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1. Introduction

To-date, much of our understanding of the world around us comes from two dimensional data
sources: geographical maps, medical MRI and CT scans, architectural plans and many more. To
be able to truly analyze and evaluate the structures and creations in our life, it is important to
not simplify them to 2D representations, but instead capture their fully 3D forms. Specifically,
three dimensional models of high-precision accuracy can benefit numerous fields including military,
manufacturing and scientific.

In capturing the three dimensional models, one must blend the highly successful retrieval aspect
of computer vision with the manipulation and visualization techniques of computer graphics. While
motion capture systems and high resolution scanners are also good methods for constructing models
of real-world objects, their expense and extensive calibration requirements restrict their general use.
Advancement of computer vision techniques for highly detailed model reconstruction lends itself to
widespread adoption and employment.

From computer vision, feature detection and tracking techniques [3, 21, 37] enable reverse cali-
bration of camera positions. From employment of numerous images or cameras, three dimensional
coordinates can be determined, leading to expansive 3D reconstructions of statues, bridges and even
small towns [1, 10]. As these approaches require extensive time (a full day) or processing power,
the exploitation of computer graphics techniques lends itself to reconstruction improvement. For
example, there is the potential to improve the surface quality of these representations, and through
multiresolution techniques, speed up the construction process.

The goal is to explore the current research within 3D reconstruction and locate potential areas
for improvement. The main objectives are to create a coarse reconstruction via three stages.

(1) Gather 3D Data: Construct 3D data from height map extraction and point cloud-based
reconstruction.

(2) Align Data: Merge the 3D data of an additional viewpoint of the same environment with
the initial mesh.

(3) Construct Surface: Stitch the 3D data together and construct a 3D mesh of the result.

Within this work, 3D data refers to 3D point cloud data, and the additional viewpoint must
include overlap with the initial input. Finally, to merge the data, an ability to uniquely discern
corresponding points between viewpoints is required. Therefore the views must have sufficient
detail and texture to readily correspond the scenes. This is discussed in more detail in the following
sections.

The approach taken is described in greater detail in Section 3 with results presented in Section 4.
The paper concludes in Section 5 with a discussion on an overall summary, limitations of the
approach, and potential future directions. Beforehand, a general overview of the current techniques
and a discussion on important approaches are presented in Section 2.

Date: April 19, 2013.
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2. Background

Modern approaches to 3D reconstruction are multi-layered, and span numerous research areas.1

Initial image capture is followed by camera calibration and point identification (features/keypoints).
Points are then transformed into a global coordinate space either individually, or as a disparity (and
consequent depth) map. From here, a surface is generated by transforming a planar mesh similar
to a height map or by remeshing techniques on the point cloud, comparable to skinning. All this,
and simply from one image or pair of images. From this initial mesh, subsequent images require the
merger of the resulting surfaces, or alternatively additional remeshing based on the new points in
the point cloud. Combined this generates an improved representation of the 3D object. Extensive
research has covered much of these topics, with many having implementations either directly from
the research, or offered through open source libraries.

Image capture may come from a variety of locations. While single-image processing and recon-
struction is explored in computer vision [12, 17], these may require known camera configurations,
or extensive assumptions on illumination conditions. As such, multi-image input is considered for
the research herein.

Stereo vision offers an easy computation for disparity maps. As explored in CPSC635, stereo
images involve two cameras usually offset by a small displacement along a single axis. This small
discrepancy enables displacement calculations. For a point located in the two images of the stereo
pair, the difference in distance indicates the camera offset and displacement. Initial camera config-
uration can be computed by reading in numerous known points. From the camera calibration, the
disparity of subsequent images may be readily calculated. As was noticed in the assignment for
CPSC635, the resulting disparity maps - reliant on Gaussian blurring with a sigma parameter and
identification of a disparity level count - may appear inconsistent with an expected depth map. The
open source library, OpenCV [5] implements camera calibration and correspondence from stereo
images, which employs Birchfield’s depth algorithm [4].

The Microsoft Kinect [25] is another multi-image technology. It captures traditional RGB data
and uses an infrared laser projector and associated sensor to determine disparity, and consequently
depth information about an environment. One can consider the projector and sensor as a partially
inverted stereo vision setup. In this case, a known pattern is emitted into the scene, and the sensor
detects the offset from its own expected positioning. While this is a highly calibrated system, it is
considered a viable input device as it is relatively inexpensive and therefore accessible to researchers.
An open source library, Open Natural Interaction (OpenNI) [26] simplifies reading and extracting
disparity information from the Kinect, while the Point Cloud Library (PCL) [29] has some examples
on working with the resulting data.

Multi-image input refers to one of either single images of a given scene taken from different
viewing angles, or alternatively a video input stream where the camera may change location and
orientation. In either case, camera calibration may be more challenging to deduce (especially in
the case of an arbitrary image collection). The former case has been well explored in the recent
papers of Agarwal et al. [1] and later Frahm et al.’s single processor variant [10]. In their research,
arbitrarily organized image collections are processed to determine the resulting point cloud scene.
Pollefey et al. [27] use video input, but simplify the problem by also taking advantage of GPS for
coordinate determination. Han at al. [11], Li et al. [20] and Bregler et al. [6] present examples
which use video input for their 3D reconstruction approaches.

To calibrate the cameras, features are often identified within the input images and used to
determine offsets between input images. Sufficient numbers of features across the given frames can
characterize the corresponding cameras. The most common approach is Lowe’s Scale Invariant
Feature Transform [21]. Subsequent feature detection schemes and descriptors have been explored,

1Text taken from proposal, as there has not been significant change in the related works.
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including Bay et al.’s [3] Speeded Up Robust Features, which is also available through the open
source computer vision library, OpenCV [5]. With sufficient number of common feature points
between images, cameras may be calibrated by constructing the world-to-screen transformation
matrix - referred to as a homography within computer vision. A simplified homography assumes
an affine projection, while additional feature points could deduce a more general projection. These
are well discussed in CPSC635, with OpenCV offering helper functions for this calculation.

From construction of the associated camera transformations, it is then desired to transform
the 2D points of the image into 3D world coordinates. This involves point identification between
cameras to solve a system of equations for the third coordinate. Again, OpenCV offers helper
methods for this calculation. In the case of stereo input, a resulting disparity map can be generated,
and can be used to estimate an associated height map for the surface mesh. Schneider et al. [30]
present an example of a comparable surface mesh, with an underlying single-orientation assumption.
In the case of the PCL Kinect example, a 3D point cloud is generated, and uses its developed
mesh construction technique for surface generation such as Kazhdan et al.’s [15] Poisson surface
reconstruction.

At this point, a mesh has been constructed from a single direction. To achieve a water-tight,
or wholesome model, two steps are required: feature registration within shape identification, and
additive mesh construction. Feature registration isn’t quite as simple as merely using a SIFT feature
for example. If a 3D model is being generated, the view of a given feature from one direction may
not correspond to the keypoint, let alone the same feature, from another direction. Agarwal et
al. [1] consider feature tracking across images to assist in this. To build a water-tight mesh from
different input images one can continue to build a 3D point cloud, using identified keypoints as
frames of reference for point placement, and then apply remeshing techniques. Alternatively, Li
et al. [20] demonstrate how shape completion techniques may be applied to assist in temporally
coherent mesh construction.

Numerous other techniques have been applied to 3D reconstruction. Improving mesh resolution
enables improved detail identification [30]. Volumetric approaches are considered [8, 24] wherein
reconstruction relies on carving away invalid voxels of data from the silhouettes or contours of the
shape. Symmetry has been considered for object completion [2, 14, 33, 36]. Speed improvements
have been explored on both the hardware and software [31,35,38].

3. Methodology

As alluded to in the introduction, there are three main stages in the reconstruction of a coarse
mesh from real world data.

(1) Gathering 3D Data
(2) Aligning Data
(3) Surface Construction

The approaches taken are discussed in more detail in the subsequent subsections.

3.1. Gathering Data. A Microsoft Kinect is used as the method for data acquisition in this work.
Despite its recent debut in 2010, it has been the source of much depth-based research [13,16,18] and
is increasingly well supported by existing frameworks such as the Open Natural Interface (OpenNI)
Library [26], the Point Cloud Library (PCL) [29] and the Robot Operating System [23]. The
infrared technology inconjunction with the hardware support, enables a quick determination of a
disparity map of the viewed environment, which can be converted into a depth approximation. In
connection with the standard RGB-style camera, the captured input can have depth approximately
associated with the colour of the scene.

In contrast, alternative input mechanisms include the use of a stereoscopic camera, a collection
of monocular cameras, or a single, but moving, monocular camera. Each of these methods provide
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sufficient information to discern disparity information about the scene by exploiting the parallax
effect. For monocular cameras, numerous methods are being explored for 3D reconstruction [10,
11, 34], however their implementations are often highly sophisticated, or rely on learning through
a training database - either drastically expanding the time required for implementation. While a
stereoscopic camera is more easily calibrated for disparity calculations and therefore point cloud
generation, initial trials resulted in poor alignment with undesired artifacting and would require
additional exploration.

Capture of Kinect data is easily managed through existing libraries. Through a collection of
calls, the PCL library can be used, in conjunction with the OpenNI library, to easily stream data
from the Kinect and convert it into a point cloud. Based on the depth and the 2D information,
points can be discerned and displayed in a 3D viewer. Figure 1 demonstrates two views of the same
point cloud captured from a Kinect.

Figure 1. Kinect Point Cloud From Two Views

3.2. Aligning Data. Within computer vision, the alignment of data is also referred to as regis-
tration. It involves finding the ’same’ or corresponding points between images, and determining
how they have changed or been transformed. When a projective transformation is involved, as is
often the case for images from cameras or eyes, then an homography may be computed to attempt
to align one image with the other.

The key problems within this alignment stage is three fold: generating corresponding points
(correspondence problem), determining the transformation, and ensuring accurate alignment.

In generating corresponding points, within 2D images the concept of keypoints and associated
descriptors are widely used. The idea is to find points (2D coordinates) within the image which
are sufficiently distinct as to not be confused with a similar point. The use of gradient, binning for
rotational invariance and multiresolution for scale invariance often play a role. These attributes
are then used to describe the given keypoint so that if it is found within another image, the differ-
ence between the descriptions is small. In an implementation, the descriptions become numerical
descriptors for the given keypoint, and a distance metric is defined.

Several methods for finding such keypoints are currently in existence. The Scale Invariant Feature
Transform (SIFT) [21] is the most widely used mechanism for keypoint finding as well as descriptor
generation. The resulting matching is highly reliable and may be repeatedly applied for successful
associations. The Speeded-Up Robust Features [3] is faster at finding keypoints, more stable than
SIFT at illumination changes, but isn’t as strong at rotational invariance. Other approaches include
Binary Robust Independent Elementary Features (BRIEF) [7], Oriented BRIEF (ORB) [28] or
Binary Robust Invariant Scalable Keypoints (BRISK) [19] but these often look to reduce the size
of the descriptors rather than improving the keypoint detection.

For 3D registration, it is possible to explore surfaces and curves as possible descriptors for the
3D points. However, the limited existing (and readily available) techniques. One such approach is
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the Normal Aligned Radial Features [32] which relies on an input range (depth/disparity) image.
As range images often exhibit jitter reliable keypoints are challenging to discern, especially within
scenes where the depth does not vary substantially. More exploration may be required.

Through trials on the sample scenes, it has been determined that for this application, it is more
effective to use SURF features over SIFT. Since the Kinect gives both the approximate depth
mapping along with the 2D RGB image, 3D keypoints are extracted by first finding the 2D SURF
keypoints, and then determining the position of the keypoint as it has been projected into the 3D
point cloud. This is readily performed since PCL organizes Kinect point cloud data for efficient
association. Figure 2 demonstrates the 2D and 3D keypoints from a given image.

(a) 2D Intensity Image (b) 3D Point Cloud

Figure 2. SURF Keypoints

For 2D registration and alignment, once corresponding keypoints have been determined, they
can then be used to establish the homography transform between the images. In the case of the
3D, there is a significant room for possible errors. For example, the resolution of the depth map is
low (480 × 640), exhibits jitter, and is directly aligned with the 2D image (since there is an offset
with the camera) although the hardware attempts to minimize this. Consequently, the resulting
keypoints often result in poor matching. Even employing Fastest Library for Approximate Nearest
Neighbour from the OpenCV library results in mismatching, as illustrated in Figure 3. Notice how
the blue keypoint of the rug on the right matches to a point on the TV screen on the left.

Figure 3. Bad Keypoint Matches

All that’s needed, however, to determine the transformation between the two point clouds is the
best possible matches. Consequently, a homography is computed that employs Random Sample
Consensus (RANSAC) [9] to eliminate poor matches. Since it is not the 2D homography that
is desired, we extract out the correspondences that were classified as being significantly better
based on the homography transform assumption. While it doesn’t eliminate all poor matches as
illustrated in Figure 4, it does reduce the match samples to a more plausible collection.
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Figure 4. Improved Keypoints Matches via RANSAC

Given these improved correspondences, a 3D transformation can be determined between the two
point clouds. A least squares solution is used to resolve the over determined system, which may
result in decent, but not quite accurately aligned clouds, as illustrated in Figure 5. Notice how the
walls of the two point clouds don’t align correctly.

Figure 5. Bad Keypoint Alignment (Top-Down View)

To resolve this poor alignment, existing techniques are explored. The Iterative Closest Point
approach was briefly explored, but found to require a strong initial alignment estimate. Instead the
Normal Distribution Transform (NDT), as described by Magnusson [22]. While slow to converge
requiring several seconds, it creates a cohesive point cloud as illustrated in Figure 6.

Figure 6. Merged Point Clouds from Different Views

It should be noticed that if NDT is used without prior initialization of the transformation from
the correspondence points, another poor alignment results (Figure 7).

3.3. Surface Construction. Finally, the 3D point cloud is converted into a mesh. This is per-
fomed through simple nearest neighbour triangulation. While the colours and texture of the mesh
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Figure 7. Bad NDT Alignment

are not yet captured, the results are visualized in Figure 8. Notice how the jitter from the depth
computation of the Kinect results in a bumpy surface.

(a) Overall (b) Close Up of Screen

Figure 8. Resulting Mesh

4. Results

A collection of different scenes were explored for 3D reconstruction.
Figure 9 illustrates basic alignment between two views from similar perspectives. Notice in the

matching how the highly detailed environment results in many positive features matches. This
results in an unnecessarily longer time to converge within the least squares transformation finding.
Prunning down the number of successful matches is a good way to reduce this bottleneck.

Notice also, how the background for the final merged point cloud has large holes missing. This
is due to the depth information being lost from the occlusion of the individuals in the scene. The
infrared capture stops at them, and misses the details behind. Merging an alternative viewpoint of
the Kinect camera would help to capture this occluded information.

Figure 10 illustrates how bad matching can result in poor convergence for the NDT alignment.
Notice that the valid matches cluster around points that will be in a similar location with 3D space,
and the final point erroneously matches the couch to the vase. Consequently this creates a poor
estimated transformation and poorly aligns the mesh.

Figure 11, on the other hand, doesn’t require many matches, but as they are all valid, and not
clustered around the same 3D location, able to better estimate the transformation between the two
spaces. Notice in the final point cloud how the arm of the chair which is partially occluded in each
picture is merged into a more cohesive unit.
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(a) Initial Point Clouds

(b) Keypoint Matches (c) Merged Point Cloud

Figure 9. Example 1 - Office Environment

(a) Initial Point Clouds

(b) Keypoint Matches (c) Merged Point Cloud

Figure 10. Example 2 - Bad Matching

8



(a) Initial Point Clouds

(b) Keypoint Matches (c) Merged Point Cloud

Figure 11. Example 3 - Reduced Matching

5. Conclusion

The works presented haved explored and attempted to over come the challenges faced in 3D
reconstruction. Initial data extraction is achieved through the use of the Microsoft Kinect. Data
alignment requires an initial transformation estimate through 3D correspondence finding. This is
then refined through the iterative alignment process of the Normal Distribution Transform. Finally,
the resulting merged point cloud is converted into a mesh using nearest neighbour triangulation.

Numerous limitations are faced by the existing approach. For example, by employing the Kinect,
one is limited to an indoor environment with relatively low depth resolution. The finer details and
bevels within a scene are lost, alongside the standard occlusion resulting from depth shadowing.
Additionally, due to the iterative alignment process, a good close estimate of the point clouds must
be determined during the initial data extraction. Applying the same process using a stereoscopic
camera or monocular video feed will require supplemental processing for this ’good’ initial input.
Finally, if there are insufficient matches between the different input images, due to low detail, poor
matches, or clustering of match points, then a poor initial transformation is generated, and often
results in a poor resulting surface. Identifying when this is the case maybe useful to avoid such
unhelpful input data.

Immediate areas of improvement include the construction of a reliable initial transformation by
improving matching. For example, if a 3D transformation is explored rather than the 2D homog-
raphy, perhaps RANSAC will generate better results. Furthermore, the simultaneous alignment of
streamed input, and not simply two point clouds, is beneficial for whole-environment reconstruc-
tion. For the alignment of streamed input, the keypoints and their descriptors must be stored
in 3D to help in the alignment of new data. Efficiency measures include reducing or eliminating
redundant keypoints, and ignoring input frames which do not significantly contribute to the overal
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scene construction. Finally, for this approach to be beneficial for overall surface construction, im-
mediate or near-realtime generation is important. Consequently the iterative approaches for mesh
alignment will need to be explored for speed improvements.

More fundamental extensions include the ability to identify and extract out independent objects
for subsequent analysis. Being able to determine an object, or entity’s plausible movement mecha-
nisms enable an animation-based modeling of the scene and can aid in a more expansive analysis
of the resulting environment.

This lays the fundamental building blocks for improving and expanding on high resolution re-
construction techniques. Highly detailed and accurate reconstruction techniques could enable in-
spectors of structures such as pipelines, bridges and buildings to identify surface-based weaknesses
or deteriorations due to environmental or mechanical stressors. Medical examinations could also
benefit from such approaches by capturing and comparing surface changes to patients in the iden-
tification of growths, tumours, moles and other deformations. As the computer can store such
information across many years, this vastly enhances the visual inspections, rough notes, and human
memory. Expanding upon existing knowledge and approaches for 3D reconstruction will broaden
our understanding of the world, as we facilitate the analysis of increasingly larger datasets and
overall environments.
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