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Abstract

Constructing High-Quality 3D Object Models Using RGB-D Cameras
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Professor Ming-Ting Sun
Department of Electrical Engineering

With the introduction of economical depth cameras, computer vision research has made a huge
leap forward in 3D reconstruction and understanding. However, the quality of the depth images
are limited: 1) depth images contain holes and random noise due to the characteristics of the
cameras and the physical world, and 2) depth images have a lower spatial resolution. These
challenges make 3D object reconstruction with a limited number of RGB-D frames a difficult task.
In this dissertation, we propose a method to construct 3D object models with a limited number of
RGB and depth frames. We developed a complete 3D object model construction process with
automatic object segmentation, pairwise registration, global alignment, model denoising, and
texturing, and studied the effects of these functions on the constructed 3D object models. We also

developed a process for objective performance evaluation of the constructed 3D object models.



High-quality depth images are paramount to create quality 3D object models. Many depth
denoising methods blur object boundaries. Partial point clouds created from depth images denoised
by these methods have artifacts that make them unsuitable for 3D object modeling. We propose a
method to find the clean depth edge image using the noisy depth image and a color image, then
use this clean depth edge image with the proposed edge and color aware adaptive trilateral filter
to obtain denoised depth images.

Finally, we propose to apply depth denoising and depth super-resolution in the 3D object modeling
process. We preprocess depth images with the proposed depth denoising method and a state-of-
the-art depth super-resolution method, then experiment the use of these preprocessed depth images
under various conditions in the 3D object modeling process. We show that depth denoising and

super-resolution can improve the quality of the 3D object models.
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Chapter 1. INTRODUCTION

RGB-D (Kinect-style) cameras are novel low-cost sensing systems that capture RGB images along
with per-pixel depth information in real-time. In this dissertation, we investigate the use of such
cameras for building a high-quality 3D model of an object with a limited number of available
views of the object. Such 3D object models have applications in a wide range of industries. We
developed a complete 3D object model construction process with object segmentation, pairwise
registration, global alignment, model denoising, and texturing, and studied the effects of these
functions on the constructed 3D object models. We also developed a process for objective
performance evaluation of the constructed 3D object models. We collected laser scan data as the
ground truth using a Roland Picza LPX-600 Laser Scanner to compare to the 3D models created
by the proposed process and other state-of-the-art methods and show the advantages of our
proposed approach.

One of the limitations of RGB-D cameras is that its depth image contains holes, noises, and
inaccurate depth measurements. The accuracy of various RGB-D related applications, such as 3D
modeling, suffers from these depth image errors. In this work, we propose a solution to the depth
image denoising problem by estimating depth edges that correspond to the object boundaries and
using them as priors with the edge and color aware adaptive trilateral filter. This method exhibits
quantitative and qualitative improvements over the current state-of-the-art methods.

The quality of depth images is limited by noise and relatively low resolution. Several approaches
have been proposed to denoise and super resolve depth images. We show that the quality of the
3D object models can be improved by using the depth denoising method proposed in this work
and a state-of-the-art depth super-resolution method to rectify depth images before the 3D object

modeling process.
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As part of the Ph.D. study, we have collaborated on malaria diagnosis and quantification with
Intellectual Ventures Laboratory in Bellevue, WA. The results of this work have been documented
in a paper. Since malaria diagnosis and quantification is not directly related to the 3D object
modeling work which is the main theme of this dissertation, we attach that work as an Appendix
of this dissertation.
The rest of this dissertation is organized as follows. In Chapter 2, we provide a brief background
overview of the Kinect camera and review Kinect Fusion which is often used for constructing 3D
scenes. In Chapter 3, we describe our proposed 3D object modeling framework. In Chapter 4, we
discuss our proposed algorithm for denoising and hole-filling the depth images. In Chapter 5, we
apply and evaluate the usefulness of denoising and depth super-resolution in the 3D modeling
framework. Finally, in Chapter 6 we conclude this work and discuss possible future work. Our

collaborative work with the Intellectual Ventures Laboratory is attached as an Appendix.



Chapter 2. RGB-D CAMERAS

2.1 BRIEF REVIEW OF RGB-D CAMERAS

Laser scanners and stereo cameras are able to output 3D data of an environment. Laser scanners
are precise but are slow to compute a full scan, and are expensive. Stereo cameras can be cheap
but require complex processing to compute depth estimations, and have poor depth estimations in
homogeneous areas. The revolution brought by the RGB-D cameras is the combination of the
features of these devices. RGB-D cameras are sensing systems that capture RGB images along
with per-pixel depth information. RGB-D cameras rely on active stereo, structured light or time-
of-flight sensing to generate depth estimates at pixels. While sensor systems with these capabilities
have been custom-built for years, now they are available at an economical cost and smaller form
factors. With the advent of economical RGB-D cameras, there is a significant interest in using
them for various 3D applications including 3D object modeling.

RGB-D cameras are capable of delivering real-time, reasonably accurate mid-resolution depth and
color data at an economical cost. However, one of the limitations of these cameras is that the depth
map is noisy and may contain regions without data due to the surface property of the object and
the occlusions caused by the locations of the infrared light projector and the sensors. Another
limitation is that the depth images are a relatively low resolution, thus the partial point cloud from
each frame is sparse. These limitations make the construction of high-quality 3D object models
using RGB-D cameras a challenging task.

Many RGB-D cameras available in the market. PrimeSense Carmine captures 640 X 480
registered color and depth images at 30 frames per second (fps). Depth images are captured using

structured light with an operating range of 0.35 to 1.4 m. Asus XtionPro Live also uses structured
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light which projects an Infrared light pattern on the 3D scene and based on the distorted pattern
calculates the depth images with 640 x 480 resolution from 0.8 to 3.5 m distance from the scene.
The RGB image resolution is 1280 x 1024 at 30 fps. Intel RealSense R200 is a stereo depth
camera with a depth resolution of 640 X 480 at 60 fps and full HD color resolution at 30 fps. The
depth range is 0.6 to 3.5 m. This camera is one of the few RGB-D cameras that can be used in
outdoor environment. Mesa SwissRanger 4000 and CamCube 2.0 are popular Time-of-Flight
(ToF) based depth cameras but neither of them collects RGB images.

We use Kinect cameras in our work because they are a good representative of the range of RGB-
D cameras available in the market, and popular within the research community. In the following

sections, we describe the Kinect cameras in detail.

211 Kinect V1

Microsoft Kinect was released in November 2010 as part of its Xbox gaming console. Kinect’s
software was developed internally at Microsoft, whereas, its hardware was developed by
PrimeSense. Following great interest by the research community, Microsoft released its official
Kinect SDK in November 2011. In addition to Kinect SDK, there are other open source
alternatives, such as libfreenect OpenKinect and OpenNlI.

Figure 2-1 shows the hardware components of Kinect. It has an IR (Infrared) projector, IR camera,
RGB camera, motorized tilt and a multi-array microphone. With this hardware, Kinect is capable
of recording RGB, IR, depth, skeleton and audio signals. Abiding by the needs of this work, we

limit our discussion to the RGB and depth data.
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Figure 2-1. The Kinect V1 camera with its hardware components labeled.

2.1.1.1 RGB Images

The RGB image is captured using a CMOS 3-channel color sensor with a Bayer color filter at a
frame rate of 30 fps. Each RGB frame has a 640 x 480 pixel resolution. Each pixel has 8 bits. It

is capable of capturing at a 1280 x 960 pixel resolution with a lower frame rate of 15 fps.

2.1.1.2 Depth Images

The depth image is acquired using an Infrared laser projector and a Monochrome CMQOS sensor
using structured light imaging. The IR projector projects a known, pseudo-random speckles, Near-
Infrared light pattern onto the 3D scene. The IR camera records the distorted light pattern. The
projected speckles’ size and shape depend on the distance and orientation of an object with respect

to the sensor. Kinect uses three different sizes of speckles for three different regions of distances.



7
In the first region, 0.8 — 1.2 m, it allows obtaining highly accurate depth surfaces of near objects.
In the second region, 1.2 — 2.0 m, it allows obtaining medium accurate depth surfaces. Finally, in
the third region, 2.0 — 3.5 m, it allows obtaining a relatively low accurate depth surface of far
objects. Each speckle in the reference image is triangulated to the observed pattern and its disparity
is measured. Using the calibrated speckle pattern, the 3D map of the beginning frame is computed.
Then the 3D map is renewed in the x-direction of speckle shift. Camera calibration parameters are
evaluated during the manufacturing process using a set of reference images taken at different
locations. Using the reference light pattern, calibration parameters and the measured distortion, the
real world distance is calculated inside the sensor.
The data from the IR sensor are represented in 11 bits, which includes 1 bit allocated to mark the
validity of the depth data. With 10 bits to represent the value, the IR sensor has 1024 levels of
sensitivity to store the disparity measurements. After converting to the real world distance in
millimeters — the depth image has 13 bits of data for each pixel with the low-order 3 bits for the
player index. The raw depth image resolution is 320 x 240 pixels. The spatial (x/y) resolution is
3mm and the depth resolution is 3mm at 2m distance from the camera plane.
Figure 2-2 shows an example of RGB and depth images captured by a Kinect V1 camera. In the
depth image, the black pixels represent pixels where no data is available. We can see that the depth
image has a lot of holes (where data are not available) and is very noisy. Also, the depth images

have relatively low resolution per frame.



(a) (b)
Figure 2-2. RGB (a) and Depth (b) image captured by Kinect from one view.

Errors in Kinect data may originate from: 1) the sensor due to inaccurate measurements of
disparities, inadequate calibration, or errors in the estimation of calibration parameters, 2) the
measurement setup is affected by the lighting condition and the imaging geometry, and 3) the
properties of the object surface. One of the limitations of Kinect is that it cannot work outdoors
because it is limited to a short range (about 3.5 m although it could be pushed to 8m with somewhat
unreliable depth accuracy) and its IR sensor cannot distinguish between the Sun’s IR and the
Kinect’s IR source due to insufficient contrast between the two. Also, its precision rapidly
decreases with the distance, and the depth map is noisy and may contain regions without data.

The depth image obtained by the Kinect sensor has a few shortcomings that are discussed here.
Holes are regions where there is no reliable depth information available. This occurs due to smooth
surfaces, shadows, occlusion and low/high reflectivity of materials. The lighting condition
influences the IR speckle pattern. In strong light, the laser speckles appear in low contrast in the
infrared image, which can lead to outliers or gaps in the resulting point cloud. Inadequate
calibration or error in the estimation of calibration parameters can lead to systematic errors in the
object coordinates of individual points. The IR sensor resolution is 1280 x 1024 pixels per frame.
However, the Kinect's processor can only process 320 x 240 pixels per frame due to the Xbox

360's USB2 bandwidth limitation. The Kinect camera has a relatively short normal operating range
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of 0.5 — 3.5m. The raw depth and RGB data are not aligned. To eliminate distortions in the point
cloud and misalignments between the color and the depth data, an accurate stereo calibration of
the IR camera and the RGB camera is necessary. This can be achieved using the Kinect SDK or
OpenKinect SDK.

Depth resolution is the minimum depth difference that can be measured. The depth resolution of a
Kinect camera decreases quadratically with increasing distance from the sensor. Thus, the errors
of depth measurements increase quadratically with increasing distance from the sensor. In general,
for 3D scanning applications, the data should be acquired within 1-3m distance to the sensor. At
larger distances, the quality of the data is degraded by the noise and low resolution of the depth
value measurements. Depth images also have a relatively low spatial resolution. Thus, each partial

point cloud created from a depth image is relatively sparse.

212 Kinect V2

Microsoft launched the next generation of Kinect V2 sensor (Figure 2-3) in 2014. Table 2-1
summarizes the Kinect V1 and V2 features. Kinect V2 captures in real-time, color images at full
HD resolution of 1920 x 1080 and a depth sensor having a resolution of 512 x 424 using the
Time-of-Flight (ToF) principle. ToF cameras estimate the distance to an object by measuring the
phase difference between the IR waves radiated by its emitter and the corresponding reflected IR
waves detected by its sensors. These values can be used to estimate the 3D geometry of the scene
directly. Kinect V2 also provides a wider field of view (70 degrees horizontally and 60 degrees
vertically), a similar working range (0.5-8 meters) and the same frame rate (30 fps) as its

predecessor. The depth capture mechanism has reduced dependence on scene illumination and no
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dependence on surface texturing. Since ToF depth sensing is used, the occlusion area is

significantly reduced and the depth values are more stable than the first generation Kinect.

Depth Sensor (IR
Camera + IR Projector)

,_&

Color Camera

status LED
Microphone
Array

Figure 2-3. The Kinect V2 camera with its hardware components labeled.

However, Kinect V2 shares the same imperfections as other ToF cameras which include depth
distortion, systematic error, and light scattering errors. Depth distortions and distance errors
happen when a small amount of received light from surfaces with low IR reflectivity. Systematic
errors arise due to IR demodulation error, integration time error, amplitude ambiguity and
temperature error. Light scattering errors, commonly known as the “flying pixels” phenomenon
occurs due to diffuse, specular, translucent and subsurface light scattering from objects like
mirrors, computer monitors, and object boundaries. Light interference affects the sensor when the
signal received by the detector is mixed with signals that were reflected in the scene multiple times
(instead of direct reflection), emitted IR waves are attenuated and scattered in the scene, and
interfered by other sources of near-infrared lights (e.g., sunlight, infrared marker-based tracking
systems, other ToF cameras). Hence, depth map restoration is still a crucial step for most depth
based applications.

Although Kinect V2 uses the same principle as the traditional ToF cameras, there exists a notable

difference on the IR illumination scheme. Comparing to SwissRanger 4000 and CamCube 2.0, the
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IR emitter of Kinect V2 is located only on one side of the IR sensor. This hardware configuration
creates holes due to the occlusions caused by the displacement between IR emitter and IR sensor.
Kinect V2 was discontinued by Microsoft on October 25, 2017. However, the techniques discussed

in this dissertation can still be used with other RGB-D cameras such as the Intel RealSense camera.

Table 2-1. Comparison between Kinect V1 and V2 features

Feature Kinect V1 Kinect V2
Color Camera 640 x 480 pixels 1920 x 1080 pixels
@30 fps @30 fps
Depth Camera 320 x 240 pixels 512 x 424 pixels
Max Depth Distance ~4.5m ~45m
Min Depth Distance 40 cm in near mode 50 cm
Horizontal Field of View 57 degrees 70 degrees
Vertical Field of View 43 degrees 60 degrees
Tilt Motor Yes No
Skeleton Joints Defined 20 joints 26 joints
Full Skeletons Tracked 2 6
USB Standard 2.0 3.0
Supported OS Win 7, Win 8 Win 8

2.2  RELATED WORK

The seminal paper KinectFusion [1] and its variants [2, 3] create 3D reconstructions of indoor
scenes using only the depth data captured by Kinect in real time. Figure 2-4 (a) illustrates the
process for creating a 3D model and (b) shows the main components of the algorithm using Kinect
Fusion. This system relies on scanning with the slow motion of the Kinect camera and high

cluttered environment to maintain its tracking. KinectFusion relies on spatial and temporal
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averaging to reduce the noise. In the registration of the 3D partial point clouds from different
views, KinectFusion uses the ICP (Iterative Closest Point) algorithm [4, 5, 6] which requires the
3D partial point clouds to be close to each other. Thus, the scene has to be scanned slowly in order
to make sure the neighboring views have significant overlaps so that the denoising and the
registration work well. Also, to fill the holes in a particular location in the 3D model, one has to
scan the scene slower and take more data at that location. Another potential problem is that in the
registration KinectFusion relies on salient structural features in the registration, thus, it may have
difficulty in handling objects lacking salient structural features (such as cylindrical or round
objects) and when the texture information of the 3D model is also needed. CopyMe3D [7] proposes
an approach to create 3D models of people sitting on a swivel chair and scanned by a Kinect as
shown in Figure 2-5. Their algorithm utilizes the frames available in the RGB-D video captured
by the Kinect. Both KinectFusion and CopyMe3D use continuous video feed (30 fps) from the
Kinect with human control so that adjacent frames have significant overlaps. ReconstructMe and
KScan are two commercial products that use Kinect to create 3D models of objects.

In this work, we investigate a scenario where only a limited number of views from Kinect are
available for constructing the 3D object models. Since only a relatively small number of frames
are available, the overlapped areas between frames from different views can be rather limited, and
thus, the denoising and registration as in KinectFusion or CopyMe3D may not be as effective.
Also, the algorithm needs to be able to take care of objects lacking salient structural features and
provide good texture for the constructed 3D object models. Our proposed framework in Chapter 3
overcomes these problems. Specifically, in the registration process, we add an initial registration
step using RANSAC (Random Sample Consensus) before the ICP fine registration. We also

modify the ICP algorithm to include texture features and more robust outlier rejections so that it
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can handle objects without salient structural features. We detect the loop closure and perform
global alignment to overcome the error-propagation problem. We also perform model denoising
and texturing to remove the noise and give texture to the 3D object models. Our Chapter 4 and

Chapter 5 deal with the noise and limited resolution issues of the depth images.

Raw Depth
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Figure 2-4. Overview of KinectFusion: (a) The setup for creating a 3D model using Kinect.
A Kinect is slowly moved around the scene. (b) Flowchart of the KinectFusion algorithm.

Figure 2-5. Overview of CopyMe3D. Courtesy of [7].
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Chapter 3. 3D OBJECT MODELING WITH A KINECT CAMERA

3.1 BACKGROUND

3D object modelingis the process of developing a representation of the three
dimensional surface of an object. A 3D model can represent a 3D object using a collection of points
in the 3D space known as a 3D point cloud. These points can also be connected by various
geometric entities such as triangles, lines, and curved surfaces. 3D models help to understand
complex geometries that are hard to comprehend using 2D images. There are a plethora of 3D
modeling applications. The medical industry uses 3D models of organs. The movie industry uses
3D models as characters for animation in motion pictures. The video game industry uses them for
computer games. The architectural industry uses them to create replicas of proposed buildings and
landscapes. The engineering community uses them to design new devices, vehicles, and structures
as well as other uses. 3D models can also be the basis for physical devices that are built with 3D
printers/copiers or CNC machines.

With the advent of economical depth cameras, such as Kinect, there is a significant interest in 3D
modeling research. A notable system KinectFusion [1] and its variants [2, 3] create 3D
reconstructions of indoor scenes using only the depth data in real time. This system relies on
scanning with the slow motion of the Kinect camera and high cluttered environment to maintain
its tracking to create 3D models of the scene. To obtain a 3D model, one has to scan the scene
slowly and take more data in difficult locations to fill the holes in those locations and maintain the
stability of the image alignment in the 3D model. It relies on spatial and temporal averaging for
denoising. Thus, in the situation when there is only a limited number of views are available, the

denoising may not be effective. Also, when only a limited number of views are available, the
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overlap region between adjacent views may be small which could cause problems for Iterative
Closest Point (ICP) registration. Another problem is that since the sensor is moving slowly, during
the process of capturing, deformable object movements could cause registration and reconstruction
problems. Also, since ICP registration only uses structural information, it may encounter
difficulties when objects lack salient structural features (e.g., symmetrical objects).

Our target applications vary from the applications of the above mentioned work. In many
applications, only a limited number of views may be available due to various constraints. For
example, in a photo-booth application, a user may capture multiple views of an object with
multiple Kinect cameras simultaneously. Simultaneous data capture will prevent problems caused
by deformable objects. Our focus is to reconstruct a high-quality 3D model from a relatively
smaller number of views of the object. In these situations, due to the limited number of views,
there can be a significant shift between two adjacent views of the object. This introduces additional
challenges such as the need for a better alignment and denoising process to efficiently utilize the
available data. The 3D object model should have both structure and color texture information. We
are also interested in methods for creating high-precision 3D models with a relatively low cost for
these applications.

This chapter is organized as follows. In Section 3.2, we describe our proposed 3D object modeling
framework. In Section 3.3, we discuss the denoising and the texturing for 3D object models. In
Section 3.4, we discuss the evaluation of the 3D object models and compare the results obtained
using our proposed approach with the results using laser scanners and other state-of-the-art

approaches. Section 3.5 concludes this chapter.
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3.2 3D OBJECT MODELING FRAMEWORK

Figure 3-1 shows a framework for the 3D object modeling process with an RGB-D camera such
as Kinect. To simplify the automatic segmentation process, an object is placed in front of a green
background. In the framework, first, the synchronized RGB and depth images of the object is
captured using a Kinect from different angles. The foreground object is then segmented out from
the background and represented in a 3D point cloud using the corresponding RGB and depth data.
The partial 3D point clouds from different views are then registered together to form a complete
3D point cloud for the object. We will address various issues in each step.

There are many different approaches for registering the partial point clouds. In this work, we use
a coarse-to-fine scheme for registration followed by a global alignment to prevent error
propagation. In the coarse registration step, the partial 3D point clouds of the first two neighboring
views of the object are aligned through a coarse registration algorithm such as RANSAC based on
the SIFT feature matching [8, 9]. This initial registration is further refined by a fine registration
algorithm such as ICP. The coarse alignment helps the convergence of the fine registration step to
achieve stable and precise alignment. After the fine registration, we have the 3D point cloud
combining these two views. The 3D point cloud of the next view is then registered with this
combined point cloud. The process continues until the loop is closed, i.e., all the views from a
complete scan of the object have been registered into a complete 3D point cloud. Due to error
propagation, the last view of the object may not align very well with the 3D point cloud of the first
view. We perform a global alignment to adjust the model to minimize the misalignment due to the
error propagation. After that, the combined 3D point cloud model is de-noised to result in the 3D

object model. The model can be transformed to other 3D representations such as polygon mesh,



17
volumetric representations [10], or Surfels [11] for different applications. In the following sub-

sections, we provide details regarding the process.

{ Point cloud ][ Point cloud ] [ Point cloud ]
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Point cloud 1 Point cloud 2
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(@) (b)
Figure 3-1. (a) A flowchart of the Kinect based 3D object modeling process. Partial point
clouds are registered to form the complete 3D point cloud. Global alignment is performed to
align the last view with the first view. Model is then de-noised, followed by surface

representation and color texturing. (b) The point-cloud generation and registration process.

3.2.1  Object Segmentation from the RGB-D Images

General object segmentation is an ill-posed problem. Since the 3D object modeling can be done in
a controlled environment, we use color-based segmentation to get a good segmentation of the
object from the RGB image. Specifically, we place the object on a green surface and in front of a
green screen as illustrated in Figure 3-2, and implement an algorithm to automatically segment out

the object from the RGB image.



18

(b)
Figure 3-2. Object placed in the green background and the captured RGB (a) and Depth (b)

images.

In the algorithm, we first convert the RGB image into the HSV color space. The HSV color space
is a more appropriate color space for color based segmentation because hue component is close to
the human visual system’s perception of colors. We require the algorithm to be robust to changes
in illumination. The need is to classify a pixel as foreground or background based on its intensity.
A thresholding function f(h, s, v) — a is applied to every pixel in the RGB image to obtain the
object label. o = 0 means the pixel is a background pixel, and o = 1 means the pixel is in the
foreground object. Morphological operations are performed to close small holes in the mask. This
foreground object mask, which was obtained from the RGB image, is then applied to the depth
image. Figure 3-3 illustrates an example of the segmentation result. With the cropped RGB and

depth images, the 3D point cloud of one view can be generated.
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(b)
Figure 3-3. (a) and (b) show the RGB and depth images, respectively, with their object

boundary highlighted, and the object boundary obtained from the segmentation mask.

3.2.2  Registration

In KinectFusion and related methods, initial pairwise alignment is not performed [1, 2, 3]. These
methods use a video stream of RGB and depth data from the Kinect, which is capable of streaming
data at 30 fps. Hence two adjacent frames are sufficiently overlapped with no significant changes
in viewpoints. This eliminates the need for an initial alignment before the data is fed to the Iterative
Closest Point (ICP) algorithm to align the two point clouds. However, in our case, we have frames
with limited overlapping regions. ICP could perform poorly if these frames are directly fed to it.

For this reason, we employ a coarse to fine registration procedure as described below.

3.2.2.1 Initial Registration

With the RGB and depth information, we first use the RANSAC algorithm to perform a coarse
alignment. In the coarse alignment procedure, point clouds from different views are roughly
registered based on the SIFT features in the RGB image.

Given the RGB and depth images of two views from the Kinect camera, we obtain two 3D point

cloudsp = {p; ...py} and q = {q; ... qi }, where N and M are the numbers of points in the two 3D
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point clouds, respectively. The SIFT feature points are extracted from the two RGB images. After
the initial alignment provided by the RANSAC process, we find the set of SIFT feature
correspondence 3D points as cf = {(pf1, gf1) ... (pfi, gfL)} where pfiand gfi are the corresponding
SIFT feature points in p and q, respectively, and L is the number of matched SIFT feature point

pairs.

3.2.2.2 Fine Registration of 3D Point Clouds Fusing Structural and Photometric Information

The second phase of registration is the ICP based fine registration. The standard ICP algorithm
aligns two point clouds by iteratively associating points through a nearest-neighbor search and
estimating the transformation parameters using a mean square cost function [5]. Define T® as the
transform matrix after the k™ iteration. T© is the transform after RANSAC and before the ICP
iteration.

For the k" iteration (k=1, 2 ...) in the fine registration process:

For each point p; in the point cloud p, find its corresponding point gi"® in q with the closest

distance:

*(k) _ . . m(k-1)
; = arg| min ;T —q; 3.1
q; q}g[q}_e{q}(llpl CI;”)] (3.1)

Then the following error function is minimized to get the optimal transform matrix T.

£ = Spepr|p 7= 4% (32)
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While the ICP algorithm has been widely used for dense point cloud matching, it is limited in its
ability to produce accurate results, especially in challenging scenarios involving objects lacking
structural features or undergoing significant camera view changes. To address this problem, we
used a fine registration algorithm we proposed [12]. A SIFT-based term is added to the cost
function to overcome the problem associated with the case of objects lacking structural features.
To utilize the structural information of the 3D points without intensive computation of the SIFT
descriptor for every 3D point, a constraint involving the spatial distances of the SIFT feature
corresponding pairs which are readily available in the iterations is added. This added term
effectively constrains the convergence to the correct direction which minimizes the spatial
distances of points with structural features and texture features. In addition to this constraint, a
dynamic weight is used to properly balance the significance of structural and photometric terms.
Moreover, since the initial registration is not perfect, some of the SIFT points may not be exactly
paired. Thus, some of the correspondence pairs with large distances are rejected. This is achieved
by the outlier rejection method which adaptively utilizes both the statistics of structural

characteristics and the spatial distances of SIFT correspondence pairs.

3.2.3  Global Alignment

In the pairwise registration process, registration errors could accumulate as more point clouds are
added to the model. Figure 3-4(a) illustrates the effects of this error accumulation. Slight
inaccuracy at each pairwise registration step leads to a significant misalignment between the last
and first frame. This error could be eliminated by a global alignment which is to detect the last
frame of a loop closure, register the frame with its previous frame and the first frame, and distribute

the error evenly amongst other frames. Figure 3-4(b) demonstrates the global alignment using the
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loop closure constraint [13]. Suppose a camera has turned 360 degrees, the first frame and the last
frame should have an overlapping region. Using this additional constraint, we can establish a

global optimization process to minimize the mismatching.
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Point Cloud N Point Cloud 2
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Figure 3-4. Global alignment (a) shows a 3D model obtained without the global alignment.
The red highlight shows the result of error propagation when global alignment is not performed.
(b) shows the loop closure situation.

Global alignment algorithms reported in [13] and [14] are able to align data when the scanning
process is unknown. However, we know the scanning process used in our data acquisition process.
We assume that the object is scanned 360 degrees in either clockwise or counter-clockwise
direction. We use this information to simplify the global alignment algorithms presented in [13]
and [14]. Specifically, we simplify the loop closure detection in Explicit Loop Closing Heuristic
(ELCH) [14] using the constraint described above. Our implementation is summarized in Figure

3-5 and the algorithm is described in detail in the following sub-sections.
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Figure 3-5. The global alignment procedure used to eliminate error accumulated due to the

pairwise registration.

3.2.3.1 Loop Closure Detection

Our loop closure detection algorithm is based on the assumption that the camera scans the object
in either clockwise or counter-clockwise direction. It should be noted that the algorithm in [14]
does not assume the scanning direction. Our loop closure detection algorithm is described in
Algorithm 3.1. Given the initial pairwise registration, we first compute the fraction of overlapped
3D points between any previous frame j for each frame i such that j < i. Loop closure occurs
between two non-consecutive frames which have the largest fraction of overlapping 3D points than

any other two non-consecutive frames. We use this criterion to detect the loop closure. As shown
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in Figure 3-5, after loop closure is detected, we proceed with the global alignment procedure which

is detailed in the following section.

Algorithm 3.1. Loop Closure Detection

Input: Pairwise aligned 3D points from N views. Set i =1... N (consistent with the scanning order).
Output: Loop closure pair frames <start, end>
fori=1: N

1. Compute the fraction fijwhich is the ratio between the 3D points in the overlapping region

between frame i and any other frame j (i < j)) to the total 3D points in frame i.
2. iff;; > fij—q1and f; ; > threshold, add <i, j> into the loop closure candidates set S.
end

Pick up <i, j>in S such that f; ; is the largest.
start < i, end «j.

Previous techniques have used the Euclidean distance between each frame and all previous frames
along with a threshold of a minimal number of intermediate scans [14] to detect loop closures. The
above algorithm is computationally less complex than computing the Euclidean distances between

each frame and all previous frames.

3.2.3.2 The Global Alignment Procedure

When a loop closure is detected, we formulate a loop graph with each vertex representing one
frame of the 3D point cloud. The edge between the successive frames is the pairwise pose
transformation. We first use ICP to align the first and last frame with loop closure and get the
transformation AX. If the pairwise registration does not have any errors, AX should be close to an
identity matrix. Therefore, the non-identity AX can be regarded as the error of pairwise registration

and can be distributed among all poses in the loop to minimize the loop closure mismatch. In order
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to achieve a consistent map, we need to calculate the weights for the vertices that specify the
fraction of AX by which the transformation needs to be changed and the weights are computed as

follows:

= d(vs,vi)
: d(vs,ve)

(3.3)

where v is the first vertex in the loop and v, is the last one. d(v;, v;) is the sum of the edge
weights c; ; on the path from v, to vy. ¢, ; is the distance between v; and v;. For each point cloud,
using the Spherical Linear Interpolation (SLERP) model [15, 16], we can transform the
optimization problem into k dimensional (k=4, i.e., three for the position and one for the quaternion
describing the rotation) sub-problems and compute the corresponding fraction w; of the

transformation. The final modified transformation for each frame i after the optimization is:

T, = AX - w; (3.4)

The whole process is repeated several times until the convergence is achieved.
Figure 3-6 shows the 3D modeling result before and after our global alignment. The global
alignment has eliminated the discrepancy between the first and the last frames used to create the

3D model.
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Figure 3-6. Modeling result after the global alignment. (a) Before the global alignment (after

pairwise registration) (b) After the global alignment procedure.

33 MODEL DENOISING AND TEXTURING

3.3.1 3D Object Model De-Noising

After the registration and the global alignment, the 3D model is well registered. However, it is still
very noisy. Due to the inaccurate depth acquisition from the depth camera, the noises make the
points deviate from their original positions when projected to 3D. Therefore 3D point cloud de-
noising is needed to refine the 3D object model. It should be noted that although we have tried to
refine the depth image in the pre-processing stage using a joint bilateral filter [17], it actually
introduces unwanted noises in the 3D space. Figure 3-7 shows the effects of depth image de-
noising in 3D projection. Although holes are filled up in the 3D view, unexpected noises appear

around the edges of the flat plane.
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(a) (b)
Figure 3-7. Effects of depth image de-noising in 3D projection. (a) 3D point cloud before de-

noising the depth image. (b) 3D point cloud after de-noising the depth image using a joint
bilateral filter.

It is evident from Figure 3-7, that filtering of the depth map may introduce extra noise. Hence we
need to denoise the 3D object model. In this work, we use the Moving Least Squares (MLS) 3D
model denoising method [18]. MLS uses the assumption that on a 3D surface, the 3D point set
defines a manifold. The purpose of MLS is to find the manifold that the input 3D point set defines.
Based on the manifold assumption, we can approximate the MLS surface by a function.

Let p; € R3,i € {1, ... N} be points in the noisy 3D point cloud. The goal is to project the points
onto a two-dimensional surface that approximates p;. For each small local neighborhood in the
point cloud, we fit the points by a local tangent plane H. Denote the height of p; over H as ph;, we

can estimate a polynomial approximation g so that the weighted squares error:

L1 y) — ph)?6(llp; — hll) (3.5)
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is minimized, where 8 is a smooth monotonically decreasing function, which is positive on the

whole space (e.g., Gaussian approximation in our implementation). (x;, y;) is the coordinate of

t
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[18].
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Figure 3-8. Modeling result of MLS based de-noising. (a) Before 3D de-noising (after
registration). (b) After MLS de-noising.
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3.3.2  Meshing and Texturing

The initial 3D model is represented in point clouds. In many situations, we also like to represent
the 3D models in other representations and with texture. Performing meshing and texture mapping
can make the model resemble the real-life object. For this purpose, we triangulate the point clouds
to build a mesh surface and then map the RGB color from the RGB image to the mesh.

The built 3D point cloud based model can be converted to other 3D representations. For our 3D
modeling application, we use the Delaunay triangulation method [19] to convert the 3D point
clouds into meshes. A Delaunay triangulation for a set P of points in a plane is defined as
a triangulation DT(P) such that no point in P is inside the circumcircle of any triangle in DT(P).
Delaunay triangulations maximize the minimum angle of all the angles of the triangles in the
triangulation; they tend to avoid skinny triangles. Figure 3-9 shows a Delaunay triangulation with
circumcircles shown. When points are connected to from Delaunay triangles, we can interpolate

space inside the triangles to get a locally smoothed surface.

Figure 3-9. A Delaunay triangulation in the plane with the circumcircles shown.

After meshing, we assign the color to each vertex and simply interpolate the color in each triangle

faces. This texture mapping requires that the resolution of triangulation should be high enough so
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that interpolation will not introduce many artifacts. Figure 3-10 (a) shows the meshing results of a
chip bag by using the Delaunay triangulation algorithm. Figure 3-10 (b) shows the meshing results

of the chip bag after texture mapping.
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Figure 3-10. 3D Modeling result of meshing and texturing. (a) Meshing (b) Texture

Mapping.

3.4 EVALUATION OF 3D KINECT MODELS

3.4.1  Comparison of Kinect Model Point Cloud with the Point Cloud of a High-End Laser

Scanner

To investigate the error in a 3D model obtained using Kinect data, a comparison was made with a
point cloud obtained by a high-end laser scanner. The 3D model point cloud was obtained from

the RGB and depth images of a Kinect V1 or Kinect V2 sensor using the above-outlined procedure.
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The laser scanner point cloud was obtained from the same object by a calibrated Roland Picza
LPX-600 laser scanner. The Roland Picza LPX-600 laser scanner is a compact and enclosed
scanner that produces high-resolution point cloud of objects using a non-contact red laser and high-
quality optics to capture parts. The nominal range accuracy of the laser scanner is +/-0.05 mm [20].
It was therefore assumed that the laser scanner point cloud is sufficiently accurate to serve as a
reference to evaluate the Kinect point cloud. In the absence of any systematic errors, the mean

square of discrepancies between the two point clouds is expected to be close to zero.

3.4.2 Error Calculation

We propose the following methodology to calculate the error between the 3D model constructed
and the 3D point cloud obtained from the laser scanner which is used as the ground truth. One
difficulty for evaluation is that the 3D point cloud of the object model may contain much fewer
points compared to that from the laser scanner. Also, the points in the 3D point cloud of the object
model may be at a different location from those from the laser scanner.

Assume the 3D object model contains R, points, and the ground truth 3D point cloud contains R,
points. We first randomly sample R points from the ground truth 3D point cloud and the 3D object

model, such that:

R = min(Ry,R,) (3.6)

To enable this analysis, first, an accurate registration of the two point clouds is necessary. The
registration accuracy is important because any registration error may be misinterpreted as an error

in the Kinect 3D object model. We use the coarse to fine registration methodology described before
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and illustrated in Figure 3-11 to align the two point clouds. First, RANSAC is applied to the point
clouds of the two 3D models to coarsely align the two point clouds. Then we use the proposed
improved ICP registration to achieve an accurate fine registration. Now the misalignment between
the point clouds represents the error between the two point clouds. This error is quantified using

Root Mean Square Error (RMSE). The RMSE is calculated as:

RMSE = |2 5,p(x,3,2) - a(oy, 21 @)

where p(x, vy, z) and q(x, y, z) are corresponding points in the Kinect 3D object model point cloud
and the laser scanner point cloud respectively after alignment. Since the points from the laser
scanner are random sampled, we repeat the process five times and average the resultant five
RMSEs to get a consistent result. Figure 3-11 and Figure 3-12 illustrate the error calculation

process using two example point clouds.

3D Point Cloud model 1 3D Point Cloud model 2

RANSAC Coarse Alignment

ICP Fine Registration

Compute Root Mean
Square Error of alignment

Figure 3-11. Methodology for calculating the error between two models.
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(a) (b) (c) (d)

Figure 3-12. An illustration of error calculation methodology. (a) and (b) are point cloud
representations of two 3D models. (c) Result obtained by applying RANSAC. (d) Result
obtained by applying ICP fine registration on (c). Note the error between the two models.

In order to evaluate this error calculation methodology, a subset of p points from the laser point
cloud is randomly sampled. The same point cloud is again randomly sampled to get another subset
of p points. Each 3D model has a varying number of points. Hence p is chosen to be at least 80%
of the total number of points in a point cloud. The error between these two randomly subsampled
point clouds are calculated. Since these two point clouds are subsets of the same initial point cloud
the error between these point clouds should be close to zero. We use the four objects shown in
Figure 3-13 to evaluate the results. The results obtained in this experiment are given in Table 3-1.
One can observe that the RMS error is indeed close to zero, thus validating the proposed error

calculation method.
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(a) (b) (©) (d)

Figure 3-13. Objects used for evaluating the results (a) Biscuit box, (b) Nut container, (c)

House model, and (d) Mug.

Table 3-1. The root mean square error between two randomly subsampled point clouds from

the same laser point cloud.

Object Root Mean Square Error (mm)
Biscuit box 0.270
Mug 0.581
House model 0.440
Nut container 0.142

An example of the measured errors of the objects using our proposed process compared with
KinectFusion using a Kinect V1 camera is shown in Table 3-2. As can be seen from the table, the
results obtained using our proposed approach is, in general, more accurate. Most importantly, when
the number of frames of an object is relatively small, KinectFusion shows convergence problems
and has difficulties in constructing the 3D object model. While the proposed approach shows no

problem in converging.
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Table 3-2. Comparing results with KinectFusion for 3D object model construction using

Kinect V1.
Number of Average RMSE (mm)
frames —— -
Biscuit Box Nut Container House Model Mug

KinFu | Our3D | KinFu | Our3D | KinFu | Our3D | KinFu | Our 3D

model model model model

65 3.284 2.597 3.939 1.724 2.974 3.088 3.025 3.183
55 4.362 2.732 5.237 1.801 3.482 3.228 3.892 3.259
45 Failed 2.863 Failed 1.932 3.927 3.362 4.823 3.468
35 Failed 2.959 Failed 2.066 Failed 3.485 Failed 3.621
25 Failed 3.099 Failed 2.189 Failed 3.609 Failed 3.798
15 Failed 3.298 Failed 2.311 Failed 3.784 Failed 3.918

We also perform the experiments with Kinect V2. The results are shown in Table 3-3. The results

are more accurate and similar conclusions can be drawn.

Table 3-3. Comparing results with KinectFusion for 3D object model construction using

Kinect V2.
Number of Average RMSE (mm)
frames — -
Biscuit Box Nut Container House Model Mug

KinFu | Our 3D KinFu | Our 3D KinFu | Our 3D KinFu | Our 3D

model model model model
75 0.93 0.44 0.86 0.49 1.05 0.45 1.19 0.51
60 2.55 0.59 2.46 0.59 Failed 0.57 Failed 0.73
45 Failed 0.61 Failed 0.67 Failed 0.71 Failed 0.85
30 Failed 0.79 Failed 0.95 Failed 0.89 Failed 0.99
15 Failed 0.98 Failed 1.23 Failed 1.14 Failed 1.35
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3.5 CONCLUSION

In this chapter, we present our work on 3D object modeling using a Kinect camera. We investigate
the use of such cameras for acquiring RGB and depth images of small objects from a limited
number of viewpoints and building a complete 3D model of the object. We address problems such
as fine registration, global alignment, texture mapping, denoising, and objective error
measurement of the 3D object models. For future work, we will investigate various denoising and

other techniques to further improve the 3D models.
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Chapter 4. OBJECT BOUNDARY BASED HOLE-FILLING AND
DENOISING FOR KINECT DEPTH IMAGES

4.1 BACKGROUND

Popular commercial RGB-D cameras are able to simultaneously capture color images and depth
images at an economical price. However, the quality of the depth images is degraded by various
holes and noises which may occur in the depth images along the boundaries of objects, and in
smooth, shiny, reflective or dark surfaces. For example, a Kinect depth image and its associated
color image is shown in Figure 4-1. Shadow holes caused by the displacement between the IR
projector and IR sensor, generally occurs along object boundaries in depth images as highlighted
in red in Figure 4-1. Additionally, depth sensors often are unable to accurately estimate the depth
values of smooth, shiny, reflective, and dark surfaces because IR rays reflected from these surfaces
are weak or scattered. This results in random noises in depth images as highlighted in green in

Figure 4-1, hence, making the raw depth images unsuitable for various 3D applications.

Figure 4-1. A depth image and its corresponding color image obtained from a Kinect camera.
A sample of a shadow hole is highlighted in red and a random noise is highlighted in green.
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Depth hole filling and denoising is challenging because it needs to accurately estimate depth while
preserving depth discontinuities around object boundaries. In the process, the accurate detection
of the object boundary plays a critical role. Researchers have been using information contained
within the depth image and the color image to rectify errors in the depth image. The problem with
using color edges to fill hole-pixels is the appearance of texture copy on the recovered depth image
and the inability to distinguish depth edges between objects with similar color. The problem with
using only depth is the potential to smooth object boundaries. Many approaches for denoising and
hole-filling for depth images have been proposed in the literature. They fall into one of the
following broad categories: 1) filtering based [21, 22], 2) plane-fitting based [23, 24], and 3)
probabilistic methods [25]. Filtering based approaches use variations of bilateral filters to denoise
the depth image. However, due to the false edges from the texture of color images, illumination of
the scene, or weak edges due to the similar color of the object and the background, the bilateral
filters or the variations of thereof may not produce the best result. Authors of [26] fill hole-pixels
by iteratively applying a joint bilateral filter based on color intensity, the depth value, and temporal
consistency. The method relies on depth values, not the depth edges. This leads to blurring the
depth edge when the foreground object has a similar color as the background. Also, the Gaussian
kernels used in the bilateral filter could cause some blurring due to the effect of pixel values on
the opposite side of an edge. Authors of [21, 27] propose using the color image as a guide to fill
hole-pixels, which lead to blurring and texture copy effects. Authors of [28] propose a trilateral
filter that takes spatial distance and structural similarity into account. The trilateral kernel is
expensive to compute and smoothed some object boundaries. Plane fitting based methods such as
[23, 24] fit planes to neighborhood pixels to estimate the hole-pixels. However, they assume that

the depth image consists of smooth slowly varying depth values inside the holes without
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considering the depth discontinuities inside the holes from object boundaries. Thereby, these
methods fail when there are object boundaries inside the holes and in complex scenes consisting
of multiple objects with complex geometries. For an example of the probabilistic methods, an
autoregressive model with color images is proposed in [25]. Though this method produces
qualitatively good results in large structures, it blurs smaller object boundaries.

The main contribution of this work is that, compared to previously published works which mostly
focus on using bilateral filtering to fill the holes, we propose an approach which focuses on
constructing edges which correspond to the true object boundaries and using them to guide the
hole filling process. We propose a novel depth edge estimation algorithm which estimates depth
edges using information from the color edges and noisy depth edges by observing the statistics of
the neighborhood depth pixel values and the corresponding color image. Inside the hole regions,
we rely on edges from color images to recover the sharp object boundaries. We use adaptive
thresholds in the edge detector to detect faint color edges in the hole regions. This enables the
algorithm to find edges even when the foreground object and background have a similar color. We
differentiate the holes generated by random depth errors and the holes that may contain object
boundaries, and process them differently to produce better results. It produces a clean depth edge
image with edges corresponding to the true object boundaries which are important to guide the
hole-filling and denoising process. This refined depth edge image can be used in various other
applications, such as depth denoising and object segmentation. In the hole-filling process, we use
a trilateral filter to prevent pixels from the opposites of an object boundary being used as reference
pixels which could cause the depth edges to be blurred. We also use an adaptive window size for
the trilateral filter to make sure there are enough available depth values in the support region to

generate reliable interpolations. Experiments show that our proposed edge detection algorithm can
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extract edges without including non-boundary edges caused by the texture or illumination variation
in the color image and edges caused by holes or noisy pixels in depth images.

The rest of this chapter is organized as follows. Section 4.2 describes the proposed method in
detail. Section 4.3 shows the quantitative and qualitative advantages of the proposed method using

various datasets. Finally, Section 4.4 concludes the chapter.

4.2 PROPOSED METHOD

To recover the pixels in the hole-regions of depth images, we propose a method as demonstrated
in Figure 4-2. The basic idea is to reliably estimate the depth edges which correspond to true object
boundaries based on both color and depth information and then use them to guide the hole-filling
and denoising process.

First, edges are extracted from the input color and raw depth images using the Canny edge detector.
The edges extracted from a raw depth image include edges that correspond to true object
boundaries and many false edges from random noise and holes in the raw depth image. The edges
that coincide with true object boundaries are determined by using the presence of non-hole depth
pixels in the local neighborhood of the corresponding raw depth image. These edges are preserved
while the remaining edges caused by random noise and holes in the raw depth image will be
removed. Edges in the hole regions of the raw depth image are extracted from the edges of the
related color image. An adaptive threshold is used in the Canny edge detector to detect color edges
so that even when the foreground and background have a similar color the edge can still be
detected. Subsequently, the edge information obtained from the raw depth image and its related
color image is combined to produce a refined depth edge image containing depth edges that

correspond to the true object boundaries.
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Second, the refined depth edge image is used as a guide in an edge and color aware trilateral filter
with an adaptive window-size to fill the holes in the depth image. When a hole-pixel in the depth
image is filled using the edge and color aware adaptive trilateral filter, only depth pixels on the
same side of the object boundary are used. Therefore, object boundaries in the refined depth image
are preserved because the trilateral filter does not perform Gaussian averaging across edges. The
order of applying the trilateral filter to fill the hole could significantly affect the result. We
determine the order based on the number of available pixels in the local neighborhood of the hole-
pixels. The hole-pixels are filled from the perimeter of a hole and grown inward to completely fill
the entire hole. The size of the local neighborhood used to fill a depth hole-pixel varies adaptively
based on the number of non-hole pixels in its vicinity. The objective is to use more non-hole pixels
in the trilateral filter, which leads to the estimated depth pixel values being less affected by random

noise in the raw depth image. The process is described in detail in the following sections.

RGB image C RGB edges

Clean depth edges Hole-filled depth
E

Noisy depth image Noisy depth edges
Din Ein
|

Figure 4-2. lllustration of the proposed method. Given a noisy depth image and the color
image, the corresponding edge images are extracted. These edge images are used to produce a
clean depth edge image, which along with the noisy depth image is used to produce the hole-

filled depth image.
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4.2.1  Color edge extraction

Edges in color images occur due to discontinuity in surface color, illumination or object boundary.
The objective of this color edge extraction module is to be sensitive to the edges in the color image
and be able to extract all possible edges in the image even when the foreground and background
have similar colors. The subsequent processes will select the edges caused by the object boundaries
and reject the edges caused by color texture and illumination changes.

The edges of the input color image were extracted using the Canny edge detector [29]. The first
step of the Canny algorithm is calculating the gradient magnitudes and orientations of the Gaussian
filter smoothed color image. Then local maximums of the gradient magnitudes along the gradient
direction are detected as possible edge pixel candidates. In the third step, known as hysteresis,
thresholding and linking of edge pixels are performed.

To reduce the localization error, we use a small standard deviation of 0.1 for the Gaussian filter.
This reduces smoothing in the color image and extracts fine edge features in the color image. Also,
in order to detect all possible edges, we use 0.01 and 0.1 for the lower and upper hysteresis
thresholds respectively. These choices would yield many edges caused by texture and illumination
changes in the scene. However, the edges not corresponding to the object boundaries would be
suppressed later by using the depth image.

In the hole regions, we will be relying on color edges to recover the object boundary. Many
previous algorithms have problems when the foreground object has a similar color as the
background since the color edges will be faint and may not be detected by the edge detector. To
overcome this problem, we use a threshold value proportional to the variance of the pixel color
values inside the hole region. With this adaptive thresholding strategy, the faint edges can be

detected inside the hole regions, without generating many false edges in other regions. Figure 4-3
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shows an example input color image and the extracted edges from the color image using the

adaptive Canny edge detector.

(b)

Figure 4-3. (a) Input color image (b) Edges extracted from the color image using the adaptive

Canny edge detection

4.2.2  Noisy Depth Edge Extraction

Color edges correspond to structures and textures in the scene. Ideally edges in a depth image
should only correspond to the structures in the scene. Nevertheless, raw depth images have many
erroneous and missing depth pixel values caused by the hardware from which the depth images
were collected and the physical properties of the objects in the scanned scene. These error sources
give rise to holes and random distortions in the depth pixel values. These errored pixel values give
rise to two kinds of inaccurate depth edges. The randomly distorted depth pixels give rise to
random noise edges. The holes near object boundaries give rise to false edges around the perimeter
of the hole instead of a single edge at the object boundary. Both these kinds of errored edges must

be identified and removed from the depth edges.
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A5 x 52D median filter is applied to the raw depth image to filter out small random perturbations
in the raw depth image. The raw depth edge image E;,, is extracted using Canny edge detector [29]
as shown in Figure 4-4. To extract fine edge details, a small standard deviation 0.1 for the Gaussian
filter and low threshold values of 0.01 and 0.1 for hysteresis were used. The edges around the holes
will be removed and the edges corresponding to object boundaries inside the holes will be restored
from color edges in the next stage. Figure 4-4 shows an example noisy depth edge image and the

edges extracted using Canny edge detector.

(a) (b)

Figure 4-4. (a) Input noisy depth image (b) Edges extracted from the noisy depth image using

Canny edge detector.

4.2.3  Generating Clean Depth Edges

The noisy depth edge image E;,, obtained from the previous step has false edges caused by random
noise and holes in the raw depth image, and true edges produced by object boundaries in the scene.
These random noise edges were too large to be filtered out by the median filter in the noisy depth
edge extraction process. The clean depth edges are produced in two stages. First, edges coinciding

with object boundaries are identified and retained using the local depth value statistics in the raw
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depth image. Other false edges are suppressed. Second, object boundaries in the hole regions of
the raw depth image are extracted from the edges obtained from the corresponding color image.
The first step to removing the noisy depth edges is to identify edges corresponding to object
boundaries in the raw depth image. To identify edges associated with boundary edges, it is
observed that the depth edges which match with object boundaries in the scene are not in the
vicinity of hole-pixels in the raw depth image. If there are fewer hole-pixels in the input depth
image D;, corresponding to a neighborhood of an edge pixel location E;,(p), this edge pixel is
likely caused by the presence of an object boundary. Otherwise it is probably caused by erroneous
depth values in the input depth image. Let I be a binary mask and I, is the value of the mask at
pixel q. I, = 1if g is a hole-pixel in the input depth image D;,, otherwise I, = 0. Equation (4.1)

is used to find edges caused by the presence of object boundaries.

1, if Ygen, @) Gq *1qg < th, and Ep(p) = 1;

4.1
0, otherwise. (4.1)

Ei(p) = {
where G isanm X m Gaussian kernel. E;,(p) = 1 means p are pixels on edges in the noisy depth
edge image E;,,, th is a threshold, N,,,(p) are pixels in the m x m local neighborhood centered at
p and E; contains the edges caused by object boundaries. G, is the weight at location g with the
Gaussian kernel G centered at p. E;(p) = 1 indicates that p is on an edge caused by an object
boundary. Gaussian kernel G with a,, is used to spatially weigh the depth pixel locations within
the m X m local neighborhood. By using a Gaussian kernel, a distant hole pixel from p would
weigh less than a hole pixel close to p within the neighborhood. Thereby edge pixels which have

distant hole pixels within the local neighborhood can be retained.
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After identifying edge pixels caused by object boundaries, the remaining edges are false edges
either caused by random noise or holes in the raw depth image. In step two of cleaning depth edges,
false edges produced by random noise and holes in the depth image are removed. It is necessary
to distinguish between random noise and holes that contain object boundaries in the raw depth
image because the random noise holes may contain color edges which do not correspond to object
boundaries. We would like to extract the true object boundaries that occur only in the object
boundary hole regions of the raw depth image from the edges in the related color image. The
variation of depth pixel values in the locale of false edges caused by random noise in the depth
image is minimal. Whereas in the neighborhood of false edges caused by holes in the depth image,
the variation of depth pixel values is generally higher when there is an object boundary within the
hole. The variation, in this case, is higher because the depth values on the background side of an
object boundary would be different from the depth values of the object. The variation of depth
values is evaluated by fitting a plane to the local neighborhood of a false edge pixel in the raw
depth image and computing the distances from each depth pixel in this local neighborhood to the
fitted plane. If the variance of the computed distances is larger than a given threshold, the false
edge pixel was likely caused by a hole with an object boundary in the raw depth image. These false
edges are replaced by edges from the corresponding regions in the color image.
To evaluate the variation of the depth pixel values, we fit a plane in Equation (4.2) to the depth

valuesinan h X h window centered at a false edge pixel p by using Equation (4.3).

z=ax+by+c 4.2)

a,b,¢] = a[rglgni]n Lienyllz(®) — ax(@) — by(@) — cll? (4.3)
a,n,c



47
where z is the depth value, x and y are the spatial coordinates of a depth pixel in the input raw
depth image D;,,. a, b and c are plane coefficients. Ny, (p) is the h x h local neighborhood of a
depth pixel p. i is a pixel in N, (p). x(i), y(i) and z(i) are the x, y location and depth values of
depth pixel i respectively. The window size, h is adaptively chosen such that, h is the smallest
window size in which at least 80% of the pixels in the h X h neighborhood are non-hole depth
pixels. The adaptive window size ensures that sufficient number of non-hole depth pixels are taken
into account to distinguish between the false edges caused by random noise versus holes in the raw
depth image. The initial window size h is set to 21.

The perpendicular distance from a depth pixel to the fitted plane (Equation (4.2)) is calculated

using Equation (4.4).

_ |z@-ax(@®- by()-¢|

Fp = {Vi | Yi = m L€ Nh(p) } (4-4)

Where T}, is the set of perpendicular distances from all non-hole depth pixels in Ny, (p) to the fitted

plane in Equation (4.2). y; is the individual distance from pixel i to fitted plane in Equation (4.2).
Then, Equation (4.5) is used to identify the false edges produced by holes in the raw depth

image D;,,.

J, = { 1, if var(Fp) > t; (4.5)
0 otherwise.

where var(I},) is the variance of the set I, and t is a given threshold. When the variance of the

perpendicular distances from non-hole depth pixels in Ny, (p) to plane in Equation (4.2) is greater
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than a threshold ¢, the false edge is classified to be generated by a hole in the depth image D;,,.
Otherwise, the false edge was produced by random noise in depth image D;,,, and removed from
further processing. J is the set of J,,, which is essentially a binary mask for the depth hole regions
which contain depth pixel locations where there may be true object boundaries in the locality.
Next, to find object boundaries present in the hole regions of the raw depth image D;,,, we elicit
the edges from the corresponding color image. First, the color variance of the pixels in a hole
region is computed. The hysteresis threshold to find the Canny edge of the color image is set
proportional to the color variance in the hole region. Thus the threshold is set adaptive to the colors
in the hole region. For example, in a hole region where the foreground and background are of
similar colors, the variance of the color values in the region would be low. This would lead to a
lower threshold value, enabling the detection of the subtle edges in image regions with similar
colors.
Equation (4.6) is used to find the color edges in the depth hole regions J that likely are true object
boundaries. The depth hole regions J with likely object boundaries are dilated with a 3 x 3
structuring element with all the elements equal to 1 and the origin at the center, to get J', to
accommodate for the possibility that color edges may be close to a hole boundary. Edges produced

by true object boundaries lie in the intersection of € and J'.

E,=]"-C (4.6)

where E, is the depth edge image corresponding to object boundaries extracted from the color edge

image C and J' is the dilated depth hole regions where object boundaries are likely to be found.
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The clean depth edge image E is the combination of edges obtained from Equations (4.1) and (4.6)

as shown in Equation (4.7).

Figure 4-5 shows the depth edges E obtained from Equation (4.7) overlaid on the color and depth

image, respectively.

(b)

Figure 4-5. Depth edges E from Equation (4.7) overlaid on the color image (a) and on the

noisy input depth image (b).

4.2.4  Depth Hole Filling

Once the clean depth edges are recovered, we use an extended version of edge aware bilateral filter
in [30] as described in Algorithm 4.1 to construct the recovered depth image D,.... An edge and
color aware adaptive trilateral filter in Equation (4.8) is used to fill the hole-pixels progressively
from the perimeter of the hole to its center. The non-hole pixels outside the perimeter of the hole

is used to estimate the hole depth pixels. The size of the local neighborhood n x n used to fill a
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depth hole-pixel p varies adaptively to ensure that at least 80% of pixels in the neighborhood are
non-hole pixels with initial n = 7. With this approach, more non-hole pixels are used in the
trilateral filter than using a fixed neighborhood size. This leads to the estimated depth pixel values
being less affected by random noise in the raw depth image. By successively using these recovered
depth values and the clean depth edge image, the algorithm evaluates hole-pixels without blurring

object boundaries and smooths non-object boundary regions of the image.

Algorithm 4.1. Depth hole-filling with edge and color aware adaptive trilateral filter
Input: Recovered depth edge image E, input raw depth image D,
Output: Recovered depth D,
Initialization: Push every hole-pixel in input depth image D;,, (p) into a priority
queue @ decreasing ordered by the percentage of non-hole pixels inan X n window centered
atp, initialn =7
While Q is not empty:
Diy(p) < pop Q
Update D;,(p):
num « percentage of non-hole pixels inn x n window centered at D,...(p)
If num < 80%:
ne<n+2
Push D;,(p) into Q
Else:
Compute D,...(p) using Equation (4.8)

End
End
return D,...

The depth hole-pixels D,...(p) can be found as:

Drec®) = - Tqemy) Din (@) filg = pI) (B, 0p) - fiCoap)  (48)
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where N, (p) isan X n window centered at pixel p. f;(+) is a zero mean spatial Gaussian kernel
with a standard deviation o,. k,, is a normalizing factor. ||-]| is the Euclidean distance measure.

The range kernel f.(+) is a binary indicator defined as:

1, if the shortest path connecting pixels q and p
(excluding pixels q and p)
does not intersect an edge in E;
0, otherwise.

fr(E,q,p) = (4.9)

The range kernel f,. assures that only pixels on the same side of an edge are Gaussian averaged to
estimate a hole depth pixel value which preserves object boundaries in the recovered depth image.
The shortest path from hole-pixel p to every other pixel g in the n X n window centered at p is
computed. These shortest paths do not include end pixels p or g, rather the intermediate depth
pixel locations on the path from g to p. Pixels g whose shortest path to p does not intersect an
edge in E are on the same side of the edge as p. The intensity kernel f;(-) is a binary indicator

defined as:

_ (L iflic@-c@ll < &;
fuCa.p) = { 0, otherwise. (4.10)

Where ||-]| is the Euclidean distance measure. C is the color image with the R, G and B components
normalized to [0, 1] and ¢ is a threshold. The intensity kernel f;(+) ensures that neighborhood depth
pixels with similar color in the corresponding color image is used to fill a hole depth pixel.
Specifically, a hole-pixel p utilizes only pixels in the n X n window with similar color to p asin

Equation (4.10) to fill p. When p is an edge pixel, it is ambiguous which side of the edge does p
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belong to. If p is an edge pixel, then a surrogate pixel p" is found using Equation (4.11). Surrogate
pixel p' is a pixel in the 8 connected neighborhood of p that is not an edge pixel and has the closest
color to p in the corresponding color image. The surrogate pixel p’ is used to determine which side
of an edge, pixel p belongs to. The color image C is used to find p’ such that the color difference

between p and p’ is least amongst all non-edge 8 connected neighbor pixels of p.

p'= min [|C(p) —Cll (4.11)

ueN'(p)
where u is a pixel in the neighbhorhood N’(p) such that it is one of the 8 connected pixels of p
but is not an edge pixel. C(p) is the RGB color value of pixel p in the corresponding color image
C. Estimating the hole-pixels from exterior to the interior of a hole and using the above edge and
color aware adaptive trilateral filter enables the method to smoothly fill depth hole-pixels in the

non-edge areas while preserving the object boundaries. By using a varying local neighborhood,

the method is able to fill large holes with depth values consistent with the rest of the image.

4.3 EXPERIMENTAL RESULTS

In this section, we present results from evaluating our method with respect to other state-of-the-art
methods. First, we used the synthetically degraded dataset introduced in [25] to quantitatively and
qualitatively compare against ground truth data. Then we applied the proposed method on RGB-
D images obtained from a Kinect V1 camera and present visual comparison results.

We set the parameters in all of our experiments to minimize Mean Absolute Error (MAE) as in

Equation (4.12).
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1
MAE = N Zp €{P [Dsyn=0 N Dyt iO}lDrec(p) - Dgt(p)l (4-12)

where D, Dy and D, are the recovered depth, ground truth depth and synthetically degraded
depth, respectively. N is the number of hole-pixels in the synthetically degraded depth that are not
hole-pixels in the ground truth depth. MAE is calculated only in the synthetically degraded hole-
pixels in Dg,,,, which means D;,,(p) = 0 but the ground truth depth image D, has valid depth
pixel values. This enables us to quantitatively evaluate the algorithms’ ability to recover synthetic
hole-pixels in object boundary and smooth regions.

Parameters Setting: In Equation (4.1), m =9, g, =1 and th = 0.055. In Equation (4.5)t =

0.09. In depth aware hole filling Equation (4.8) o, is 1. In Equation (4.10) € is0.1.

4.3.1  Results on Synthetically Degraded Dataset

Yang et al. introduced a synthetically degraded dataset in [25] which consists of a subset of the
Middlebury dataset [31] with random noise and structural holes created on the depth images of
these data to imitate the holes in depth images produced by a Kinect. Figure 4-6 shows a sample
of the images in the Yang dataset. To mimic Kinect depth images, structural missing pixels are

created along depth discontinuities, and random missing pixels are generated in flat areas.
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Figure 4-6. Thumbnails from the synthetically degraded dataset [25]. The top row shows the

color images. The middle row shows the corresponding depth images degraded by random noise

and structural holes. The bottom row shows the ground truth depth images.

The proposed method is compared to bicubic interpolation and four state-of-the-art methods to
produce recovered depth images. The baseline methods are: JBF [32], Guide [21], CLMF [22] and
AAR [25]. Recovered depth images are obtained using the baseline methods and the proposed
method. The structure similarity index (SSIM) is calculated as described in [33]. The mean
absolute error (MAE) is calculated as per Equation (4.12). Table 4-1 tabulates the quantitative
results from comparing various methods. The proposed method gets the least MAE score on all
the images. On average the method reduces the MAE error by 14.02%. Our method also gets better

or comparable SSIM values on the dataset.
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Table 4-1. Table lists the quantitative results comparing our method to the state-of-the-art
methods tested on the synthetically degraded dataset [25] using Equation (4.12) to calculate
Mean Absolute Error (MAE) and Structure Similarity Index (SSIM). Our method improves the
best MAE for each image by 14.02% on average. Our method improves or on par with the other
methods on the SSIM metric.

Art Book Dolls Laundry Moebius Reindeer

Algorithm| MAE | SSIM | MAE |SSIM | MAE |SSIM | MAE | SSIM | MAE | SSIM | MAE |SSIM

AAR | 478 {0987 | 1.99 [0.991| 1.91 |0.988| 3.14 |0.982| 2.40 [0.989 2.12 |0.990

Bicubic | 7.45 [0.984| 2.30 |0.991| 2.12 [0.986| 3.81 |0.980| 2.65 {0.988 | 3.05 [0.987

CLMF | 6.40 {0.988| 2.07 [0.992| 1.92 |0.988| 3.51 {0.982| 2.38 {0.990| 2.80 |0.988

Guide | 6.94 [0.985| 2.10 {0.992| 1.94 |0.989 | 3.42 |0.985| 2.42 [0.990| 2.81 [0.989

JBF 6.97 [0.983| 2.36 |0.989| 2.13 [0.985| 3.70 |0.979| 2.76 {0.986| 2.95 [0.984

Ours 4.67 10988 | 1.61 [0.993 | 1.79 |0.988 | 2.50 | 0.984| 1.89 |0.991 | 1.81 | 0.991

To test the proposed method’s ability to reconstruct depth values in hole regions with object
boundaries, we repeated the above experiment by calculating the mean absolute error using

Equation (4.13).

1
MAE,, = N Zp €{P |Dsyn=0NnDg 0N ] = 1}|Drec(p) - Dgt(P)l (4.13)

where D,.., Dy and Ds,,, are the recovered depth, ground truth depth and synthetically degraded
depth, respectively. J' is a mask indicating the depth hole regions which have object boundaries.
It is computed as described in Section 4.2.2. N is the number of hole-pixels in the synthetically

degraded depth that are not hole-pixels in the ground truth depth but contained in J'. MAE,, is
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calculated only in the synthetically degraded hole-pixels in Ds,,, which have object boundaries
inside the hole region, which means Dg,,(p) = 0 and M (p) = 1 but the ground truth depth image
Dy has valid depth pixel values. MAE,, enables us to quantitatively compare an algorithm’s
ability to estimate depth values in hole regions which have object boundaries relative to the ground
truth depth value. Table 4-2 tabulates the quantitative results from comparing ours and the baseline
methods. The proposed method gets the best results on all the images. On average the method

reduces the MAE error by 36.78%.

Table 4-2. Table lists the quantitative results comparing our method to the state-of-the-art
methods tested on the synthetically degraded dataset [25] using Equation (4.13) to calculate
Mean Absolute Error (MAE). Our method improves the best MAE for each image by 36.78% on

average.

Algorithm | Art | Book | Dolls | Laundry | Moebius | Reindeer
AAR 10.50 | 5.93 | 4.62 8.06 5.55 6.17
Bicubic 17.45 | 7.71 | 5.67 10.65 6.55 10.80
CLMF 1457 | 6.84 | 5.08 9.85 5.80 9.93
Guide 16.08 | 6.96 | 5.13 9.53 5.93 9.91
JBF 16.35 | 8.00 | 5.69 10.15 6.92 10.17
Ours 10.31 | 3.80 | 3.87 5.58 3.54 4.34

Figure 4-7 and Figure 4-8 further illustrate the effectiveness of the proposed method in preserving
depth edges. They show cropped and zoomed-in portions of the ‘Art” and ‘Book’ images in the
synthetically degraded dataset. Bicubic interpolation blurs the depth edge. Though the state-of-

the-art methods are progressively better at retaining the edge boundary, our method produces the
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least distorted edges. Guided [21] and CLMF [22] blur the object boundaries similar to bicubic.
JBF [32] and AAR [25] produce jagged artifacts near the edges. Our method is able to fill holes

while producing clean edges at object boundaries. Quantitative and qualitative experiments prove

the strength of the proposed method.

- )
Figure 4-7. A visual comparison of results from the state-of-the-art methods on the ‘Art’
image. (a), (b) and (c) are the color, synthetically degraded depth, and the ground-truth depth
respectively. (d) — (i) show zoomed in view of different methods in the red rectangle region in
the ‘Art’ image. (d) bicubic (€) JBF [32] (f) Guide [21] (g) CLMF [22] (h) AAR [25] and (i)
ours. Note that our method preserves the edge structures the best without creating a halo around

the object boundary as shown in the boxes highlighted in black.
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Figure 4-8. A visual comparison of results from the state-of-the-art methods on the ‘Book’
image. (a), (b) and (c) are the color, synthetically degraded depth, and the ground-truth depth
respectively. (d) — (i) show zoomed in view of different methods in the red rectangle region in
the ‘Book’ image. (d) bicubic (e) JBF [32] (f) Guide [21] (g) CLMF [22] (h) AAR [25] and (i)

ours. Note that our method preserves the edge structures the best, there are no “orange” colored

pixels in the colored recovered depth image as illustrated in the boxes highlighted in black.

4.3.2 Results on Kinect dataset

Next, we test the proposed method using color and depth data collected from a Kinect V1 camera.
For this purpose, we use the Kinect data provided by [25]. The depth image was denoised using
AAR, Guide and our method. Due to the lack of ground truth, we present only a qualitative
comparison of the results. Figure 4-9 compares the AAR [25], Guide [21] and our method. The

cropped and zoomed images show that the proposed method preserves the depth edges better than
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comparison methods. Particularly, AAR and Guide blur and distort the object boundaries in the

depth image as highlighted in Figure 4-9.

Figure 4-9. A visual comparison of results from the state-of-the-art methods on a set of
Kinect images. The thumbnails highlighted in red illustrate zoomed-in portions of the image
above them. Column (a) is the color image from Kinect and (b) is the corresponding depth from
Kinect. (¢c) AAR [25]. (d) Guide [21]. (¢) Our method.

4.4 CONCLUSION

In this chapter, we propose a new approach to denoise and fill the holes in depth images. The
proposed algorithm first extracts an initial depth edge image from the raw depth image which is
noisy due to the inaccuracies present in the raw depth image. This initial edge image is refined by

using the edges from the color images. The clean depth edge image is used to fill the holes in the
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depth image by using an edge and color aware trilateral filter. Many parameters are made adaptive
to make the algorithm robust. Quantitative and qualitative experimental results demonstrate that

the proposed hole filling strategy can generate more accurate depth images than existing methods.
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Chapter 5. APPLYING DENOISING AND SUPER-RESOLUTION IN
THE 3D MODELING PROCESS

5.1 INTRODUCTION

The depth images obtained from commercially available economical depth cameras are limited by
the noise (including holes where there is no data, and random noise) and the relatively low spatial
resolution which cause the partial 3D point cloud from one frame to be relatively sparse. For
example, the resolution of SwissRange SR4000 depth camera is only 176 x 144 and the resolution
of PMD Camcube camera is only 200 x 200. The resolution of the raw depth image obtained from
a Kinect V1 camera is 320 x 240, whereas the color image resolution is 640 x 480 at 30 fps.
Similarly, Kinect V2 raw depth resolution is 512 x 424, whereas the color resolution is 1920 x
1080 at 30 fps.

These limitations affect the precision and quality of the final 3D object models created using these
depth images. Several approaches have been used to denoise and achieve high-quality 3D object
models. For example, using KinectFusion [34], we can slowly scan the more difficult regions of a
scene and rely on spatial-temporal averaging for denoising and high-resolution to obtain high-
quality 3D object models. However, in many situations such as the ones we are addressing, where
only limited numbers of views are available for building the 3D object models, manually slowly
scanning the object is not an option.

In the previous chapters, we developed new techniques for constructing high-quality 3D object
models using depth cameras with a limited number of views [35]. In the 3D object model
construction process described in the previous chapter, depth information in the raw depth images

was used directly to form the partial 3D point clouds before the 3D point cloud alignment. The
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aligned 3D point clouds go through denoising and meshing to form the final 3D object model.
With this process, the noise and low-resolution problems were taken care of by the 3D model
denoising and meshing process. Since our ultimate goal is to construct high quality dense 3D point
clouds for 3D object models, we are interested in techniques which could improve the overall
quality of the dense 3D point clouds and the 3D object models.

In the previous chapter, we also developed new technigues for denoising the depth images utilizing
the characteristics of depth images [36]. In this chapter, we investigate the impact of denoising and
super-resolving the depth images before the alignment of partial 3D point clouds on the quality of
the 3D object models. This question is not trivial, since, although denoising the depth images could
make the depth information cleaner, it could also introduce some artifacts. Likewise, super-
resolving the depth images could give rise to denser 3D point clouds, but it also could introduce
artifacts in the super-resolved depth images and ultimately in the resultant 3D object models. On
one hand, the cleaner and denser depth information should improve the overall denoising and
meshing results. On the other hand, it is not clear if the final step in denoising the 3D object models
could suppress these artifacts and result in better quality 3D object models. In this chapter, we
investigate these issues and show that applying denoising and super-resolution on the depth images
before aligning partial 3D point clouds in the proposed process described in the previous chapter,
can improve the overall quality of the 3D object models.

The role of depth preprocessing in 3D object models is an important topic to study. Especially in
our case of using a limited number of RGB-D frames to build 3D models. However, to the best of
our knowledge, there is very limited literature studying the impact of denoising and super-

resolving the depth images on the 3D object models.
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The organization of this chapter is as follows. In Section 5.2, we propose to apply denoising and
super-resolution on the depth images before the partial 3D-point cloud alignment. We summarize
several possible different approaches of with and/or without denoising and super-resolution. In
Section 5.3, we perform simulations to compare the quality of the 3D object models constructed
by these different approaches and show that the proposed denoising and super-resolving the depth
images before partial 3D point cloud registration can improve the quality of the constructed 3D
object models. In Section 5.4, we present some discussions and future work. Finally, in Section

5.5, we conclude this chapter.

5.2  COMPARING DIFFERENT APPROACHES

We use the 3D object modeling algorithm discussed in Chapter 3 as the baseline algorithm. It
consists of the following major steps: registering partial 3D point clouds to obtain the complete
3D object point model, denoising the 3D object model, and meshing. Essentially, the depth noise
is taken care of in the 3D object model denoising step, and the low-resolution depth image is taken
care of in the final meshing step.

In the next subsections, we investigate the effect of denoising and super-resolving the depth images
prior to the 3D object modeling process. Specifically, we compare the baseline algorithm with the

following three scenarios:

a) Denoising depth images followed by the baseline algorithm
b) Super-resolving depth images followed by the baseline algorithm

c) Denoising followed by super-resolving the depth images before the baseline algorithm
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521 Denoising depth images followed by the baseline algorithm

Depth images produced from RGB-D cameras have holes, noises, and inaccurate depth
measurements due to surface properties of objects in the scene, and occlusions caused by the
placement of the infrared light projector and the sensor. Depth denoising is the process of
correcting noisy depth values and accurately estimating missing depth values by utilizing the raw
depth image and/or the RGB image and, hopefully, preserving depth discontinuities around object
boundaries.

In this scenario, the depth images are first denoised using the algorithm we presented in Chapter
4. That denoising algorithm utilized the characteristics of depth images to achieve better
performance than other state-of-the-art algorithms. Figure 5-1 (a) shows a depth image and (b) the

corresponding denoised depth image.

(@ (b)

Figure 5-1. (a) An example depth image (b) the corresponding depth image denoised using
[36].

Then the partial 3D point clouds are registered to get the complete 3D object model. Finally, the

object model is denoised and meshed as in the baseline algorithm. As shown in Figure 5-2, the
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only difference between this algorithm and the baseline algorithm is that this method denoises the

depth images first before other processing is applied.

Object
segmentation

Denoise depth
images

Register partial
point clouds

Denoise 3D
model

Meshing

Figure 5-2. The flowchart for denoising the depth images before the partial point cloud

registration.

The initial denoising of the depth images is the difference between the baseline method and this
method. Essentially, the denoising is carried out in two stages. In the first stage, the noise
(including the holes) in the depth images is denoised, which will give cleaner depth images. In the
later stage, the noise in the constructed 3D objects is denoised at the 3D object model level. With
this two-stage denoising approach, we expect it can achieve better performance than the baseline

algorithm.
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522 Super-resolving depth images followed by the baseline algorithm

Due to the fledgling depth sensor technology, raw depth images have a lower spatial resolution
than their corresponding RGB image resolution. This leads to sparse partial point clouds per RGB-
D frame. Super-resolution is the software process of inferring a higher resolution image I,, from
one or more low resolution images I with n factor higher resolution in both the horizontal and
vertical dimensions than those of the original image I. The image I could be a RGB image or a
depth image. Possible issues during super resolution is the creation of artifacts, and the presence
of noise in the original image.

In order to achieve a high-resolution 3D object model from the relatively low-resolution depth
images, the baseline algorithm relies on meshing performed on the final object model. It is
interesting to see if performing super-resolution on the depth images to increase the depth image
resolution will help the meshing in achieving better 3D object models. To investigate this issue,
the depth images are super-resolved using the algorithm in [37] by a factor of 2. The super-solution
algorithm in [37] takes in to account the characteristics of depth images to achieve better
performance than other state-of-the-art depth-image super-resolution algorithms. Figure 5-3
illustrates an example depth image (a) and its super-resolved version (b). The color images which
have different characteristics from the depth images are super-resolved using the bicubic

interpolation by a factor of 2.
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Figure 5-3. (a) Depth image (b) the corresponding depth image super-resolved by a factor of
2 using [37].

Then the partial 3D point clouds are registered to get the complete 3D object model. Finally, the
3D object model is denoised and meshed as in the baseline algorithm. As shown in Figure 5-4, the
only difference between this model and the baseline model is that this model super-resolves the
depth images before other processing is applied. Essentially, the increase of the resolution of the
final 3D object model is achieved in two stages. In the first stage, the depth image resolution is
increased to result in denser partial 3D point clouds. In the later stage, the 3D object point cloud
is meshed to result in smooth presentations. With this two-stage approach, we also expect it can

achieve better performance than the baseline algorithm.
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Meshing

Figure 5-4. The flowchart for super-resolving the depth images. The initial depth super-

resolution of the depth images is the difference between the baseline method and this method.

523 Denoising followed by super-resolving depth images before the baseline algorithm

In the previous method, the depth images are super-resolved in order to improve their resolution.
However, since the depth images are very noisy and contain holes where there is no data available,
directly super-resolving the depth images could introduce many artifacts and worsen the holes and
noises. It may be better to denoise the depth images first before performing the super-resolution.
To investigate this issue, the depth images are denoised using the method we proposed in Chapter
4, then super-resolved using the algorithm in [37] by a factor of 2 as shown in Figure 5-5. The

color images are also super-resolved using bicubic interpolation by a factor of 2.
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Figure 5-5. (a) Depth image (b) the corresponding depth image first denoised using [36] and
then super-resolved by a factor of 2 using [37].

Then, the partial 3D point clouds are registered to get the complete 3D object model. Finally, the
object model is denoised and meshed as in the baseline algorithm. As shown in Figure 5-6 the only
difference between this method and the baseline method is that this method denoises and super-

resolved the depth images before other processings are applied.
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Meshing

Figure 5-6. The flowchart for this method. The initial depth denoising and super-resolution

of the depth images is the difference between the baseline method and this method.

5.3 EXPERIMENTAL RESULTS

We use objects, as shown in Figure 5-7, which were investigated in the previous chapters for
comparison. Simulation results are shown in Table 5-1 to Table 5-4. In the tables, “A” is the
baseline 3D modeling method, and “B” is the altered 3D modeling method. We use our proposed
evaluation method described in Chapter 3 to evaluate the performance of each method. Each 3D
modeling process is run 5 times with a different number of input RGB-D image pairs. The average
RMSE errors between the resultant 3D models and the ground truth models are reported. Since the
visual differences between the models are hard to qualitatively evaluate and are subjective, we
report the quantitative results. The quantitative results help us to objectively compare different

methods.
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Figure 5-7. Objects tested under various denoising and super-resolution conditions.

First, the experiment outlined in Section 5.2.1 was performed. The depth images were denoised
and later subject to the 3D modeling process. The comparisons between the resultant models and

the ground-truth models are tabulated in Table 5-1.
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Table 5-1. Comparing the results from the baseline 3D object modeling process (A) vs the

denoising depth images followed by the baseline 3D object modeling process (B).

Number of frames 75 60 45 30 15
A 0.44 0.59 061 |0.79 0.98
Biscuit
B 0.40 0.53 056 |0.74 0.91
Box
% improvement | 9.1 10.2 8.2 6.3 7.1
A 0.49 0.59 0.67 |0.95 1.23
Nut
B 0.43 0.55 0.64 |0.89 1.15
Container
% improvement | 12.2 6.8 4.5 6.3 6.5
Average
RMSE (mm) A 0.45 0.57 0.71 |0.89 1.14
House
B 0.41 0.53 0.67 |0.84 1.10
Model
% improvement | 8.9 7.0 5.6 5.6 35
A 0.51 0.73 0.85 |0.99 1.35
Mug B 0.46 0.69 0.80 |0.95 1.28
% improvement | 9.8 55 5.9 4.0 5.2

From Table 5-1, it can be seen that denoising the depth images before further processing could

improve the results by about 6.9% on average. Denoising aids in improving the 3D model when
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more frames are used. Good quality depth denoising would help better registration of partial point
clouds. Thereby leading to better 3D models.

In order to evaluate the effect of different denoising methods on 3D models, we used the denoising
methods outlined in [38] and [39]. The Guide [38], JBF [39], and our [36] algorithms were used
to denoise depth maps. These depth maps were used in the 3D modeling process described in
Chapter 3 to obtain 3D models B_Guide, B_JBF, and B_ours, respectively. These experiments
were performed with 45 RGB-D frames to create the 3D models and the results are given in Table

5-2.

Table 5-2. Comparing the effect of different depth denoising methods on the resultant 3D
models by using 45 RGB-D frames to create 3D models.

Average RMSE (mm)
Model
Biscuit Box Nut Container House Model Mug
A 0.61 0.67 0.71 0.85
B_Guide 0.575 0.653 0.69 0.816
B_JBF 0.571 0.648 0.68 0.807
B_ours 0.56 0.64 0.67 0.80

In Chapter 4, it was shown that denoising methods Guide [38] and JBF [39] blur object boundaries
in depth images. In Table 5-2 we see the effect of this depth blurring in 3D. The 3D models created
with object boundary blurred depth images are less accurate than models created with depth images

where object boundaries are not blurred.
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Next, the experiment outlined in Section 5.2.2 was performed. The RGB and depth images were
super-resolved by a factor of 2 and used in the 3D modeling process to create object models. The

comparisons between the resultant models and the ground-truth models are tabulated in Table 5-3.

Table 5-3. Comparing the results from the baseline 3D object modeling process (A) vs the

depth superresolution followed by the baseline 3D object modeling process (B).

Number of frames 75 60 45 30 15
A 0.44 0.59 061 |[0.79 [0.98
Biscuit Box | B 0.4 0.52 054 073 [0.89
% improvement | 9.1 11.9 115 |76 9.2
A 0.49 0.59 067 [095 |[1.23
Nut
B 0.42 0.54 063 (087 |1.14
Container
Average RMSE % improvement | 14.3 8.5 6.0 8.4 7.3
(mm) A 045 |057 [071 |089 |1.14
House
B 0.41 0.52 065 (082 |[1.07
Model
% improvement | 8.9 8.8 8.5 7.9 6.1
A 0.51 0.73 085 [099 [1.35
Mug B 0.45 0.68 078 093 [1.25
% improvement | 11.8 6.8 8.2 6.1 7.4
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From Table 5-3, it can be observed that performing super-resolution on the depth images before
further processing can improve the results by about 8.7% on average. Super-resolution helps in the
point cloud registration phase, thus leading to improved 3D object models.
Finally, the experiment outlined in Section 5.2.3 was performed. First, the depth images were
denoised. Then RGB and depth images were super-resolved by a factor of 2 and subsequently used
in the 3D modeling process to create object models. The comparisons between the resultant models

and the ground-truth models are tabulated in Table 5-4.
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Table 5-4. Comparing the results from the baseline 3D object modeling process (A) vs the

depth denoising and super-resolution followed by the baseline 3D object modeling process (B).

Number of frames 75 60 45 30 15
A 0.44 0.59 0.61 0.79 |0.98
Biscuit Box | B 0.39 0.52 0.53 0.71 | 0.87
% Improvement | 11.4 11.9 131 10.1 | 11.2
A 0.49 0.59 0.67 095 |1.23
Nut
B 0.42 0.53 0.6 085 |112
Container
Average % Improvement | 14.3 10.2 10.4 105 |89
RMSE (mm) A 0.45 057 |071 |089 |1.14
House
B 0.4 0.5 0.62 0.8 1.06
Model
% Improvement | 11.1 12.3 12.7 101 | 7.0
A 0.51 0.73 0.85 099 |1.35
Mug B 0.44 0.67 0.76 091 |1.22
% Improvement | 13.7 8.2 10.6 8.1 9.6

It can be observed that performing both denoising and super-resolution on the depth images before
further processing can achieve the best results, achieving an improvement of about 10.77% on
average. The results are better than performing either denoising or super-resolving the depth

images. However, note that the improvements are not additive. Denoising removes artifacts and
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holes in the depth image. When super-resolution is performed after denoising, it increases the
resolution of a clean depth image. None of the undesirable artifacts are worsened by the super-
resolution operation. For this reason, the 3D models are improved by using both denoising and

super-resolution.

5.4 DISCUSSION AND FUTURE WORK

Denoising the depth images before the baseline 3D object modeling process provides
improvements to the model. Applying super-resolution to the baseline increases the improvement.
Applying denoising and then super-resolution to the depth images gives the best performance.
However, the improvement is only incremental, not the sum of the individual approaches.

This work explored the effect of using our denoising algorithm in [36] to improve the 3D object
modeling process. Depth denoising methods proposed in [39] and [38] were also used to denoise
depth images and then used in the 3D modeling process. As shown in Chapter 4, these depth
denoising methods blur object boundaries. These blurred object boundaries would negatively
impact the 3D partial point clouds and the registration of 3D partial point clouds. Results presented
here suggest that using denoising methods which do not blur object boundaries, such as [36] are
more suitable for 3D model modeling process rather than other methods.

In the super-resolution experiments performed in this chapter, the resolution was increased by a
factor of 2. One could also experiment with higher factors of super-resolution and evaluate its
impact on the modeling process. Higher factors of super-resolution are bound to produce some
artifacts, so these artifacts may affect the 3D models. Super-resolution is a very active field with
many proposed methods. Another possible future work is to evaluate these super-resolution

techniques for depth and color images on the 3D modeling process.
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While software techniques can be fruitful, it is inevitable to consider the possibility of improving
the sensor to create noise-free and higher resolution depth images. Better sensor data with
improved software techniques would be very powerful to bring 3D modeling based applications

to everyday life.

5.5 CONCLUSION

In this chapter, we investigate the effects of applying denoising and super-resolution to the depth
images in the process of 3D object modeling. We show that both denoising and super-resolving
the depth images before further processing can result in improved 3D object models, and
combining denoising and super-resolution on the depth images can achieve the best results. Further
work can be performed by finding the optimal super-resolution factors and investigating the impact

of other super-resolution methods on 3D object modeling.
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Chapter 6. CONCLUSION AND FUTURE WORK

6.1 CONCLUSION

The main contribution of this dissertation is to provide a framework for building a high-quality 3D
model of an object with only a limited number of views and to develop new techniques to improve
the quality of such models.

In Chapter 2 we provide a brief review of RGB-D cameras available in the market and a detailed
overview of Kinect V1 and V2 cameras which were primarily used in this work. We also reviewed
published work in 3D object modeling. KinectFusion and CopyMe3D provide state-of-the-art
results in 3D modeling. Some limitations of these techniques and the premise of this dissertation
were laid out in that chapter.

When the only relatively small number of views (RGB and depth images) are available, the
overlapped areas between frames from different views can be rather limited, and thus, the
denoising and registration techniques used in KinectFusion or CopyMe3D may not be as effective.
Also, these methods may fail when objects lack salient structural features. In Chapter 3, we propose
a method to build a high-quality 3D model of an object with a limited number of available views
of the object. We developed a complete 3D object model construction process with automatic
object segmentation, pairwise registration, global alignment, model denoising, and texturing, and
studied the effects of these functions on the constructed 3D object models. We also developed a
process for objective performance evaluation of the constructed 3D object models. We collected
laser scan data as the ground truth using a Roland Picza LPX-600 Laser Scanner to compare to the

3D models created by the proposed process and other state-of-the-art methods. We show that the
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proposed approach can result in much better convergence and overall quality compared to
KinectFusion, especially when the number of available views is limited.

One of the limitations of RGB-D cameras is that its depth image contains holes, noises, and
inaccurate depth measurements. The accuracy of various RGB-D related applications, such as 3D
modeling, suffers from these depth image errors. In Chapter 4, we propose a solution to the depth
image denoising problem by estimating depth edges that correspond to the object boundaries and
using them as priors in the hole filling process. The proposed algorithm first extracts an initial
depth edge image from the raw depth image which is noisy due to the inaccuracies present in the
raw depth image. This initial edge image is refined by using the edges from the color images. The
clean depth edge image is used to fill the holes in the depth image by using an edge and color
aware adaptive trilateral filter. The algorithm improves the accuracy of depth images near object
boundaries, preserves object boundaries in depth images, and denoise depth images in
homogeneous regions. Compared to previously reported approaches, our proposed approach
focuses on recovering clean depth edges corresponding to the true object boundaries. The proposed
method exhibits quantitative and qualitative improvements over the current state-of-the-art
methods.

The depth images obtained from commercially available economical RGB-D cameras are limited
by the noise and the relatively low resolution which cause the partial 3D point cloud from one
frame to be relatively sparse and error-prone. These limitations affect the quality of the 3D object
models created using these depth images. In Chapter 5, we investigate the impact of denoising and
super-resolving the depth images before 3D registration on the quality of the resultant 3D object
models. While depth processing could improve the depth images, it could inadvertently introduce

artifacts in the 3D models. This is especially of concern when only a limited number of frames are
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used to produce 3D object models. In Chapter 5, we show that applying denoising and super-
resolution on the depth images before aligning partial 3D point clouds, as in the process described
in Chapter 3, can improve the overall quality of the 3D object models. We also show that
combining denoising and super-resolution on depth images can achieve the best results.

Finally, we conclude this dissertation in this chapter by providing a summary of the work and some

directions for future work.

6.2 FUTURE WORK

In this section, we discuss some possible future work and directions to extend the work provided

in this dissertation.

6.2.1  Using multiple RGB-D cameras

In this work, we primarily used one Kinect device to capture multiple frames of an object in
different views. Alternatively, one could use multiple devices to simultaneously capture multiple
views of an object. If too many devices are used, then IR light from adjacent cameras may cause
interference. This would lead to even poorer quality depth images and pose harder challenges for
3D object modeling. A primary challenge of using multiple devices is that all the devices should
be calibrated. Other challenges are the cost and infrastructure needed and the time to set up the
system. But once these challenges are met, the time to capture data to produce the 3D models
would be significantly reduced. Deformable objects are objects which may distort while capturing
data. Since the data can be recorded quickly when using multiple RGB-D cameras, deformable

objects may also be reconstructed using this system.
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Initially, the RGB-D data for this work was captured using a Kinect V1 and then later a Kinect V2
device was used. The techniques developed in this work are applicable to any RGB-D platform.
To extend this work, the project can be transferred to another RGB-D platform, such as Intel
RealSense depth cameras. Moving to a new platform may bring with it new engineering
challenges. For example, Intel RealSense R200 [40] and D400 [41] series cameras use stereoscopic
IR to produce depth images. These depth images have slightly different noise characteristics than
depth images produced by IR structured light (Kinect V1) or IR time-of-flight (Kinect V2)
techniques. New depth denoising techniques may be needed to achieve optimal depth denoising

performance.

6.2.2 Improved partial point cloud registration

One of the critical methods of the 3D modeling algorithm is the partial point cloud registration
technique. A possible work is to evaluate and extend the state-of-the-art point cloud registration
techniques such as the algorithm presented in [42]. Convolutional neural networks and its variants
are producing state of the art results in many areas of computer vision [43]. One could use a
Siamese network architecture to feed in two depth images along with ground truth 6 degree-of-
freedom (DOF) transformation to design a method to learn transformations between successive
frames.

The lack of large-scale RGB-D datasets is an obstacle for pushing the realm of point cloud
registration and 3D object modeling using RGB-D data. Large-scale datasets are needed to
comprehensively evaluate and compare methods. Also, deep learning methods need a lot of labeled
data to build models. Another challenge is to obtain high-quality ground truth for the training set.

One possible solution to circumvent both problems is to use synthetic data. With advances in
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computer graphics, one could generate a large volume of realistic 3D models [44]. These models
could be artificially, yet within physical limits, transformed. Now the ground truth 6DOF is known.
The depth images corresponding to the original 3D model and transformed 3D model can be
obtained by projecting the models in different views. With this large-scale synthetic dataset, many
techniques for improving registration of point clouds could be explored.

Since the end goal is to test and use on real RGB-D data, a smaller dataset of RGB-D frames of
3D objects could be collected. Good quality ground truth data can be obtained by using
crowdsourced mechanisms, such as Amazon Mechanical Turk (AMT) to gather, annotate, and
correct data. But one must be objective when designing tasks for the AMT workers and must also
consider a human error in performing such tasks. Using domain adaption techniques, models

learned on synthetic data could be transferred to work with real RGB-D data.

6.2.3  Data-driven depth denoising

The proposed depth denoising algorithm may not perform well on depth images of small structures
with intricate depth patterns, such as statues. There are many CAD model libraries of complex
statues available on the internet. Given this data, one could use a data-driven approach to tackle
this problem. It would be interesting to see how a fully convolutional network [45] could handle

complex depth denoising.

6.2.4  Comparing effect of super-resolution techniques on 3D models

3D data is sparse. In this work, we super-resolve depth images by a factor of 2 using algorithm

[37]. The usefulness of super-resolution could be further investigated by super-resolving the depth



84
images by a higher factor and by varying the parameters in the algorithm. Furthermore, one could
investigate different super-resolution methods for increasing the resolution of the RGB and depth
images. The impact of these methods could be evaluated using the 3D model comparison strategy

presented in Chapter 3.
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APPENDIX A

MALARIA DIAGNOSIS AND QUANTITATION USING CONVOLUTIONAL NEURAL

NETWORKS [46]

ABSTRACT

The optical microscope remains a widely-used tool for diagnosis and quantitation of malaria. An
automated system that can match the performance of well-trained technicians is motivated by a
shortage of trained microscopists. We have developed a computer vision system that leverages
deep learning to identify malaria parasites in micrographs of standard, field-prepared thick blood
films. The prototype application diagnoses Plasmodium falciparum with sufficient accuracy to
achieve competency level 1 in the World Health Organization external competency assessment
and quantitates with sufficient accuracy for use in drug resistance studies. A suite of new computer
vision techniques—global white balance, adaptive nonlinear grayscale, and a novel augmentation
scheme—underpin the system’s state-of-the-art performance. We outline a rich, global training
set; describe the algorithm in detail; argue for patient-level performance metrics for the evaluation

of automated diagnosis methods, and provide results for Plasmodium falciparum.

A.1 INTRODUCTION

Automated detection of malaria in field-prepared blood films is a challenging computer vision task

with potential benefit for millions of people. Half of the world’s population are at risk of
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contracting malaria, with an estimated 212 million cases in 2015 [47]. A majority of the 429,000
deaths from malaria in 2015, mostly of young children, are attributable to P. falciparum. Four other
Plasmodium species—P. vivax, P. ovale, P. malarie, and, rarely, P. knowlesi—also infect humans
[48].
Microscopy continues to be regarded as a standard for malaria diagnosis and quantitation [49], in
part because it can be used to detect other infectious diseases [50], has low incremental cost, is
widely available, can measure parasite density, and can identify malaria species. Microscopy can
detect low-density infections if enough blood is scanned, but this is time-consuming, difficult, and
tedious due to the low density and small size of parasites as well as the abundance of similar non-
parasite objects, as illustrated in Figure A-1. To be effective, microscopy needs well-trained staff
for consistent slide preparation and examination. In areas with poor quality control, microscopy

can produce inaccurate results [51] resulting in inappropriate treatment.

Figure A-1. Typical thick film microscope image. This field-of-view image contains only

two parasites indicated by yellow circles with enlargements at the right.
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In addition, evolving drug resistance is an increasing concern. The World Health Organization
(WHO) encourages regular monitoring of antimalarial efficacy in malaria-endemic countries [52].
Microscopy remains the most field-practical tool to accurately monitor response to therapy, due to
its capacity for accurate quantitation, since parasite clearance rates are the most commonly used
measure of drug efficacy [53]. But quantitation is a time- and labor-intensive measurement
requiring the reading of many blood films [54].
A major difficulty with using microscopy in drug efficacy monitoring is the shortage of trained
experts in regions where malaria is endemic [55]. Therefore, the development of a computer vision
system to aid in malaria diagnosis and quantitation is an appealing research goal, both because of
the difficulty of the task and the high potential benefit. In addition, it is an attractive target for
application of convolutional neural networks (CNNSs), which have shown success in other image
classification tasks [56, 57, 58, 59]. Before addressing automated malaria diagnosis via computer,

we present a brief overview of malaria blood film microscopy.

A.1.1 Blood film microscopy

Two types of blood films are used to diagnose malaria: thick film and thin film. Here, we will
mainly be concerned with thick films because they provide a sufficient volume of blood to enable
reliable diagnosis of low parasite density infections [60]. We have also developed a thin film
module, which will be presented in a subsequent publication.

The thick film is prepared by placing a drop of blood (about 2 uL) on a slide and using the corner

of another slide to spread the drop in a circular pattern to ~1.2 cm diameter. The slide is then dried
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and stained with a Romanovsky-type stain, e.g. Giemsa [48], then rinsed and dried again. Giemsa
results in DNA (e.g. nuclei) staining purple and RNA (e.g. cytoplasm) staining blue.

We confine our discussion here to P. falciparum. The most commonly found parasite stages in P.
falciparum positive blood films are ring forms (immature trophozoites). In Figure A-2, a number
of examples are shown in finer detail. The small, round, purple disk, found in most of the
thumbnails, is the nucleus of the parasite; the wispy blue-gray shape in close proximity is the
cytoplasm. Later stage trophozoites (Figure A-2, lower-left) do not have a clear, round nucleus
and distinct cytoplasm. Note the variety in the appearance of trophozoites. All these must be

recognized as P. falciparum parasites and must be distinguished from non-parasites.

Figure A-2. Ring form P. falciparum malaria parasites.

Uninfected normal human red blood cells (RBCs), which are lysed during staining of the thick
film, contain neither DNA nor RNA and do not appear dark blue or purple; thus Giemsa provides
good contrast between parasites and background. Nevertheless, interpretation of thick films is

challenging because of a noisy and variable background. Example fields-of-view (FoVs) are
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shown in Figure A-1 and Figure A-3. Note the white blood cells (WBCs) in Figure A-3, whose
nuclei are stained similarly to the parasite nuclei in Figure A-2. Various non-parasite components
of the thick film can also absorb stain, creating artifacts that may mimic parasites, and the stain
itself can self-aggregate. Collectively, artifacts and objects that are difficult to distinguish from
parasites are termed distractors, examples of which can be seen in Figure A-1, Figure A-3 and

Figure A-4.

Figure A-3. An FoV image of a negative sample, i.e. with no malaria parasites. WBCs are
indicated with red circles.



90

Figure A-4. Examples of distractors. The objects in the upper left and lower right corner are

platelets.

In this application, images of blood films are acquired with a digital scanning microscope. The
nucleus of the trophozoite can be as small as 1 um in diameter, and other components used to
detect malaria parasites and identify species can have features smaller than 250 nm, which is close
to the optical limit of resolution. To resolve features of this size, a high numerical aperture (NA)
oil immersion objective, for example 100 x NA = 1.2, is required. At these high numerical
apertures, the depth of field is on the order of 0.5 um. To detect parasites throughout the depth of
the thick film, and to ensure all fields of view are in focus, images must be captured at multiple
focal planes spanning the entire depth of the blood film. An FoV refers to a stack of images
centered at a particular x, y location in the slide, at one or more focal depths z. To achieve reliable
detection at low parasitemia levels, WHO recommends inspecting 100 thick film FoVs before
declaring a sample negative [48]. (This pertains to a manual 100 X microscope, whose FoVs tend

to be larger than automated microscope FoVs.)
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A.1.2 Related Work

Several proposals for the computer-automated reading of malaria blood films (thin or thick) have
appeared in the literature in the past few years [61, 62, 63, 64, 65, 66]. Many of these studies have
not presented realistic assessments of the field-effectiveness of their algorithms, due to a lack of
emphasis on patient-level metrics. Full reviews of these publications may be found in [67, 68];
here we merely offer a brief overview of a few of these proposals. In Section A.3.2, we present a
summary analysis of key metrics for all of these systems and a comparison to ours.

An automated system for the diagnosis of malaria from thick blood smears is proposed in [61].
They crop random, overlapping patches from good images (discarding out-of-focus images)
representing blood smears of 133 patients. Patches containing a parasite (based on expert
annotation) are marked as positive and the remaining patches as negative. Traditional feature
engineering and an ensemble decision-tree classifier form the core of their system. The classifier
applied to the test set achieves an area-under-the-curve (AUC) metric of 0.97. The authors evaluate
this result purely on the object level, reporting that it achieves 20% recall at a precision of 90%.
There is no reference to parasitemia level. (The significance of parasitemia in relation to sensitivity
and specificity is discussed in Section A.2.6). Random assignment of images to the train and test
sets implies that these sets were not disjoint at the patient level and therefore, the reported metrics
are not predictive of actual field performance (see Section A.2.1).

Among the prior automated malaria diagnosis systems considered here, [63] uniquely does not use
Romanovsky staining. Rather it uses a cartridge that accepts a sample of blood and automatically
creates a film stained with fluorescent Acridine Orange (AO) [69]. Automatic slide creation and

AO staining do hold some advantages, but a reluctance to adopt a new, disposable cartridge and
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reliance on a fluorescence microscope may prove barriers to field acceptance. The authors do
provide patient-level metrics and report a limit of detection of tens of parasites per uL of blood.
The quantitation results shown, however, are inadequate for use in drug efficacy studies.

An automated malaria diagnosis system that works on thick film microscope images is described
in [66]. They train the system on a dataset consisting of 27 P. falciparum positive and 36 negative
blood samples. The test set consists of 24 P. falciparum positive and 20 negative samples. They
do provide patient-level metrics and report achieving WHO competence level 1 diagnosis
accuracy, albeit at a parasite density of 300 p/uL. They allude to the use of CNNs for feature
extraction, but the results they report use traditional feature engineering (morphological, shape,
color, texture, and Haar-like features).

Our system is intended for use under field conditions. Thus, the system has the following
requirements and characteristics: (1) accepts standard field-prepared, Giemsa slides; (2) is robust
to moderate variability in slide quality; (3) scans a sufficient volume of blood, approximately
0.1 uL, ~300 FoVs; (4) scans at multiple focal planes; (5) has high patient-level sensitivity and
specificity at low parasitemia—approaching 100 p/uL; (6) has accurate quantitation in the
parasitemia range of 200 200,000 p/uL; and (7) has high object-level sensitivity and specificity.
Our system has a resolution of 11.36 pixels/um and each FoV is 1280 x 960 pixels. We scan at 9
focus levels, 0.3 um apart, and thus 300 FoVs amounts to ~2.5 gigapixels. The system is trained
on a large and diverse set of images, where the test set is disjoint from the training set at the patient
level. We report patient-level diagnosis and quantitation results (as opposed to merely object-level
classification), which are the most important metrics for the system’s intended use-cases. Our

system achieves WHO competence level 1 [70] for P. falciparum diagnosis (Section A.3.1.1) and
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P. falciparum quantitation accuracy sufficient to be used for drug resistance studies (Section

A.3.1.2). We now describe the dataset and methods in detail.

A.2 METHOD

Our data processing pipeline consists of a number of modules, each designed with the above
requirements in mind. The preprocessing module (Section A.2.2) implements a new sample-level
global white balance method. The candidate object detection module (Section A.2.3) processes
multiple focal planes for each FoV (image z-stacks) and is based on a novel adaptive nonlinear
grayscale intensity image. The feature extraction module (Section A.2.4) incorporates CNNs and
introduces a new gamma-transform color augmentation scheme. The classification module
(Section A.2.5) is designed to allow the system to adapt to local variations, e.g. in slide preparation.
Finally, the disposition module (Section A.2.6) computes patient-level diagnosis and
quantification (a multiple-instance learning problem) employing a learning algorithm calibrated

on the statistics of the validation set.

A.2.1 Data

Large numbers and a great variety of images are needed for training the rich deep learning models
in our computer vision system. Diversity in the training and testing data contributes to system
robustness under heterogeneous field conditions. And because the patient is the atomic unit for
diagnosis, samples from a wide variety of patients and labs are essential to validate diagnostic

effectiveness. Some relevant statistics of our malaria blood film library are shown in Table A-1.
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The models in our system are trained on image patches of individual objects (parasites and
distractors) from a subset of patients in the library; the system is tested against objects from a
disjoint subset of patients. (See Section A.3 for details on numbers of patients in each subset.)

Disjoint training and testing sets at the patient level enable realistic estimates of field performance.

Table A-1. Summary of thick film malaria database.

Blood samples 1,452
Fields-of-view 5,707,947
Parasite objects 956,531
Countries of origin 12

A.2.2 Pre-processing

Histologically stained microscope slides typically display color variation within a slide, between
slides of different blood specimens, and between different technicians, laboratories, clinics, and
regions. Color variation can result from differences in stain pH, age and purity of stain, duration
of the staining procedure, and sensor settings; overall slide hue can range from blue to green to
pink to golden. Figure A-1 through Figure A-4 illustrate a small fraction of the variability in
quality, color, and presentation that is typical of field samples. Uncorrected, color variation may
degrade system performance.

White balancing techniques may be used to compensate for some, but not all, of the color variation.
Traditional white balancing involves the scaling of red, green, and blue (RGB) pixel values based

on the mean color of the brightest pixels in each image individually, which can result in color
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distortion and exaggerated intra-slide color differences. Our white balancing technique pools the

pixels from all FoVs and computes a global color balance affine transform for each blood sample.

A.2.3 Detection

The detection module generates object proposals—potential parasites to be subsequently scored
as parasite or distractor by a classifier. To achieve the target limit of detection, some ~300 FoVs
need to be processed by the algorithm, due to the Poisson statistics of rare object distributions. To
keep the runtime within reasonable limits (roughly 20 minutes on a standard quad-core laptop),
the computational complexity of the detection algorithm should be as low as possible.

Most generic object detection methods, such as R-CNN [71], YoLo [72], deformable parts model
[73], and selective search [74] are either too complex, too insensitive, or too slow for malaria
detection on large numbers of FoVs at multiple focal planes. The deformable parts model performs
an exhaustive search using a support vector machine (SVM) on a histogram of oriented gradients
(HOG) feature pyramid. Selective search uses segmentation on multiple color spaces based on a
greedy hierarchical grouping of graphs. This leads ~10K detections per image, which would
drastically slow down our framework. The processing flow in R-CNN (and its variants Fast R-
CNN [75] and Faster R-CNN [76]) consists of region proposals, followed by classification,
followed by post-processing to refine the bounding boxes and eliminate duplicate detections.
These complex pipelines are slow. While YoLo processes 45 frames per second, it fails to detect
small objects and objects appearing in clusters, which negatively impacts quantitation

performance. These shortcomings render these methods unsuitable for malaria parasite detection.
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Leveraging domain-specific information allows the design of a specialized detection scheme that
out-performs more general methods. As mentioned previously, Giemsa-stained microscope
images provide good contrast between deep purple nuclei and background. Thus, malaria parasite
nuclei, along with white blood cells, are among the darkest objects in the images; a dark threshold
applied to a grayscale intensity image may act as a simple and effective initial detector for malaria
parasites.
While this simple detector has high sensitivity, its precision is low: many dark distractors are also
detected, which degrades low parasitemia performance because of excessive false positive
detections. To enhance the object-level specificity of the detector, we introduce two innovations:
adaptive grayscale intensity and dynamic local thresholding. The standard grayscale intensity is a
linear combination of red, green, and blue pixel values that approximate the human-perceived
luminance [77], but does not necessarily provide the best separation between parasites and
background. Machine learning techniques may be used to compute a more optimal projection
vector.
We make use of the above-noted similarity in color between parasite nuclei and WBC nuclei. The
latter are relatively easy to detect and classify at high precision because they are large and contrast
strongly with the background. In a first pass through the FoV images, we segment WBC candidates
using a dark threshold tied to grayscale intensity statistics. Morphological and clustering
operations further filter individual WBC candidates, which are then classified with a Gaussian-
kernel SVM [78]. The segmentation of WBCs enables the collection of RGB color statistics for
WBC pixels and a random sampling of background pixels. Machine learning techniques are then
used to compute the optimal projection in RGB space that will separate WBC pixels from

background pixels.
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The resulting projection, which varies by blood sample, is called the adaptive grayscale intensity.
It provides higher precision for parasite detection compared to the standard grayscale intensity.
Performance may be further enhanced by adding non-linear terms to the predictor, similar in spirit
to polynomial regression. For example, the predictor may be augmented from the linear ¢ =

[R, G, B]", to the 2nd order polynomial predictor:

¢ = [R,G,B,R? G?% B%RG,RB,BG|" (A1)

More flexible non-linear terms, such as rational functions of the RGB components, may be

included, as in the following 12-dimensional non-linear form:

[ R,G,B,R% B?RG,... ]

R R G R+B A 2
§= G+e’B+e’ B+e’ G+e’ ( ' )
B-G G

R+G+B+€e’ R+G+B+e

where € is a small constant added to the denominators to prevent overflow. Because of collinearity
between the individual components of the predictor, we use regularized regression, such as ridge
regression [79], lasso [80], or partial least-squares regression (PLSR) [81]. PLSR with 1 PLS
component has performed the best in our experiments. Figure A-5 shows a comparison of the
detection free-response ROC curves (FROC) [82] using the standard grayscale image vs. the

adaptive grayscale image based on the 12-component non-linear predictor of Equation (A.2). At



98
98% sensitivity, the adaptive nonlinear grayscale image detects 35% fewer false positives than

standard grayscale.
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Figure A-5. FROC curves for P. falciparum detection based on standard grayscale vs.

adaptive grayscale images.

We now address the question of thresholding. Both of the popular thresholding methods [83, 84]
assume bimodal intensity histograms. This does not hold when the target objects occupy a
negligible fraction of the pixels, as is the case with malaria parasites. Furthermore, a fixed
threshold across all FoVs entails a compromise between sensitivity and false positive rate.
Adaptive thresholding per FoV is better but still involves compromise because, typically, there are
both noisy regions and quiet regions in a single FoV.

Dynamic local (i.e. pixel-wise) thresholding provides the best performance compared to either
static or FoV-wise adaptive thresholding. Our thresholding scheme estimates the local noise floor

using a large-kernel median filter. WBC pixels (which were detected and classified in the first
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pass) are replaced with the median FoV pixel value to prevent WBCs from desensitizing the local
threshold.

The adaptive grayscale intensity image is thresholded—pixel-wise—resulting in a binary image
that is processed to detect connected-component blobs. These are treated as candidate objects.
Since multiple blobs may be detected in a given z-level for the same object, distance-based
clustering is used to associate nearby detected blobs with a single candidate object. In addition,
the same object will frequently be detected at multiple z-levels of an FoV. The best-focused
version of the object (i.e. z-level image patch with the highest Brenner focus score [85]) is selected.
The output of the detector is a list of bounding boxes and thumbnails representing the candidate
objects.

Notwithstanding the use of adaptive nonlinear grayscale intensity and dynamic local thresholding,
many dark distractors are still detected. For low parasitemia samples, these distractors can
overwhelm the number of parasites. To eliminate a large number of obvious distractors, we train
a Gaussian-kernel SVM based on low-computational cost geometric, color, gradient, contrast, and
texture attributes extracted from thumbnails of the candidate objects, using the database of
annotated parasites as ground truth. The classifier achieves AUC of about 0.90 for both the training
and validation sets. The distractor filter threshold is tuned to keep the object-level sensitivity at
95% for training and 90% for validation (and holdout). We have subsequently employed a random

forest classifier [86] for the distractor filter with equivalent or better results.
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A.2.4 Feature extraction

We extract features on those candidate objects that survive the distractor filter. The recent
widespread adoption of CNNs for feature extraction and classification has led to notable
breakthroughs in performance for various computer vision tasks [56, 57, 58, 59]. We employ
CNNs using the Caffe Deep Learning Framework [87]. We have experimented with a few CNN
architectures, including AlexNet [57], VGG [88], and GoogLeNet [89]. These networks were
designed for 1000-category vision problems such as ILSVRC [90], and generally, lead to
overfitting on our binary classification problem. We, therefore, use reduced versions, optimizing
generalization performance by adjusting numbers of filters and layers in VGG and numbers of
filters and inception modules in GoogLeNet.

For the results shown in Section A.3, we used a 9 layer VGG architecture (6 convolutional + 2
fully-connected + 1 output). When VGG is used as a feature extractor, the output of 2nd fully
connected layer (after dropout) is used as the feature vector. This reduced VGG achieves about
93% accuracy on a validation set for P. falciparum vs. distractor. The VGG results are markedly
better than those achieved with AlexNet. Subsequent experiments with a reduced GoogLeNet
architecture performed roughly equivalent to the reduced VGG.

Training the CNN entails augmentation of data to avoid overfitting. Three different kinds of
augmentation are employed. The individual object thumbnails are flipped and rotated in 90°
increments which give 8x augmentation. (Smaller angles are avoided to prevent loss of resolution.)
Random positional shifts of £ 5 pixels and random augmentation of individual RGB color channels
are also performed. Initially, we employed the color augmentation approach described in [57] but

found the resulting colors unrealistic. We opted instead for random gamma correction of individual
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color channels, which gave more realistic blood smear microscopy image colors as well as
improved performance. The number of augmentations used depends on the type of object and is
anywhere from 16-64x.

The CNN is trained using equal numbers of (augmented) parasites and distractors and the
following Caffe settings: batchsize=128, base Ir=0.001, Ir_policy="inv”, power=1, gamma=10-4,

momentum=0.9, and weight_decay=10-5.

A.2.5 Classification

One approach is to use the CNN as both feature extractor and classifier. Another option is to use
the CNN as feature extractor and a different algorithm as an external classifier. The first choice
has some advantages, including simplicity, speed, and the fact that the CNN is trained with a large
(augmented) number of thumbnails. The second option provides more flexibility in responding to
new distractor types or sample preparations discovered in the field. Transfer learning [91, 92, 93]
assures us that a universal CNN feature extractor, trained on a broad set of samples available in-
house, can provide discriminative features in most field settings, while an external classifier can
be fine-tuned to local conditions. Initially, the CNN and external classifier are trained on the same
in-house samples.

We use logistic regression [94] as the external classifier for two reasons. First, logistic regression
mimics the CNN’s fully-connected + SoftMax output. Second, the software package [95]
implements a robust, large-scale learning algorithm for logistic regression based on stochastic

gradient descent. We used this architecture for the results of Section A.3.
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A.2.6 Patient-level disposition

In object classification tasks (e.g. ILSVRC [90]), a sample is a single image and the endpoint is
object classification accuracy. With malaria diagnosis, a sample is a blood film. For each blood
film, the system must process hundreds of FoVs and about 10 focal planes per FoV; and it must
detect and classify thousands of object thumbnails. The ultimate goal is to diagnose the patient;
metrics of success must reflect this goal. Because object identification is only an intermediate goal,
good object-level performance is necessary but not sufficient to assure strong performance on
patients. Object-level results are relevant only insofar as they affect patient-level accuracy. Thus
we develop and emphasize patient-level methods and metrics.

Our system counts the number of detected objects (which include true positives (TP) and false
positives (FP)), then diagnoses the patient according to whether this count exceeds some threshold.
For patient-level diagnosis, the figure-of-merit (FoM) is the estimated limit-of-detection (LoD) in
parasites/uL at fixed specificity (e.g. 95%). This determines whether the system can correctly
diagnose low-parasitemia (and healthy) patients.

Consider the following patient-level quantities:

actual number of parasites per uL
suspected number parasites per uL
number of true positives per ulL (A.3)
number of false positives per ulL
object-level sensitivity

n N+ QT

The following relations hold:
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t=p-s (A.4)

g=t+f (A.5)

Substituting Equation (A.4) into Equation (A.5), and solving for p, we obtain:

p=(q—f)/s (A.6)

Thus, we can estimate parasitemia, p, if we can estimate f and s. We know the ground truth for
the validation set, so we can estimate s on the positive samples in the validation set as follows: § =
mean(s). We can estimate f on the negative validation set because every suspected parasite is a
false positive object. The estimate of £ is the threshold £ on the number of suspected parasites/uL.

Let us assume f is Gaussian-distributed at the patient level. If we set the threshold f = mean(f),
half of negative patients will be diagnosed as positive. To get 95% patient-level specificity, we

must use a larger threshold:

f = mean(f) + 1.65 - std(f) (A.7)

The mean and standard deviation by patient are taken over the negative validation set, and
sensitivity variation is ignored for ease of calculation. Using this threshold £, we will obtain 95%

sensitivity for positive patients when the parasitemia is greater than the following LoD:

LoD = 3.3 -std(f)/s (A.8)
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The numerator in Equation (A.8) captures the algorithm’s variance in FP rate by patient, while the
denominator accounts for the inefficiency of parasite detection. For example, if sensitivity is 50%,
and std(f) = 80 p/uL, then a clean slide with many fewer false positives than usual must contain
> 264 p/uL to get a positive-object count that exceeds the threshold. This implies that the critical

FoMs for estimating LoD are mean(s) and std(f) by patient.

A.3 RESULTS

In this section, we report results in two ways, patient-level, and object-level. First, we give patient-
level diagnosis accuracy on various low parasitemia holdout sets (Figure A-6), and quantitation
results on holdout sets with a range of parasitemias (Figure A-7). Second, we present the object-
level metrics that support the patient-level results. We also provide a table that compares our
algorithm with various others in the literature. Key metrics include the number of patients and

estimated LoD.

A.3.1 Patient-level results

Our algorithm was trained on a set of 78 positive and 31 negative patients. Hyperparameters for
diagnosis and quantitation (such as mean(f), std(f), and mean(s)) were calculated on a
validation set of 54 positive and 32 negative patients. Each sample consisted of 324 FoVs (~0.1 uL

of blood). Target patient-level specificity was set to 95% on the negative validation set.
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A3.1l1 Diagnosis
The algorithm was applied to four holdout sets. Each set contained 20 negative and 10-12 low-
parasitemia P. falciparum positive slides. Two of the sets were P. falciparum diagnosis portions
of official WHO55 evaluation sets. The other two sets were ersatz WHO-type sets from different
malaria-endemic regions. The low parasitemia samples are important to clinical use-cases. Figure
A-6 shows diagnosis results by patient and parasitemia. Specificity on the negative slides in each
of the holdout sets was > 90%. We present diagnoses by parasitemia to infer empirical LoD
because patient-level sensitivity is a meaningful metric only in association with specificity and

parasitemia. These results indicate an effective LoD ~100 p/uL at 90% specificity.
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Figure A-6. Diagnosis by parasitemia for 4 holdout sets. Each dot represents a positive
patient. Blue dot: correct diagnosis, red dot: false negative. Green lines indicates parasitemia
range used for WHO evaluation (90% sensitivity @ 90% specificity = competency level 1).
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A3.1.2 Quantitation
Accurate parasite quantitation is important for case management—parasite density can indicate
the severity of the infection [48]—and for generating accurate parasite clearance curves [53] in
antimalarial efficacy studies [54]. To assess quantitation accuracy, the algorithm was applied to a
holdout set of 45 positive P. falciparum patients from various regions of the world. Results are
shown in Figure A-7. The + 25% error lines represent a range that allows the calculation of the log
slope of clearance curves with error <10% for antimalarial efficacy studies. The results indicate
that quantitation is sufficiently accurate for parasitemia > 1000 p/uL, but that estimates are high

for parasitemia < 1000 p/uL.
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Figure A-7. Parasitemia quantitation performance on holdout sets. Green lines indicate +

25% range.
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A.3.2 Object-level results

We now describe object-level metrics supporting the patient-level results described in Section
A.3.1.1. Table A-2 shows the confusion matrix for the classification of candidate objects from the
validation set via the CNN classifier. The confusion matrix was generated by setting the classifier
threshold to 0.6. At this setting, the following object-level performance metrics obtain sensitivity

91.6%, specificity 94.1%, precision 89.7%.

Table A-2. Confusion matrix for CNN on validation set.

Positive Negative
Parasite objects 33,438 3,064
Distractor objects 3,849 61,405

We compare our results with others in the literature in Table A-3. Although the most relevant
comparison between algorithms is at the patient level, due to the general lack of patient-level
information in the publications, we primarily compare object-level results. We also predict patient-
level results based on object-level metrics: the final column in Table A-3 is a projected LoD at the
patient level (estimated via Equation (A.8) at 95% specificity; when std(f) is not available, then
mean(f) is a useful indicator of the variance in FP rate). Note that several of the methods were
proposed as decision-support rather than standalone systems, and for these methods lower

specificity may be tolerable.
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Algorithm Filmtype | # Patients pL blood/ mean(f) std(f) mean(s) % LoD
training patient FP/uL FP/uL estimated p/uL
set estimated estimated
WHO level 1 microscopist thick 0.03-0.07 100
Quinn et al. [15] thick 1331 0.06 1200 § 240 20 % 4800
Rosado et al. [16] thick 6 0.04 6470 1294 78 6640
Vink etal. [17] thin AO § >22 0.47 <7 <2 75 302
Linder et al. [18] thin 44 0.05 5000 1000 85 9400
Diaz et al. [19] thin 5 0.005 15000 3000 94 12800
Delahunt et al. [20] thick 93 0.1 93 70 20 267
Ours thick 195 0.1 12 12 * 43 * 112

+ Train and validation set not separated by patient.

1 Assumes 90% precision, 20% recall per authors’ suggestion.

§ Uses non-standard Acridine-Orange staining cartridge and fluorescence microscope.

3 Results from a field trial with 70 positive, 16 negative patients, 84% patient specificity.
* Actual (not estimated).

A.4 CONCLUSION

This appendix describes a CNN-based malaria detection algorithm, the first (to our knowledge)
that applies CNN models with sufficient training and validation data and patient-level accuracy to
meet two key use-cases of the automated malaria problem: clinical diagnosis down to 100 p/uL;
and P. falciparum quantitation for drug-resistance studies. The system reads thick film blood slides
prepared with Giemsa stain according to current field norms, which is a minimum requirement for
the above use-cases. Multiple field evaluations to further test the system are currently underway.

Our internal tests indicate that the system has thus far achieved malaria diagnosis accuracy
sufficient to attain competence level 1 in the WHO external competency assessment of malaria
microscopists for P. falciparum, which means that it performs on a par with well-trained
microscopists for this species. It is still the case that highly-trained microscopists can out-perform
automated systems. While the algorithm shows robustness to wide variation in field-prepared

samples, it can fail when confronted with novel slide preparations or artifacts to which it was not
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exposed. This tendency can be ameliorated as the newly encountered material is classified and
added to its library via updates.

Our system can also be used for computer-assisted malaria diagnosis since it outputs an array of
thumbnails of the most suspicious (i.e. highest scoring) objects. In this mode, the machine reduces
the workload of the user by pre-scanning the slide and presenting the most relevant objects for
review. In initial field usage, this mode of operation may allow time for stakeholders to gain
confidence in the system’s capabilities and robustness. Regardless of usage mode, the thumbnails
are always available for confirmation and review in case of unusual findings.

The new computer vision methods we have introduced are relevant to applications in automated
medical diagnosis via microscopy, sonography, and radiology, as well as problems dealing with

rare-object detection. These applications are important areas of computer vision research.
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