V by the
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The architecture for the Layout module is based on the architecture of DispNet
[NMa+16]. DispNet consists of a contractive part and an expanding part with long-
range skip-connections [He+16] between them. DispNet was originally implemented
for disparity estimation, but has shown suf cient results for its use in amodal scene
depth estimation.

The contractive part of the Layout module consists of 6 convolutional blocks with 2
convolutional layers each. The second convolutional layer of each block has stride
2. The expanding part of the Layout module consists of 5 upconvolutional blocks,
where each block consists of one upconvolutional layer followed by a convolutional
layer. Features from the contractive part of the Layout Module and features from the
upconvolutional layer preceding the convolutional operation of a block are passed on
to the next block via skip layers.

This network architecture has been attributed to produce smooth output images due to
the many skip layers [NMa+16]. This is useful for our task of creating depth maps of
the amodal scene layout, which will mostly consist of straight walls, the oor of the
room, and the ceiling of the room, which resemble very smooth depth changes in a
depth map.

The Layout module is trained end-to-end using the L; objective. Given a inverse depth
map prediction H and a ground-truth inverse depth map H, we de ne the following
objective function.

3.1.2. Object Prediction

The main module for the factored object prediction is the Fine module, while the Coarse
module and the Bounding Box module are considered contextual features by Tulsiani et
al. [Tul+18]. The Layout module is trained on a scene level, where one training sample
is one scene image, but the remaining modules for the object prediction are trained on
a bounding box level. This means that one training sample is one bounding box in a
scene and in most cases a scene image consists of multiple bounding boxes.

Fine Module. The Fine module takes a RGB image with a height of 480 pixels and a
width of 640 pixels as input. The scene image is passed to the rst 3 convolutional
blocks of a ResNet-18 model [He+16] pretrained on the 1000-class ImageNet data set
[Den+09; Ink]. The bounding box of the training sample is matched to the feature maps
produced by the convolutional blocks and crops the feature map to the selected region
of interest using a ROI-Pooling layer. The network therefore only passes features of the

10
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high-resolution input image of the current bounding box of interest. These cropped
image features are then passed to 2 fully connected layers of 300 units each.

Coarse Module. The Coarse module takes a RGB image with a height of 128 pixels
and a width 256 pixels as input. The high-resolution input image is reshaped to t
into the low-resolution input dimensions of the Coarse module. The low-resolution
scene image is passed to the rst 4 convolutional blocks of a ResNet-18 model [He+16]
pretrained on the 1000-class ImageNet data set [Den+09; Ink]. These are followed by 2
fully connected layers of 300 units each. The Coarse module provides features related
to the global scene structure compared to the Fine module, which focuses on the object
information found in the input bounding box. The feature map of the coarse module
remains the same for each object proposal in the same scene.

Bounding Box Module. The Bounding Box module passes on all rectangle bounding
boxes in the scene by passing two opposite corner points (X1,Y1, X2, y2) for each bound-
ing box. The bounding box coordinates are described in term of the high resolution
input image.

The ROI-Pooling layer only receives the bounding box of the current object to predict.
The Bounding Box Modules stores all bounding boxes in the scene, which allows for a
better understanding of the object relationships in the input scene.

Depending on the training stage, which is further explained in section 3.3, the Bounding
Box module uses ground-truth bounding boxes preprocessed by SUNCG data set or
uses bounding box proposals generated from the RGB input image using Edge Boxes
from Zitnick and Dollar [ZD14]. Edge Boxes is a bounding box proposal algorithm,
which detects bounding boxes of objects in a scene based on the enclosed edges de-
tected in an RGB image. It also returns a scorehppox 2 [0, 1] for each bounding box,
representing the likelihood of the bounding box to contain an object.

In Figure 3.2 the different bounding boxes are visualized for an example input im-
age.

3.2. Factored Object Prediction.

The object prediction in Factored3Ds done on the bounding box level. The features
used for the factored object prediction are taken from the Coarse module, Fine module,
and Bounding Box module (see Figure 3.1). Each module produces a 100-dimensional
feature vector. These are concatenated to a 300-dimensional feature vector. At this point
the Factored3Dnetwork branches to four separate paths for the shape, translation, rota-
tion, and scale prediction. Each branch uses a linear layer to map the 300-dimensional

11
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Figure 3.2.: Example Bounding Boxes. Image (a) shows a given training image from the
SUNCG data set. The SUNCG data set has exact semantic information for the image content,
which allows the accurate detection of the ground-truth bounding boxes. Image (b) displays
the ground-truth of the input image in green.

We use Edge Boxes [ZD14] as an external source for object bounding box proposals. During
training we distinguish between positive and negative bounding box proposals to train the
model to tell whether a proposed bounding box does contain a foreground object or not. The
construction of this loss function is explained in more detail in section 3.3.

A positive bounding box proposal has a bounding box loU larger than 0.7 to any given
ground-truth bounding box, while a negative bounding box proposal has a bounding box loU
smaller than 0.3. Bounding box proposals with loU values between these ranges are considered
inconclusive and are discarded before training. Image (c) displays a sample set of the positive
and negative bounding box proposals suggested by Edge Boxes for our input image.

12



3. Methodology

vector to the appropriate feature representation.

Shape Prediction. The nal shape prediction of a detected object is described in terms
ofa32 32 32voxel grid. The ground-truth voxel grid V of an object is discrete,
where 1 means that the voxel is occupied by the object shape, while 0 describes an
unoccupied voxel. The shape prediction V is 32 32 32 voxel grid with values in
[0, 1] range.

The pose of the object as it appears in the scene is not considered in the shape prediction,
but the prediction is made in a canonical coordinate frame, where each object is
represented front-facing and upright. This allows for less ambiguity during training of
the network. This strictly separates the shape prediction from the pose prediction of an
object.

A per-voxel cross-entropy loss is used as objective function during training.

1, ~ n
Lv = Na VplogVa+(1 Vp)log(l Vy)
n

Ly is dif cult to optimize without pretraining the voxel network layers to produce
reasonable 3D shape outputs. Therefore, the shape decoder ofFactored30s initialized
with the weights of a voxel autoencoder. The voxel autoencoder's architeciture is based
on the T-L Network by Girdhar et al. [Gir+16]. The autoencoder is trained on the voxels
of the objects available in the SUNCG dataset and has a 20-dimensional bottleneck
vector to match the size of the shape codes in the Factored3Dnetwork. The architecture
of the voxel autoencoder is illustrated in Figure 3.3.

Translation Prediction. The ground-truth translation vector t is a triplet (ty,ty,t;)
describing the object's position in the scene in camera space. The translation prediction
t is optimized using the squared Euclidean loss.

Lt = kt fk%

Rotation Prediction. The pose of the object is parameterized with a unit-normalized
quaternion q = (qw,Qx,dy,dz) transforming the object shape from the canonical
coordinate frame in voxel space to its pose in camera space. Tulsiani et al. have
shown in their design of the Factored3Dmodel, that posing the rotation prediction as a
regression problem does not perform well [Tul+18; Su+15; TM15]. They hypothesize
that this problem might come from the mulit-modality when describing a rotation,
especially of objects with symmetric shapes.

Therefore, the rotation prediction is reformulated into a classi cation problem. All
rotations in the training set are clustered into 24 bins. The rotation prediction now
produces a probability distribution kg4 and is trained on the negative log likelihood loss.

13
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Figure 3.3.: Voxel Autoencoder. The is based on the T-L Network
proposed by Girdhar et al. [Gir+16]. The bottleneck is a 20-dimensional latent vector to match
the shape codes of the Factored3Dnetwork. The voxel autoencoder takes a 32 32 32 voxel
grid V as input.

The encoder consists of ve 3D convolutional blocks, where each block consists of two 3D
convolutional layers with a kernel size of 3, a stride of 1, and a padding of 1, followed by a 3D
max pooling with a kernel size 2, a stride of 2, and a padding of 0. Two fully connected layers
transform the 3D feature map to the 20-dimensional latent vector.

The decoder consists of ve 3D upconvolutional blocks, where each block consists of a 3D
upconvolutional layer with a kernel size of 4, a stride of 2, and a padding of 1, followed by
a 3D convolutional layer with a kernel size of 3, a stride of 1, and a padding of 1. After the
upconvolutional blocks comes one nal 3D convolutional with a kernel size of 3, a stride of 1,
and a padding of 1 before returning the autoencoder's reconstruction V of the input voxel grid
V.

The autoencoder is trained for 800 epochs on the 2549 objects available in the SUNCG data set
using a per-voxel cross-entropy loss.

14
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The ground-truth rotation is converted to a one-hot encoded vector with an entry in
the closest bin, which is de ned as the superscript k in our expression.

Lg= log(k¥)

The quaternion with the highest bin entry after the rotation prediction is used for the
nal transformation of the object into camera space. The reformulation of the problem
into a classi cation problem does show a better prediction performance on the SUNCG
dataset, but this also restricts the overall predictive power of Factored3D The Factored3D
can only predict objects into these 24 poses, leading to large errors for objects in unusual
poses that are not covered by these 24 bins. Furthermore, the network cannot easily be
ne-tuned to learn new poses in transfer learning scenarios.

We believe for the problem domain of indoor scene understanding the rotation predic-
tion as classi cation is not too restrictive. Indoor scenes contain many regularities, like
roughly perpendicular walls and the alignment of objects along theses walls. These
regularities in object poses are suf ciently captured by 24 different poses.

Scale Prediction. The ground-truth scaling vector cis a triplet (cy, ¢y, c;) describing
the anisotropic scaling applied to the voxel shape from voxel space to camera space.
Similar to the translation prediction, the objective function poses the scale prediction as
a regression task, but here we minimize the Euclidean loss between the scaling vectors
in log-space.

L. = klog(c) log(&)k3

3.3. Training Procedure

The object prediction of the Factored3Ds trained in multiple stages (see Figure 3.4).
Training the network in multiple stages improves the overall performance of the shape
prediction, especially from bounding box proposals. The objective function changes
slightly from one training stage to the next. The following subsections present the
minor differences in the Factored3Dnetwork architecture and in the objective function
in the three training stages.

3.3.1. Mimicking the Voxel Autoencoder from Ground-truth Bounding
Boxes

The rst training stage only trains the network based on ground-truth bounding boxes
for each object in the scene (see Figure 3.4a). The shape prediction is also only limited
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to transforming the 300-dimensional instance-speci ¢ bottleneck representation into
the 20-dimensional shape codes, instead of decoding a full 32 32 32voxel shape.
The predicted shape code § is trained to be similar to the shape code s produced by the
pretrained voxel autoencoder illustrated in Figure 3.3. The shape code prediction is
trained using the L2 loss.

20
LP =3 G =)
i=1

Each prediction factor also contains a hyperparameter a to weight the sum loss compo-
nent accordingly. The object prediction is done on the bounding box level, where we
denote b as a bounding box and B(@ as the set containing all ground-truth bounding
boxes in the input image. This leads to the following objective function L@ for the rst
training stage of Factored3D

L= & aLliP+ali+ aglq+ acLe
b2B (@

3.3.2. Mimicking the Voxel Autoencoder from Bounding Box Proposals

The second training stage introduces the bounding box proposals produced by Edge
Boxes [ZD14]. The network is now additionally trained to differentiate between
bounding box proposals that contain a foreground object and proposals that only
depict the background of the scene or a very small segment of a foreground object (see
Figure 3.1b).

We denote the set of positive proposals asB* and de ne every bounding box proposal b
as a positive proposal if it has a 2D loU larger than 0.7 with any ground-truth bounding
box in the input image. B* only contains proposals that enclose a large portion of a
visible foreground object, which should allow for a good object prediction.

A bounding box proposal that has a 2D loU smaller than 0.3 with every ground-truth
bounding box in the input image is considered a negative proposal. We denote the set
of negative proposals as B and these proposals only enclose a very small portion of a
visible foreground object, which should lead to poor object predictions.

The bounding box proposals that aren'tin B* or B are considered ambiguous and
are not used for training.

B+
B

fbj9by 2 B : loU (b, by) > 0.79
fbj8bg 2 B : loU (b, by) < 0.3y
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The network is trained to predict from the 300-dimensional instance-speci ¢ bottleneck
representation a foreground probability f 2 [0,1]. The foreground probability f
represents the network's con dence whether the proposed bounding box isin B* or
B . Thisis also called the label lossn the code by Tulsiani et al. [Tul+].

The foreground probability prediction is trained using a binary cross-entropy loss. This
gives us the following objective function for the second training stage.

L@ = § aLiPP+ ali+ alq+ acke aln(f)+ & aln(l f)
b2B* b2B

The foreground probability f is used as a threshold during inference to choose among
the available bounding box proposals by Edge Boxes [Tul+18; ZD14].

3.3.3. Voxel Shape Prediction from Bounding Box Proposals

The third training stage incorporates the decoder component of the pretrained voxel
autoencoder [Gir+16]. The decoder decodes the 20-dimensional shape codes into
the 32 32 32voxel shape prediction V (see Figure 3.4c). The decoder weights are
initialized to the weights of the voxel autoencoder and then ne-tuned during training
using a per-voxel cross-entropy loss.

The objective function only changes slightly from the previous training stage from a L2
loss L{?) based on the shape codes to a per-voxel cross-entropy loss.®P) based on the
3D voxel shapes.

L® = & a8+ ali+ aglq+ ackc aIn(f)+ & aln(l f)
b2B * b2B

Overall, the multi-stage training procedure is necessary to create a full 3D scene predic-
tion from just a single RGB image.

Stabilizing the network weights for reasonable shape predictions from imperfect bound-
ing box proposals requires pretraining the network on ground-truth bounding boxes.
Learning a full 3D shape prediction from scratch from 2D RGB images is not feasible in
most cases, because the learned latent representation is not suitable for decoding into
3D space. Therefore, rst mimicking the latent representation of the pretrained voxel
autoencoder enforces the use of a latent representation suitable for 3D voxel decoding
even though the latent representation is predicted from a 2D image.

On the other hand, the multi-stage training procedure makes the training procedure
complex to reproduce and less exible for slight changes in network components.
For example, changing the pretrained voxel autoencoder used to support the shape
prediction requires repeating all three training stages.
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(a) First stage of training Factored3D. In the rst training stage the network is solely trained on
ground-truth bounding boxes. The shape prediction is trained to mimic the voxel autoencoder
by producing the same shape bottleneck.

(b) Second stage of training Factored3D. In the second training stage the network is now also
trained on bounding box proposals produced by Edge Boxes [ZD14]. Here we differentiate
between positive bounding box proposals B* that greatly overlap with ground truth bounding
boxes and negative bounding box proposals B that do not contain any scene objects. Factored3D
introduces a foreground probability f to indicate its con dence that the content of a given
bounding box represents a scene object.

(c) Third stage of training Factored3D. In the third training stage the network adds the decoder
component of the pretrained voxel autoencoder [Gir+16] to decode the voxel grid V from the
predicted shape code 8. The decoder weights are ne-tuned during this training stage using

a per-voxel cross entropy loss. The training is still done based on bounding box proposals
provided by Edge Boxes [ZD14].

Figure 3.4.: Overview of the Factored3D object prediction training stages. Factored3D
is trained over multiple stages to enable a reasonable 3D shape prediction from just 2D
RGB information and to train the full factored prediction on bounding box proposals
produced by Edge Boxes [ZD14].
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3.4. SUNCG Data Set

The Factored3Dnetwork and our extensions are trained on the SUNCG data set [Son+17].
The SUNCG data set has been used to train and evaluate many 3D scene understanding
networks due to its large size with over 40.000 indoor house models and accurate
ground-truth data [Son+17; Tul+18; Wan+18; LVV18; Yan+18a].

In subsection 3.4.1 we give an overview of the SUNCG data set. We use the physicially-
based renderings by Zhang et al. [Zha+17] for our training and evaluation. We therefore
take a more detailed look at the viewpoint selection process used to create our training
images.

Our training and test image set is analyzed on its value ranges for each factor in
subsection 3.4.2. This analysis gives us a better understanding of the problem dif culty,
as well as a comparison baseline for the original Factored3Dnetwork and our network
extensions.

3.4.1. Overview

SUNCG is a large synthetic scene data set, which was originally introduced with SSCNet
by Song et al. [Son+17]. The indoor layout, object alignment, and surface materials were
designed by users of the Planner 5D platform [Pla]. This makes the rooms appearance
fairly realistic while still having a large size with over 40,000 designed houses.

Thanks to the great work by Zhang et al., we have high resolution images with realistic
lighting environments taken from different rooms in the SUNCG data set [Zha+17].
This was done using the physically-based renderer Mitsuba [Jak].

The choice of the position of the cameras for the images from Zhang et al. was based on
the following criteria: a camera is placed at a random position in each room of a scene
with a horizontal view direction within one of the six 60 degree wide horizontal bins.
The camera has a random height in [1.5m, 1.6m range with a downward tilt of 11 °.
A camera perspective is then selected if it contains at least 3 different objects, where
each object covers at leastl% of the image's pixels. Additionally, the camera cannot be
within  10cm of any scene obstacle to avoid unusual views that a physical camera could
not recreate.

These conditions produce scenes that contain enough scene context to train a context-
aware object prediction. Figure 3.5 shows a sample of the viewpoints selected for a
given house of the SUNCG data set.

Factored3Dwas trained using the physically-based renderings by Zhang et al. [Zha+17],
but limited the object prediction training to the six object categories: {bed, chair, desk,

19
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Figure 3.5.: Viewpoint Selection for Physically-Based Renderings.  This visualization
by Zhang et al. [Zha+17] shows the selected viewpoint positions for a given house model of the
SUNCG data set [Son+17] with the oor plan of the house. Each selected viewpoint contains
at least 3 objects that take up 1% of the image's pixels. The chosen viewpoint positions are
realistic viewpoint arrangements for images taken by humans of indoor scenes.
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sofa, table, television} [Tul+18]. The viewpoint selection process from Zhang et al.
did not put a restriction on these six object categories, which means that a few input
images might not include any objects for Factored3Dto predict. Our proposed network
additions are also trained under these conditions.

3.4.2. Factor Variations in the SUNCG Data Set

Aside from the Factored3Dnetwork, there is no work that uses the SUNCG data set to
train a factored object prediction. There is not a lot of past research to rely on that show
the suitability of using the SUNCG data set for evaluating scene understanding tasks.
We quantify the dif culty of a factored prediction on the physically-based renderings

of the SUNCG data set by creating comparison baselines. These comparison baselines
provide the necessary context to correctly evaluate the results of the Factored3Dnetwork
and our network extensions in chapter 4.

We limited our comparison baselines to the shape and scale factors. The rotation factor
is classi ed into 24 medoid bins, which already distributes the objects among the
rotational bins very well. The translation factor also does not show any regularity in
terms of the object depth from the camera that warrants a comparison baseline.

Shape Baseline. Due to the inherent uncertainty of predicting the precise geometry of
an object, ANNSs tend to produce a mean shape to average out the space of uncertainty
[FSG17]. This mean shape only contains the most basic aspects of the object shape. We
view this as a lower bound of the expected object prediction performance and create a
baseline by producing surrogate mean shapes for each of the six object categories.

Our surrogates for the mean shapes are produced by taking the most common occupied
voxels across each of the six object categories. We sum up the voxel shapes of all objects
in the same category. Each voxel in the voxel grid has a value representing the number
of object shapes that occupy the same voxel position. We can then produce iso volumes
by choosing voxels that appear in at least n objects within the category. We choose the
value n that produces a volume with a total number of voxels closest to the median
number of voxels for the object category.

The six mean shapes are illustrated in Figure 3.6 together with three example instances
from each object category.

Scale Baseline. The variance between the scale values for each object category is rather
small, which could lead to scale predictors performing well by just predicting median
scales (see Figure A.1 in the appendix for more details). We therefore create a baseline
scale predictor, that for a given object instance predicts the median scale for the given
object category in the SUNCG data set.
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Figure 3.6.: Mean Shapes as Comparison Baseline. The rst three columns show example
instances from each object class. The fourth column presents the mean shape produced by taking
the most common voxels within each category. The number of selected voxels corresponds to
the median number of voxels that an object in the category occupies.

The mean shapes only resemble a very primitive shape description of the given object category
and often lack important details (mean shape table and chair both do not have any legs). We
use the mean shapes as a handcrafted comparison baseline to evaluate the shape prediction of
Factored3Dand our proposed network extensions (see Table 4.1).
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3.5. Point Cloud Transformation

Our largest addition to the Factored3Dnetwork is a point cloud transformation from
the factored object prediction and this is presented in this section. First we explain our
motivation for adding a point cloud transformation in subsection 3.5.1. This is followed
by a detailed description of our implementation of the point cloud transformation in
subsection 3.5.2, where we also reason our design decision made for our implementation.
Finally, we go into detail on the point cloud based loss functions we will use to train
our extended Factored3Dnetwork on in subsection 3.5.3.

3.5.1. Motivation

We believe that the factored component prediction of a scene object and a more holistic
object prediction are both promising approaches for solving scene understanding tasks,
but each approach has different strengths and weaknesses. We will rst mention
certain failure modes that can appear with the factored representation used by Fac-
tored3Dand then introduce a 3D point cloud representation as a holistic object instance
representation.

Factored3Dcan learn fairly good scene predictions by separating the pose and shape pre-
diction into simpler subtasks. Although the shape and pose information is represented
in a uni ed way to Factored3Dduring training with canonical coordinate frames for the
shape description and a xed voxel grid density, there still exists natural ambiguities
when predicting scene objects in terms of factored components.

For instance, a table with a symmetric shape could be predicted with a rotation off by
18C°. The composed object prediction would be satisfactory, since the symmetric shape
does not indicate a unigue pose, but Factored3Dwould train to correct the large rotation
error of 180° from the ground-truth quaternion. Tulsiani et al. report spikes in the
rotation error for angle distances around 90 ° and 180° from the ground-truth rotational
pose for objects and they attribute this to these natural ambiguities [Tul+18].

Another source for ambiguities in the factored representation can come from the
relationship between the shape description and the scale prediction. An object like a
bed with few granular shape details could be described with very few voxels in the
shape voxel grid and describe its cuboid shape with the matching anisotropic scale
factor. But the same bed could be described using more voxels in the shape voxel grid
and a slightly smaller scaling factor. The nal object prediction of both beds would be
satisfactory, but the factored description is again ambiguous.
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These failure modes of the factored representation motivated us to investigate if
extending the Factored3Dwith a holistic object prediction could improve the overall
object prediction performance of the factors.

Representing an object in terms of a 3D point could follows a more holistic approach.

The shape, translation, rotation, and scale of an object can be directly encoded by the 3D
point cloud of an object. Point clouds can be more easily manipulated using geometric

transformations [FSG17]. This is not the case when a shape is described in a voxel grid
with a separate pose description.

These observations motivated us to test if using a point cloud based representation of
the nal factored output coupled with a point cloud based objective function can lead

to improvements in the Factored3Darchitecture for the object prediction.

3.5.2. Implementation

The factored object prediction encodes all the necessary information to describe the
voxel shape as a point cloud in world camera space. We want to describe the transforma-
tion in terms of tensor operations to preserve the automatic differentiation provided by
PyTorch [Pas+17] to allow the loss calculated on the point cloud representation to pass
backward and update the weights within the factored prediction of Factored3D

The shape predictor produces oat values in [0, 1] range, which we threshold using
dvox = 0.25t0 occupied and empty voxel entries. The occupied voxel values are masked
to a vector vgnesWith only 1-entries, which is multiplied with a vector containing the
corresponding 3D point cloud index (X,y,z) for each occupied voxel entry. The index
vector de nes the 3D point to be in the center of the occupied voxel and the whole object
in voxel space is centered around the origin with the voxel grid spanning [ 0.5,+0.5°.
We de ne the resulting point cloud in voxel space as Pyox-

The point cloud P, does not have a xed number of 3D points across all object
predictions, since the number of occupied voxels for each object shape varies. We
randomly sample all point clouds Pyx to a xed point size k= 1024 This allows us to
store all point clouds of a batch into a tensor without any padding. Some point cloud
based distance measures, like the Earth Mover's distance, require the point clouds to be
of equal length. The mean number of occupied voxels for the objects of our six selected
categories in the SUNCG data set is 4070. The number of predicted voxels will typically
be lower for our shape predictions, but k = 1024are enough points to still preserve the
structure of the full point cloud.

The translation, rotation, and scale prediction are composed to a homogeneous trans-
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formation matrix Team Tecamtransforms 3D points in voxel space to 3D points in camera
space. We apply Tcam to our point cloud in voxel space Pyox to transform our point
cloud object to its predicted position in camera space, denoted as Peam

3.5.3. Loss Functions for Point Clouds

The lack of order and the non-uniform point density of 3D point clouds require the
use of different loss functions compared to 3D voxel grids, which can often use 3D
extensions of 2D loss functions like binary cross-entropy for training. The eld of using
deep learning on point cloud data is still relatively new. So far two loss functions
are commonly used: the Chamfer distance and the Earth Mover's distance [Yan+18c;
Gro+18; FSG17; Yua+18; Zha+18; Ach+18]. In the following we will brie y introduce
both the Chamfer distance and the Earth Mover's distance.

Chamfer Distance. The Chamfer distance has originally found use for matching
detected points in 2D image space [Bar+77]. This can be extended to 3D space. The
Chamfer distance D¢cp(S;, S;) is calculated by summing up the shortest Euclidean
distance from every element in S; to any element in S, and vice versa. The original
de ntion of the Chamfer distance adds both sums [Bar+77], but we used the extended
Chamfer distance which returns the average (non-squared) Euclidean distance of the
larger sum as used for FoldingNet [Yan+18c].

( )
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The Chamfer distance is differentiable and can be computed ef ciently in  O(nlog n)
time [Yua+18]. It is fairly robust to outliers, since we sum all closest matchings for
each point cloud. The Chamfer distance does not require equally sized point clouds
jS1j €& jSp) and multiple multiple points in one set can be matched to the same point in
the corresponding set.

We use an implementation of the Chamfer distance in PyTorch provided by Christian
Diller [Dil].

Earth Mover's Distance. The use of the Earth Mover's distance for measuring shape
similarity was rst proposed by Mumford [Mum91]. Informally speaking, the Earth
Mover's distance can be understood as the amount of work needed to transform one
probability distribution into another with the same integral [Cab+08]. We use an
approximation of the original Earth Mover's distance that can be computed with a
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runtime complexity of O(n?) [Ber85; Yua+18].

. 1 o
DEMD(SL Sg) = f:g!nsz @ X?.Sl kx f (X)k2

The function f : S; ! S, is a bijection that minimizes the distance between matched
points. The matching function f is a bijection, which therefore requires equally sized
point clouds |jS;j = jSpj. The higher runtime complexity of calculating a differentiable
approximation of the Earth Mover's distance requires us to randomly subsample our
point clouds to smaller sets of size k= 512.

The Earth Mover's distance property of creating a one-to-one matching between each
point in each 3D point cloud could lead to a more accurate expression of error in terms
of the pose and shape. In comparison, the simpler Chamfer distance measure can be
applied to two sets of different sizes, because many points in one set can be closest to
the same point in the other set.

We use an implementation of the approximate Earth Mover's distance in PyTorch
provided by Marc Eder [Ede].
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In this chapter we describe the experiments done to evaluate the prediction perfor-
mance of the original Factored3Dnetwork and compare it with our proposed network
extensions. We focus both on the predictive performance of the individual objects in a
scene in section 4.2 and on the predictive performance of the whole scene considering
all foreground objects at once in section 4.3. For each evaluation we will introduce our
proposed evaluation metrics and discuss their meaning based on our results. We will
also qualitatively evaluate the predictive performance of our networks on a real indoor
scene data set in section 4.4. We introduce the different data sets used for evaluation in
section 4.1.

4.1. Data Sets for Evaluation

All networks reported for the object level evaluation in section 4.2 and the scene level
evaluation in section 4.3 are trained on the SUNCG traning set. We split the 41497
houses in the SUNCG data set, using 75% (31123) as a training set for the networks,
15% (6225) as a validation set for hyperparameter tuning, and 10% (4149) as a test set
for evaluation. Our split of the SUNCG data set differs from the split used by Tulsiani

et al. [Tul+18]. This is to see how well Factored3Dperforms on a different training set.
The SUNCG data set contains a total of 2549 different objects with varying surface
materials, but we limit our object prediction to the six object classes: {bed, chair, desk,
sofa, table, television}. The original object predictor of Factored3Dwas also trained
under these experiment conditions. The six object classes contain 845 different objects
in total.

For the qualitative evaluation on real indoor scenes in section 4.4 we use the RGB
images of the NYU-Depth V2 data set [NF12]. Here we only take a few example input

images and use Edge Boxes [ZD14] to determine bounding box proposals for our
networks.
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4.2. Object Level Evaluation

In this experiment we compare the performance of different object prediction networks
on the ground-truth bounding boxes of the SUNCG test set (see Table 4.1). All proposed
networks are built on top of the three training stages of Factored3Dpresented in section
3.3. We also compare the performance to our handcrafted baselines for the factored
object prediction on the SUNCG data set, which where introduced in subsection
3.4.2.

4.2.1. Evaluation Metrics

These evaluation metrics were proposed by Tulsiani et al. [Tul+18] to consider a
prediction successful for the given factor.

Shape. A shape prediction is considered successful if the IoU of the predicted 3D voxel
shape V and the ground-truth voxel shape V is larger than d, = 0.25.

Rotation. An object's rotation is considered successfully predicted if the geodesic
distance between the predicted rotation §and the ground-truth rotation qis smaller than
dq = &, which corresponds to an angular distance of 30° or less. The geodesic distance
Dq between two quaternions can be calculated in the following way by transforming
the quaternions ¢ and q into rotation matrices R and R and using the Frobenius norm
k kFZ

Dg(R,R) = pl—zklog(RTﬁ)kF

All models we evaluate pose the rotation as a classi cation problem, where an ob-
ject's orientation is classi ed into one of the 24 bins. We compare the corresponding
guaternion of the predicted bin with the ground-truth rotation for the object.

Translation. An object's predicted position in camera space is considered successfully
predicted if the predicted translation t and the ground-truth translation t are within 1m
from each other (d; = 1). The camera space is also a Euclidean space, so the Euclidean
distance can be used for calculating the translational error: Dy(t,t) = kt  tko.

Scale. The distance between the predicted scale ¢ and the ground-truth scale c is
measured using the logarithmic difference for each factor:

.13, N
D¢(c,€) = 3 a Jjlog,c log,&ij
N
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The threshold for a successful scale prsdiction is d. = 0.5, which corresponds to the
predicted scale being within a factor of = 2 to the ground-truth scale.

4.2.2. Network Overview

In Table 4.1 we compare ve different training procedures excluding the handcrafted
baseline. The handcrafted baseline was generated as a comparison to the overall
performance of the Factored3Dmodel and our related network extensions (see subsection
3.4.2 for more details).

Please note that each training procedure is applied on top of the Factored3Dtraining
procedure presented in section 3.3. In the following we present the ve training
procedures we compared in Table 4.1:

» Factored3D: This is our network baseline and represents training Factored3Cfor an
additional epoch in the third training stage, where the voxel decoder is ne-tuned
on the bounding box proposals (see subsection 3.3.3).

» Factored3D + Dcp: Here the network is trained on the factored losses as usual
for Factored3D but we also add the Chamfer distance loss Dcp on the combined
point cloud representation of the object. This is also trained for one epoch.

e Solo D¢p: The network is trained for one epoch only using the Chamfer distance
loss on the full point cloud representation in camera space.

» Factored3D + pose-only Dcp: The network is trained using the standard factored
loss components for the scale and translation prediction, but the shape and
rotation is trained using the Chamfer distance loss on the rotated point cloud
shape in object space.

» Factored3D + pose-only Dgyvp : The network is trained using the standard factored
loss components for the scale and translation prediction, but the shape and
rotation is trained using the Earth Mover's distance on the rotated point cloud
shape in object space.

4.2.3. Results

As seen in Table 4.1, the overall performance of the factored prediction on each factor
does not vary too much. This is to be expected, since the different training strategies
resemble a ne-tuning of already well-trained weights of Factored3D
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Shape Rotation Translation Scale
method %(loU > 0.25) Med-loU | %(Err <30) Med-Err | %(Err <1m) Med-Err | %(Err <0.5) Med-Err
Factored3D 47.80 0.19 78.10 5.20 92.50 0.27 88.30 0.11
Factored3D + Dcp 48.00 0.19 77.50 5.27 92.20 0.28 86.00 0.15
Solo D¢p 46.30 0.17 76.60 5.60 92.30 0.28 51.00 0.49
Factored3D + pose-only Dcp 47.00 0.16 68.40 9.70 91.20 0.30 88.50 0.11
Factored3D + pose-only Demp 47.10 0.18 75.30 5.87 91.40 0.31 88.80 0.11
handcrafted baseline 63.89 0.35 70.87 0.27

Table 4.1.: Performance predictions on the ground-truth bounding boxes of the
SUNCG test set. In this table we report the predictive performance for the indi-
vidual factors. The predictions are made using the ground-truth bounding boxes for
all objects in the SUNCG test set. We report the median for each factor metric and the
percentage of the object predictions that have an error below/a performance above
our de ned thresholds. The Factored3Dperformance reported by Tulsiani et al. may
vary due to the use of a different split of the SUNCG data set for training and testing
[Tul+18].

The largest performance decrease can be observed for the scale prediction. A network
ne-tuned only using the Chamfer distance loss performs very poorly in the scale
prediction ( 51.00%o0f the test set reaches the scale threshold) compared to the standard
Factored3Dtraining strategy ( 88.30%o0f the test set reaches the scale threshold). When
analyzing the training progress of a network solely trained on the Chamfer distance
loss, we often observed the behavior, where the predicted point cloud is shrunk to a
smaller scale and moved into the ground-truth point cloud to be fully enclosed by it.
Numerically this decreases the Chamfer distance, but does not improve our overall
object prediction performance. We believe that this kind of training behavior is also
present here in the poor scale prediction performance.

To resolve this issue when using a point cloud based loss in camera space, we ex-
perimented only applying the point cloud-based losses on point clouds rotated in
object space instead of introducing their translation and scale as the object appears in
camera space. Only the predicted shape and rotation from the Factored3Dprediction is
passed to our point cloud transformation procedure, while the scale and translation
are still trained using the factored loss functions. We observe a similar performance to
Factored3Dfor all factors (Shape: 47.80% Rotation: 78.10% Translation: 92.50% Scale:
88.30%), both when using the Chamfer distance (Shape: 47.00% Rotation: 68.40%
Translation: 91.20% Scale: 88.50%) and the Earth Mover's distance (Shape: 47.10%
Rotation: 75.30%, Translation: 91.40%, Scale: 88.80%).

We attribute the drop in the rotation prediction performance when using the Chamfer
distance loss 68.40%meet the rotation threshold) compared to the Earth Mover's dis-
tance loss (75.30%meet the rotation threshold) to the one-to-one matching performed
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in the Earth Mover's distance being more descriptive for errors in object pose.

Looking at our handcrafted baselines, we observe a good scale prediction performance.
Most models learn to predict varying scales (positive scale predictions in 86.00%to
88.80%range) and outperform using a object-speci ¢ median scale ( 70.87% for each
prediction. The only exception being the Chamfer training on point clouds in full
camera space (51.00%), which we mentioned earlier in this subsection.

We do not observe a good shape prediction performance. Our handcrafted shape
baseline using the object-speci ¢ median-based shape ©3.89%o0f the shape prediction
are successful with a median loU of 0.35 greatly outperforms all our proposed models

(successful shape prediction fractions are in 46.30%to 48.00%range with median loUs
in 0.16to 0.19range). Our intuition is that the voxel decoder might not be expressive

enough to generate good predictions under uncertainty, when the object is slightly

occluded or obstructed by another object.

4.3. Scene Level Evaluation

In this experiment we compare the performance of Factored3Dand our proposed
network extensions when predicting a full scene (see subsection 4.2.2 for more details
on our tested network extensions). The predicted scenes are transformed into scene
voxel grids to allow for a uni ed numerical comparison of the scene level prediction
performance.

We will rst describe the transformation used to create a scene voxel grid based on the
multiple factored object outputs in subsection 4.3.1 before we present our scene level
evaluation results in subsection 4.3.2.

4.3.1. Scene Voxelization

A predicted scene from our tested networks consists of multiple factored object pre-
dictions in camera space. For this experiment we use the bounding box proposals for
each input image instead of the ground-truth bounding boxes as in our evaluation in
section 4.2. Using the bounding box proposals during inference means, that we do not
have a de nitive matching between a predicted object and its ground-truth factored
representation. A proposal could be incorrect and not be close to any object in the
ground-truth scene.

We transform the full scene into a voxel occupancy grid with 64 32 64 voxels, where
each voxel represents a8cm 8cm  8cmvolume. The objects are transformed into
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world space. Many objects are axis-aligned in world space, which helps preserving the
predicted object shape during the scene voxelization process. We store a corner point of
the ground-truth voxel scene in world space as a reference to evaluate the same scene
volume in the predicted scene in world space as well.

For this evaluation we do not distinguish between the different predicted object shapes,
but only consider voxels in the scene as occupied or unoccupied by an object. A scene
voxel is occupied if any object point is within the voxel volume.

4.3.2. Results

We evaluated four viewpoints from each house in the SUNCG test set, leading to around
16,000 images in total. In table 4.2, we evaluate the network extensions' predicted scene
voxels based on their loU with the ground-truth scene voxels. In general, the results
of the scene level evaluation report similar ndings as the results of the object level
evaluation done in section 4.2.

The original network ( Factored3Dwith a median loU of 0.228 and the network using
the Earth Mover's distance to ne-tune the rotation and shape factors ( Factored3D
+ pose-onlyDgyp with a median loU of 0.223 perform best. The similar results
between both methods do not indicate if the point cloud representation using the
Earth Mover's distance can lead to substantial improvements over the original network
architecture.

Similar as for the object level evaluation experiment, training Factored3Dfor one epoch
only using the Chamfer distance measure also leads to poor results for the full scene
prediction ( Solo D-p with a median loU of 0.167).

In Figure 4.1, the full scene prediction performance of Factored3D + pose-only Degmp
and Factored3D are compared visually. Both networks perform well on simple scenes
with not a lot of visual clutter (see row 1 and row 4 of Figure 4.1).

For cluttered scenes, both networks are susceptible to predicting too many objects in a
scene. For instance in row 3 of Figure 4.1, both networks mistake the turquoise rugs for
objects in the scene.

4.4. Results on Real Indoor Scenes

We also applied Factored3D and the network using the Earth Mover's distance to
ne-tune the rotation and shape factors ( Factored3D + pose-on®gpp) on real indoor
images from the NYU-Depth V2 data set [NF12]. The predictions are presented in
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Figure 4.1.. Comparison of scene predictions of Factored3D + pose-only D gmp and
Factored3D on the SUNCG data set. Here we present the prediction of a scene containing
all predicted objects for the given input image. The rst and second column show the given
input image from the SUNCG test set and the ground-truth object predictions of the scene.
The third column shows the prediction of the Factored3D + pose-only Dgnmp network extension.
The fourth column shows the prediction of the Factored3D model.
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method %(loU > 0.20) Med-loU
Factored3D 56.52 0.228
Factored3D + Dc¢cp 53.48 0.215
Solo D¢p 41.35 0.167
Factored3D + pose-only D¢p 51.56 0.207
Factored3D + pose-only Demp 55.54 0.223

Table 4.2.: Scene prediction performance on input images from the SUNCG test set.
In this table we compare the scene prediction performance of the different proposed
network extensions presented in subsection 4.2.2. In this experiment are only considered
images from the SUNCG test set that contain at least one object. We report the
percentage of the predicted scenes that have a loU larger than dscene= 0.20and the
median loU (Med-loU) for each network.

The baseline network Factored3Dand the network using the Earth Mover's distance to
ne-tune the rotation and shape factors show the best performance for the full scene
prediction task.

Figure 4.2.

The networks perform fairly well for scenes with a few objects, that do not overlap. For
scenes with a lot of visual clutter, both networks perform poorly. Unfortunately, real
world scenes tend to contain more objects than synthetic scenes. This makes training
purely on synthetic data sets not ideal for networks that are then applied in the real
world.
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