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Abstract

3D registration of scenes is a widely researched topic. Since the availability of low cost sensors
like the Kinect RGB-D cameras, they are being extensively used for additional depth information
about the scene. Most of the approaches for registration either use point clouds or RGB features
to estimate the relative pose between the consecutive views. Our work focuses on using the planar
patches of the scenes as primitives for indoor scene registration and modeling. Indoor scenes
are structured and can be easily represented using planes. The advantage of using planes is
the reduced space complexity from tens of thousands of points to much fewer planes which are
present in the scene. Currently ICP is one of the most popular algorithm for scene registration.
It uses 3D point clouds for transformation estimation. But the major drawback of the algorithm
is that it uses dense points for estimation iteratively which is computationally expensive. Also,
ICP requires an initial transform estimate which is used in subsequent iterations which makes it
dependent on initial parameters. The proposed algorithm aims to address these issues by using
planes for estimation of optimal rotation and translation. General bundle adjustment algorithms
use 3D reprojection error between points as the cost function which makes it an expensive step
in registration process. We again make use of the planar primitives to reduce the complexity of

this step. Finally a 3D model of an indoor scene is obtained from the RGBD images.
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Chapter 1

Introduction

1.1 Overview and Research Motivation

Planar modeling of a scene is an important area of research with applications like scene un-
derstanding, reconstruction,etc. The aim of this work is to use the planar models extracted
from RGBD images to address two important problems namely, boundary classification and 3D

indoor scene reconstruction.

Object boundaries are important for interpretation of a scene. Generally two boundaries can be
classified into two categories : a) occluding boundaries which result from an object occluding
other objects like a sofa in front of a wall and b) intersecting boundaries where the objects are
intersecting like the intersection of walls. Previous work [17] in the area used color and depth
cues as features for a learning algorithm. Such an approach needs prior a training set. We have
used the depth information and the noise model of the sensor to classify the edges without the

need of a learning algorithm i.e. we only use the geometric cues for the labeling problem.

Automatic 3D indoor scene reconstruction is a long researched problem. Over the course of
years, 3D mapping has been confined to registration using point clouds. This can be attributed
to the fact that the raw data by most sensors is in the form of point clouds. But they have
severe limitations and there is a need for a more robust and efficient way for representation of a

model for mapping. The two main limitations of a point based mapping algorithm are the time



and space complexity of the algorithm and the need of an initial transform between the views.

In this work, high level primitives of the scenes are used to model the individual views of the

scene. These planes are then merged using the proposed algorithm to get the final scene model.

The key contributions of the research are

e Using the planar information for scene modeling.

e Formulation of heteroscedestic distance function for plane correspondence which takes the

sensor noise into account.

e Reducing the time and space complexity of the registration algorithm by using high level

representation.

e Revised bundle adjustment to make use of the planar information of the views instead of

points.

e Boundary classification without the need of training classifiers using only geometric prim-

itives.

1.2 Literature Review

Major work in using planar patches for registration has been done by Pathak et al. [25] [24]
[23] [4]. They have worked on extraction and registration of planar segments from range images
for unstructured environments. Their proposed algorithm MUMC(Minimally Uncertain Maxi-
mal Consensus) [24] determines the unknown plane correspondences by maximizing geometric
consistency by minimizing the uncertainty volume in configuration space. The algorithm takes
into account information such as size of plane, covariance of normals, etc to get the accurate
correspondences. But the drawback of the algorithm is that it needs odometry information for

few tests which determine the correspondences.

Many of the proposed algorithms using plane patches have also leveraged the low level RGB

features to find the relative pose between the views. Dou et al. [7] have used SIFT features



along with planar distances to find the planar correspondences. Relative plane angle and plane
appearance similarity are used to formulate the distance measure. Plane appearance is taken into
account by joint histogram of hue-saturation calculated from RGB channel. Louren et al. [27]
use both depth and color information for extracting planes from the scene, and the relative pose
estimation between consecutive frames is cast as a plane registration problem. In the absence
of the minimum number of required planes, 2D point correspondences are extracted for finding

the remaining degrees of freedom.

Weingarten and Siegwart [34] use the planar patches as features for the Extended Kalman Filter
to get the relative pose of camera in the global frame. They still use point-cloud based ICP
to help in registration and correspondence determination. Trevor et al. [29] also use a similar
technique. The difference between the two approaches is the use of graph based SLAM and the

additional use of 2D laser data instead of RGB images.

Kohlhepp et al. [18] [9] use surface representation of outdoor environments. They use neuro
fuzzy rules to estimate the correspondences which are then used for calculation of relative trans-
formations. Viejo et al. [32]use small local patches to iteratively estimate the transformation
between views from semi structured environments. He et al. [12] propose the concept of Com-
plete Planar Patches(CPP) which are plane based features according to the visibility of the
plane. If the plane is unoccluded, then it is considered as CPP.Then an interpretation tree is

created which is used to find the pose estimate.

In case of boundary classification, work done till now uses either just the depth data or depth
data combined with the color information as features for learning algorithms. Jia et al. [17] use
depth and color information to train a Support Vector Regression for local prediction of edges.
Then a Conditional Random Field (CRF) is used for a joint inference. They have not used
the noise characteristics of the sensors and have instead leveraged the color information for the
same. Gupta et al. [11] have also used similar approach of using hierarchical learning model

using additional features like surface normals and depth gradients.

Hoiem et al. [13] [14] have used prior knowledge from the scene such as sky, etc for recovery

of occlusion boundaries. But such cues cannot always be used for classification as most of the



scenes are either unstructured or devoid of them. We have used depth and noise model to classify

the boundaries without the need of such information.



Chapter 2

Preliminaries

2.1 Sensor Noise Model

For any depth sensor, the noise in the data is dependent on the true measurement of depth i.e.
the depth is heteroscedastic. For effectively modeling the distance functions in planar modeling
and registration we need an estimation of the noise in the data. In case of Kinect, the depth
sensor computes the depth by calculating the disparity between the image points. If d; is the
disparity and z; is the depth of a point, then the relation between depth and disparity is given
by

- f;b (2.1)

where f is the focal length of the camera and b is the baseline.

As the depth is heteroscedastic, the noise is assumed to be zero mean Gaussian noise with

variance being dependent on the depth. So the depth at each point is given by
zi = zio + G(0,0,(2i0)) (2.2)

where G(p,0) is the Gaussian noise with mean p and o standard deviation. o,(z;,) is the depth



dependent standard deviation and can be written as
0:(2i0) = k2> (2.3)

Here, k is the unknown parameter which is computed by analyzing the residuals after fitting
planes to the 3D data. To estimate k, planar segments are extracted from the 3D points using
RANSAC. For each pixel lying in the plane, a 3 x 3 region is selected around it and the mean
depth Z; is computed. Since the noise is zero mean noise, the Z; will be the estimator of actual

mean z;,. The parameter k is then computed by

k= 230 (L2 (2.4)

where 7; is the residual given by r; = 2; — z;.

2.2 Planar Scene Modeling

The aim is to find an efficient representation of the scene using planes. The work of Anand [1] is
used to extract the planes from a scene and create a 3D model from a single image. The block

diagram of the algorithm is shown in Figure 2.1.

Bilateral Heteroscedastic
filtering normals region growing

ML
estimates

Figure 2.1: Block diagram [1]



The algorithm takes RGB and the depth images as input along with a noise model parameter.
The aim of this step is identification of planar surfaces which best describe the scene. The major
constraints in planar model is the complexity of scene. Presence of clutter in the scene can lead
to wrong estimation of planar segments. In that case, the clutter should be classified as outlier.
To take such issues into account, heteroscedastic distance measure is formulated which takes
into account the noise model of the scene for model combination. The steps of the algorithm

are described below in detail.

2.2.1 Normal Computation

Surface normals are estimated at each pixel using SVD. The SVD of a 9 x 9 window gives the
eigen vectors of the covariance matrix of points. Singular vector corresponding to the smallest

singular value gives the surface normal of patch.

Since these normals are estimated over a small neighborhood, they are susceptible to noise at
depth discontinuities and at non planar regions. To alleviate this problem superpixel segmenta-

tion is done in the next step.

2.2.2 Model Discovery

The aim of this step is the identification of minimal set of planar primitives. This is done in two

steps

1. Superpixel segmentation
Superpixels are generated by oversegmenting the surface normal image. The basic assump-
tion here is that the pixels belonging to the same plane will lie in the same superpixel. To
generate the superpixels, Simple Linear Iterative Clustering (SLIC) is applied. It performs

a k means clustering using the following weighted distance function

dspic = df + wdsp (25)

Here, dy is the distance in surface normal space and dg), is the spatial distance in image



plane. The parameter w determines the tradeoff between the feature boundaries and

superpixel compactness.

. Merging of superpixels

The generated superpixels show the small planar regions in the image. In order to reduce
the number of models in the scene, superpixels that lie in the same plane are merged. In
this step, these superpixels are merged together by using Region Growing algorithm on an
undirected graph created from the superpixels based on parameters like centroid, depth

dependent covariance, etc.

The vertices of the graph Gg = (Vi, Es) are the superpixels which are linked to their
adjacent superpixels by and edge. These nodes are characterized by the centroid of the
superpixel, depth dependent covariance, surface normal of the 3D points and the co-
variance of the normals. The region growing algorithm groups the superpixels based on
heteroscedastic planar distance which takes into account the noise in the data.

Heteroscedastic planar distance is given by

d;
du(Si, S;) = Ud] (2.6)
i

where d;; is the squared symmetric planar distance and oy4,; is the standard deviation of

the d;; which is small only if both the superpixels lie on the same plane.
di; = (4,7 Apyy)” + (17 Apy;)° (2.7)

where Ap;; = p; — P; This distance function dg is less sensitive to noise in depth and

orientations of the surface normals.

The result of this step is a set of fragments which are obtained by merging superpixels

with high probability of being in the same plane.



2.2.3 Model Association

In the previous step, fragments were formed by merging the superpixels. The processing was
done at a coarser level leading to coarse boundaries. In this step, model association is done at

a finer level. Pixels are assigned to fragments and overfragmented regions are merged.

To perform pixel level association, maximum likelihood assignment is done by minimizing two
distance functions. The heteroscedastic form of distance of point to plane in the direction of
incident rays from camera is used instead of directional residual which is more insensitive to
orientation of planes. For a point py for k" pixel, the distance with respect to it" plane is given
by

;" (P; — pr)
cosb;j.

_ . Pl (2.8)

zZ
k Zk

Tik =

Tik

Pik =

Tik

To classify the pixels as inliers / outliers with respect to the model, the threshold for the iz,

fragment is set as

pi = max iy (2.9)

where P; is the set of pixels in fragment Fj.
The other distance function is the heteroscedastic cosine distance between the plane normal n;

having covariance Cy, and the normal at ky, pixel.

1-— riiTnk

1/n£Cﬁink

The heteroscedastic distance uses the orientation of normal to find the distance while being

Pit, = (2.10)

insensitive to measurement noise. Similarly, the threshold for inlier/outlier classification is given

as

(;32‘ = I]géaxd)lk (2.11)

7
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If any pixel has p;r and ¢, less than the thresholds calculated in equations 2.9 and 2.11, then
it is considered as an inlier. Using this logic, the model association is done as a negative log

likelihood by the combination of the two distance functions

Ly = argmin p;, + ¢ Vk (2.12)
i=1..|F|

The noise in the depth is assumed to have a Gaussian distribution with zero mean. A log
likelihood of the multivariate normal distribution gives the Mahalanobis distance. The negative
square of the this distance gives the likelihood of the pixel py of belonging to a plane P;. Thus the

minimization function in Equation 2.12 is equivalent to the negative log likelihood assignment.

2.3 Iterative Closest Point

The ICP was independently proposed by Besl et al. [3], Zhang et al. [35] and Chen et al. [5]
although the name ICP was suggested by the latter. In practice the acronym ICP is now
used to describe algorithms that follow an Iterative Corresponding Point framework, rather
than the original closest point approach. The Iterative Corresponding Point framework is an
iterative two step process where the first step is estimation of closest point correspondences
and the second step is computation of transformation based on the point correspondences. The
original algorithm had just the two above listed steps. Later on it was modified by to include
correspondence rejection to remove the outliers which lead to wrong estimation. Research on
the topic continued which led to many variants of ICP each trying to optimize and refine the

results. The three main stages in the algorithm are -

e Correspondence Estimation
e Correspondence Rejection

e Transformation Estimation

11



P

Figure 2.2: Surfaces before transformation

Figure 2.3: Tangent distance between point and plane
2.3.1 Correspondence Estimation

Given a point p; € P, the goal of this step is to find the corresponding point ¢ € (. This is
not a straightforward problem. If the matching points are found out by taking the distances
between all the points in the two views the complexity of the algorithm will be O(n?) where n
is the number of points which is usually in the orders of 10K.

The approach is to then approximate Q using its tangent plane S; at g;.

S = s\n’q“j.(qj —s) =0 (2.13)

2.3.2 Correspondence Rejection

The purpose of this step is outlier rejection. It refines the pairs to get more accurate transfor-
mation.

Some of the methods that have been suggested are -

12



1. Rejection of corresponding pairs which are more than a distance apart.

2. Rejection of worst n pairs based on some metric. This is usually the distance between

points [26].

3. Rejection of pairs whose point to point distance is larger than multiple of standard devi-

ation [20].
4. Rejection of pairs containing points on boundaries [30].

5. Rejection of pairs that are not consistent with neighboring pairs. This follows the assump-
tion that surfaces move rigidly. Under this scheme, two correspondences p1,q1 and p2, ¢o
are consistent iff
Dist(p1, p2) - Dist( q1,q2)
is greater than some threshold. In the paper by Dorai et al [6], the following threshold is
used

7 = 0.1 * max(Dist(p1, p2), Dist(q1,q2))

2.3.3 Transformation Estimation

Given a point p; € P and q; € @, the transformation T can be found out by minimization of

the error function

N
e=> ||T¢p; — qil (2.14)
=1

The minimization of this error function is in itself a research problem with several least squares
solutions being proposed. The primary difference between between all of them is the repre-
sentation of the transformation T. Arun et al [2], Horn et al [16], Schonemann et al [28] and
Umeyama et al [31] used matrix representation of T and then solved the error function using
SVD. Quaternions were made popular by Horn et al [15] and was later used by Walker et al [33]

and Faugeras et al [8].

Both SVD and quarternion based approaches start by decoupling the rotation R and translation

t and by shifting the original points to get zero mean points p, = p; — pp and q;, = q; — fq.

13



The least squares formulation is then written as

N
e=Y ||[R"p| —q —t|]?
=1

(2.15)

In case of matrix representation, the optimal rotation is found by using Singular Value Decom-

position on the correlation matrix

Cmc ny CCCZ
— ry'T
C= Z Pidit = |Cyr Cyy Oy
i=1toN

Czac Czy sz
Singular Value Decomposition of C gives
SVD(C) =USVT
The final rotation is given by

1
R=U| 1 \'s
det(UVT)

(2.16)

The quarternion based solution is given by the eigenvector corresponding to the maximal eigen-

value of the matrix

(Coo 1 Cpy +Coe Cpo— Cay Cow — Caz

N Cy. — Cyy Coe — Cyy — Cyz Coy + Cye
Cye — Cxz Cry + Cyz Cyy — Cozz — Cs2

Cuy — Cpa Cow — Caz Cye+ Csy

Cry — Cyz
CZ$ + CIZ
Cyz+ Cy

sz - ny - Oxx

The translation in both the methods is found by aligning the means of the reference and the

rotated point clouds.

t=p, — Ry,

14

(2.17)



Besl et al [3] use the unit quarternion method by Horn et al [15] whereas Zhang et al [35] use
the method suggested by Walker et al [33].

2.3.4 Final Algorithm

Assuming we have two surfaces P and Q and an initial transformation T, the minimization

function is

N

ex = Y d2(TTy_1p;, SY) (2.18)
=1

The algorithm finds the transformation T which minimizes e, with a least squares method

iteratively.

2.4 Bundle Adjustment

Due to the presence of noise in measurements there are errors in the relative transformations
obtained from the registration algorithms. In that case a global optimization step is needed to

minimize the overall error in registration.

Figure 2.4: Bundle adjustment using point data [19]
In case of point clouds, bundle adjustment is done by minimizing the reprojection error between

the observed point and the predicted point. Let X; be a 3D point observed from multiple views.

The aim is to minimize the difference between the point and the reprojected image points. So

15



the cost function becomes

m n

minZZHf(V}‘aXi) — | | (2.19)

ViXi i3 j=1
The measurement function f(V}, X;) estimates the predicted projection of X; on image cor-
responding to view V;. The minimization function can be solved by applying the Levenberg-

Marquardt algorithm [21] which uses a combination of Gauss Newton and Gradient Descent for

obtaining the minima.

16



Chapter 3

Proposed Algorithm

3.1 Boundary Classification

The algorithm uses the planes extracted using the algorithm described in Section 2.2 to clas-
sify the boundaries as occluding or intersecting. It uses the noise model parameter to set the
threshold for the distance between the actual boundary and the geometric boundary. The basic
assumption is that the deviation of the boundary with respect to the actual boundary should

not be greater than the standard deviation of depth which is given by Equation 2.3.

The first step is finding the edges between the planes. This is done by creating a graph between
the planes which are connected by edges only when they are adjacent i.e. they have a shared
boundary between them. The dual of the graph gives the nodes as boundaries and the planes

as edges between them.

The algorithm is given below

17



Algorithm 1: Boundary Classification
Input: Graph G = (V, E) where V € Edges in the scene and E € Planes

Output: A labeling (0,1) for each node in V where 0 = occluding and 1 = intersecting

foreach v € V do
Extract the edges e, es corresponding to the planes ply, plo corresponding to that

boundary. Find the geometric line [y of intersection of the planes using the plane
equations given by

nip, =d;

njpy = dy

Find the actual boundary line Il from the extracted planes in 3D

if dist(l1,le < o) then

I v=1
end
else

| v=20
end

3.2 Planar Registration

The aim of the algorithm is to find the rigid body transform between two 3D models which
are defined by their planar segments. These planar segments are represented in terms of the
normal, offset and the covariance. It uses the Iterative Closest Point framework and iteratively
estimates the transformation. One of the key points is that it does not require an estimate of

the initial relative transform.

3.2.1 Assumptions

The algorithm uses the geometric properties of a scene and makes the following assumptions

e The scene has a structured environment

18



e Each frame in the scene has planes in three linearly independent directions.

e Each frame has atleast three non parallel planes.

As discussed in Section 2.3, the ICP framework iterates through the following steps until the

€rror converges.

1. Correspondence Estimation
2. Correspondence Rejection

3. Transformation Estimation

3.2.2 Correspondence Estimation

Given a set of planes p; € F; and p, € F,., where F,. is the reference frame and Fj is the frame
to be registered. The aim of this step is to find the matching set of planes which can be used
to estimate the transform correctly.This is done by minimizing a function of distances between

the planes in two views. The measure used is heteroscedastic planar distance which is given by

1 di—d; di—d,
dist(P;, Pj) = ~( 2+ !

) + dcos(nia ﬁj) + dcos(ﬁia nj) (3'1)
2 o 0

where d.,s is the heteroscedastic cosine distance given by

1—nln;
)
dcos(nianj) = T
\/n; Cyn;j

where Cy,; is the covariance of plane normal n;.
This distance measure is used for estimation as it uses the uncertainty in the measurements and

gives more weight to the planar correspondences which have less noise.

3.2.3 Correspondence Rejection

In two consecutive views, there are planes which might not be present in both the frames. The

correspondence estimation phase finds the best matching plane in second view for each plane in

19



first view. But the aim is to find the planes which are true correspondences and reject outliers.
The pairs of planes are rejected based on a threshold on heteroscedastic planar distance between
them. We have followed the thresholding by Masuda et al. [20] and taken the threshold as the

standard deviation in the planar distances of pairs.

3.2.4 Transformation Estimation
3.2.4.1 Decoupling of Rotation and Translation

Consider the frames F; and F, with the corresponding planes pl; and pl, with normals n; and
n,.

The planes in the two frames can be given by

n/p; =d
(3.3)
nz—‘pr = dr

If the camera moves from left to right and observes the same physical point as p; and p, in the

two frames, then the coordinates are related by

Substituting 3.4 in 3.3 and comparing the coefficients, we get

n; = Rn, (3.5)

nl't=d —d, (3.6)

The registration problem is now of estimating the R and t from the planar correspondences.

20



3.2.4.2 Least Squares Estimate of Rotation

The rotation can be estimated by aligning the normals of matching planes by minimizing the
SSD
min||Rn; — n,||? (3.7)

The above minimization function can be solved by using SVD by replacing points with normals
in the solution by Horn et al. [15]. The estimation requires planes in three linearly independent

directions.

3.2.4.3 Least Squares Estimate of Translation

By stacking the Equations 3.6, the translation should satisfy

Nt = D (3.8)
n; dll - drl
n dip — d,
where N={ ~VandaDp={ 7 77
n,;, dlm - drm)

This is solved using Total Least Squares method (TLS) method as suggested by Golub et al. [10]
using SVD. But unlike rotation, here we need more than three non parallel planes for correct

estimation of translation.

21



3.2.5 Final Algorithm

Algorithm 2: Planar Registration

Input: Planes pl; and pl,. from frames F; and F;.

Result: Relative Transform T

Initialization:

(a) Find corresponding planes using heteroscedastic planar distance while the error does

not converge do
(a) Compute incremental transformation using the current correspondences using

least squares solution
(b) Update cumulative transformation and apply to planes.
(c) Find corresponding planes and compute distance.

(d) if number of iteration > mazimum allowable iterations then
| terminate

end

end

3.3 Revised Bundle Adjustment

When the pairwise alignment of the views is complete, it can be observed that individual pairwise
errors are accumulated and hence introduce drift in the model. To reduce this error a cost

function has to be formulated which minimizes the error between frames.

The registration algorithm also returns the planar correspondences which can be used in bundle
adjustment step to minimize the distance between the planes in consecutive views. Let pl; and
plo be corresponding planes in views Vi and Vs respectively which have a relative transformation

T. The equations of the planes are

nip =d

nips = ds

22



Then the cost function to be minimized for estimation of transformation T is given by

T = argmin Z Z |InT (p1 — Tp2)||? (3.10)
vV vl

where p; and po are the centroids of planes pl; and ply respectively.

The cost function aims to minimize the dot product of the normal of the plane and the vector
of difference between the centroids. If the planes are matching planes then both the centroids
should lie on the plane and hence the difference vector will in an ideal case have a dot product

zero with the normal of the plane.

This cost function can be solved by the Levenberg Marquardt Algorithm as discussed Section
2.4. Once the global transformations are obtained by the optimization, it is applied to the

frames to get the final model.
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Chapter 4

Results and Conclusion

4.1 Results

4.1.1 Boundary Classification

NYU Depth Planar dataset [22] is used to test the boundary classification algorithm. The
dataset has RGBD images taken from the Kinect sensor of indoor scenes. The dataset contains
480 x 640 RGB and depth images taken from different indoor areas like the living room, kitchen,

etc. Data collection was done with fps varying between 20 and 30.

In the results, the occluding boundaries are represented using blue lines and intersecting ones

are drawn using red lines.
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(a) Dataset Images (b) Boundaries

Figure 4.1: Boundary Classification Results for NYU dataset

4.1.2 Scene Recontruction
4.1.2.1 NYU dataset

Since NYU dataset does not have data for full reconstruction of a scene, results for a part of the

room are shown in Figures 4.2, 4.3, 4.4, 4.5, 4.6, 4.7, 4.8, and 4.9.
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4.1.2.2 NYU Kitchen

(e) Side View (f) Side View

(g) Bottom View (h) Tilted View

Figure 4.2: Corner reconstruction of NYU Kitchen
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4.1.2.3 NYU Living Room 1

(a) Top View (b) Front View

(c) Back View (d) Back View

(g) Front View (h) Back View

Figure 4.3: Corner reconstruction of NYU Living Room - 1
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4.1.2.4 NYU Living Room 2

(a) Top View (b) Front View

(c) Back View (d) Back View

(f) Side View

(g) Bottom View (h) Tilted View

Figure 4.4: Corner reconstruction of NYU Living Room - 2
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4.1.2.5 NYU Living Room 3

(a) Top View (b) Front View
R

(c) Back View (d) Back View

(e) Side View

—T

(g) Side View (h) Tilted View

Figure 4.5: Corner reconstruction of NYU Living Room - 3
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4.1.2.6 NYU Living Room 4

(a) Top View (b) Front View

(c) Back View (d) Back View

(e) Side View (f) Side View

(g) Side View (h) Tilted View

Figure 4.6: Corner reconstruction of NYU Living Room - 4
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4.1.2.7 NYU Office

(a) Top View (b) Front View

(c¢) Back View (d) Back View

(e) Side View

—_—

(g) Side View (h) Tilted View

Figure 4.7: Corner reconstruction of NYU Office
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4.1.2.8 NYU Bedroom 1

(b) Front View
-

(c¢) Back View (d) Back View

e S -

(f) Side View

(g) Side View (h) Tilted View

Figure 4.8: Corner reconstruction of NYU Bedroom - 1
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4.1.2.9 NYU Bedroom 2

a) Top View (b) Front View

) Back View (d) Back View

(e) Side View (f) Side View
S

(g) Side View (h) Tilted View

Figure 4.9: Corner reconstruction of NYU Bedroom - 2
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4.1.2.10 Swarath Lab

Data was collected using Kinect v2 for one scene. The results are in Figure 4.10. As can be
seen, the plain walls have transformation errors. This is due to the absence of three linearly
independent direction planes in the walls which lead to erroneous estimation of transformation.
The registration at the junctions is done accurately because three directions are obtained owing

to the presence of walls and table.

Figure 4.10: Reconstructon of Swarath Lab
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4.2 Limitations

e Since the estimation of rotation uses SVD, it requires the presence of planes in three linearly
independent directions. This cannot always be possible. In such a case the estimation leads

to transformation errors

e The estimation of translation also require the presence of three non parallel planes. If they

are not available, the translation estimates are erroneous.

e The aforementioned constraints on presence of requisite number of planes in different

directions puts a limitation on the scenes that can be reconstructed using the algorithm.

4.3 Conclusion and Future Work

As seen from the results, planar primitives can be used for efficient reconstruction subject to
some constraints. To eliminate such issues the RGB features such as SIFT can also be merged
into the feature space to get accurate transformation estimates.Planar information can be used
for loop closing algorithm which further leads to better reconstruction of indoor scenes by keeping
track of the starting scene and making adjustments when the starting point has been reached

again.
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