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ABSTRACT

Acquiring high quality imagery in darkness has been a challenging problem in com-
puter vision. In this dissertation, we propose to develop a new imaging system that is suitable
for low light conditions. Our proposed solution is to integrate multispectral, multi-speed,
multi-resolution, and multi-focus sensors into a hybrid camera array. We also develop com-
panion computational photography algorithms for effectively fusing the captured imagery
data.

On the system side, I extend the University of Delaware (UD) light field camera array
by integrating a broader range of cameras. Specifically, our proposed system will consist of
a pair of high-resolution monochrome (HR-M) cameras, a pair of high-speed monochrome
(HS-M) cameras, and a single high-resolution RGB color (HR-C) camera. The HR-M cam-
eras further use a wide aperture for acquiring images with low level of noise images whereas
the HS-M cameras use fast shutters for capturing motion-blur free images on fast moving
objects. Finally, the HR-C camera is used to capture color information about the scene and
it uses slow shutters to reduce the color noise.

On the algorithm side, I develop a class of novel algorithms that combine the capabil-
ities of classical computer vision and computational photography for fusing the imagery data
from the hybrid sensors. First, I propose to develop techniques for fusing the images from
the HR-M cameras. Since each HR-M camera uses a wide aperture, its images exhibit shal-
low depth-of-field effects, i.e., it can only focus at one depth layer of the scene. Therefore,
we focus the two HR-M cameras at different scene depth and design multi-focus multi-view
fusing methods for synthesizing all-focus video streams.

Next, I use the HR-M imagery data as the multispectral prior to denoise the HS-M
streams. We first preprocess the HS-M images to improve their contrast using a virtual ex-

posure fusion technique. We then locate the corresponding patches on the HR-M images.

XV



Finally, to denoise the HS-M image, I design an alternating optimization algorithm by ex-
tending the Total Variation (TV) denoising algorithm by imposing the gradient fields of the
corresponding HR-M patches as priors.

Recall that the HR-C camera uses a slow shutter and therefore will incur severe mo-
tion blurs on moving targets. To resolve this problem, I use the denoised HS-M frames for
estimating the blur kernel on the HR-C camera and then apply deblurring techniques to re-
duce/remove motion blurs. We have applied our hybrid camera array system to capture both
indoor and outdoor scenes under low light. Experimental results show that our solution can
greatly enhance the quality of the imagery by reducing noise, improving image sharpness,

and removing motion blurs.
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Chapter 1
INTRODUCTION

In recent years, the use of high resolution, high speed, high dynamic range, or multi-
spectral cameras have become a common practice in many imaging applications. However,
thus far no single image sensor can satisfy the diverse requirements of all industrial camera
applications today. In particular, it remains an open problem to design suitable sensors for
conducting surveillance tasks such as tracking, detecting, and identifying targets in highly
cluttered scenes in low-light conditions. When using digital cameras for such tasks, it is
important to increase the exposure time or sensor sensitivity to capture sufficient light. In-
creasing the exposure time, however, would introduce motion blurs for moving objects and
lead to significant degradation to image quality while increasing the sensor sensitivity would
exaggerate the ambient random noise fluctuations, making image denoising more challeng-
ing.

In theory, each individual problem in low light imaging could be tackled by changing
the settings of aperture, shutter speed, focus, sensor wavelength, and etc. For example, high-
speed cameras can capture fast motion with little motion blur, but require expensive sensing,
bandwidth and storage. The image resolution in these cameras is often much lower than
many commercial still cameras. This is mainly because the image resolution has the linear
inverse relationship with the exposure time [7] to maintain the Signal-to-Noise Ratio (SNR),
i.e., higher speed maps to a lower resolution. In addition, the relatively low bandwidth on
usual interfaces like USB 2.0 or FireWire IEEE 1394a also restricts the image resolution
especially when streaming videos at 100 to 200 frame/second.

To guarantee enough exposures, one could choose to use either a wide aperture or a

slow shutter. For example, if we couple a wide aperture with fast shutters, we shall be able to



Table 1.1: Comparisons between different camera sensors

Type Advantages Disadvantages

) low image resolution
High Speed fast shutter

require large data bandwidth

High Resolution | rich spatial details | blurs for fast motions

. high contrast . . .
Multispectral require special equipment

high dynamic range

capture low-noise imagery and fast motions. However, wide apertures lead to shallow depth-
of-field (DOF) while only parts of the scene can be clearly focused. In contrast, by coupling
a slow shutter with a narrow aperture, one can capture all depth layers in focus. However,
slow shutters are vulnerable to fast moving objects which will cause severe motion blurs in
the acquired images.

Overall, high speed sensor is capable to capture fast moving objects without motion
blurs. High resolution sensor can provide fine detail of the scene. Multi-spectral sensors can
capture wavelengths beyond the visible light that are potentially advantageous to reducing
noise and enhancing contrast. However, no sensor by far is perfect: each type of the sensors
has its disadvantages, as shown in Tab. 1.1.

Recent advances in digital imaging suggest that it may be possible to construct hy-
brid imaging devices by combining a heterogeneous type of sensors. In this dissertation,
we present a new imaging system that integrates multi-spectral, multi-speed, multi-focus,
and multi-resolution sensors into a hybrid camera array and use this new imaging device for
conducting surveillance tasks under low light conditions. We further develop the compan-
ion computational photography algorithms for effectively fusing the imagery data from the

heterogenous types of sensors.



1.1 Dissertation Statement

Our research explores new imaging systems to improve the effectiveness and robust-
ness in surveillance under poor lighting conditions. By leveraging multi-spectrum, high-
speed, and high-resolution image sensing, we develop a hybrid camera array to satisfy the
diverse requirements of surveillance.

Hardware Design:

To tackle the problem of capturing high quality images under low light, we first pro-
pose to design a hybrid camera system that combines the advantages of high speed, high res-
olution, and multi-spectral sensors. Our proposed system extend the University of Delaware
(UD) light field camera array by integrating a broader range of cameras. Specifically, our sys-
tem consist of a pair of high-resolution monochrome (HR-M) cameras, a pair of high-speed
monochrome (HS-M) cameras, and a single high-resolution RGB color (HR-C) camera. All
monochrome cameras can be equipped with Near Infra-Red (NIR) filters for acquiring high
quality imagery data when active NIR light sources are available. In addition, the HR-M
cameras further use a wide aperture for acquiring images with low level of noise whereas
the HS-M cameras use fast shutters for capturing motion-blur free images on fast moving
objects. Finally, the HR-C camera is used to capture color information about the scene and
it uses slow shutters to reduce the color noise.

Algorithm Design:

On the algorithm side, we develop new multi-focus fusion, multi-spectral denoising,
and multi-speed motion deblurring modules for synthesizing high quality, high speed, and
high resolution imagery from the captured data. Specifically, we explore the rich information
captured by the hybrid camera, in both spatial and temporal domains, for designing robust
algorithms for low light imaging.

Fig.1.1 shows the processing pipeline for the low-light imaging system using our hy-
brid camera. We first develop new techniques for fusing the images from the HR-M cameras.
Since each HR-M camera uses a wide aperture, its images exhibit shallow depth-of-field ef-
fects, i.e., it can only focus at one depth layer of the scene. Therefore, we propose to focus

the two HR-M cameras at different scene depth and design multi-focus multi-view fusing
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Figure 1.1: System pipeline for low-light imaging.

methods for synthesizing all-focus video streams.

Next, we present an alternating optimization algorithm to remove sensor noise cap-
tured by HS-M cameras. We model image denoising as an optimization problem and regu-
larize it by a ¢, total variation (TV) term and a multispectral prior. The TV regularization can
remove unwanted details while preserving important details such as edges. Our multispectral
prior can bring missing details from the fused all-focus HR-M image to the low resolution
noisy HS-M images. These terms both regularize the objective function in this minimization
problem to effectively reconstruct low-noise HS-M image sequences.

Recall that the HR-C camera uses a slow shutter and hence will incur severe motion
blurs on moving targets. We use the denoised images from the HS-M cameras for estimating
blur kernels on the HR-C camera. We then apply deblurring techniques such as Richardson-

Lucy deconvolution to reduce the motion blur.

1.2 Contributions

This dissertation makes the following contributions in system designs and algorithm

developments.



System Design:

e A UD light field camera array system that uses one workstation to support a 3 x 3 cam-
era array capturing synchronized, well-calibrated, and uncompressed video sequences
at 1024x768x8bit@30fps or 1024x768x24bit@ 15fps. The maximum data recording
bandwidth of this system is up to S00MB/s.

e We further construct a hybrid camera array that combines the advantages of high-
speed, high resolution, and multispectral image sensors. All sensors in our camera
array are synchronized through software solutions and they are controlled by a single
workstation.

Algorithm Developments:

e We develop a novel multi-focus fusion technique for low light imaging. It captures an
dual focus stereo pair using wide apertures to reduce sensor noises, and then fuses an
all-focus image for multi-spectral denoising of HS-M and HR-C cameras.

e We develop an alternating optimization algorithm to remove sensor noise in HS-M im-
ages. We first preprocess the captured images using a new virtual exposure technique,
then conduct patch matching between the HR-M image pairs and the HS-M images.
We use these patch priors and a ¢; total variation term to regularize the objective func-
tion for image denoising.

e Finally, we develop a robust algorithm for motion deblurring and depth map super-
resolution. Our method first recovers a low resolution depth map from the HS-M pair
and combines it with each HS-M’s motion flow to estimate the point spread functions
(PSFs) in the HR-C image. After motion deblurring the HR-C image, we then use it
to upsample the low resolution depth map using joint bilateral filters.

e We apply our hybrid camera and algorithms for capturing both indoor and outdoor
scenes under low light. Our new imaging system is capable of reconstructing high
quality color images at 1024x768x24bit@7.5fps and can be used as basis for other
low light applications, such as pedestrian detection, recognition, and object tracking.

1.3 Blueprint of the Dissertation

This dissertation is organized as follows. Chapter 2 describes the related work on
camera array designs and defocusing, deblurring and denoising. Chapter 3 describes the
hardware design of our hybrid camera array. Chapter 4 — 6 describes our computational pho-
tography algorithms for generating high resolution, low-noise, low motion blur color video

streams under low-light conditions. Specifically, Chapter 4 describes our multi-focus fusion



technique. Chapter 5 describes the multispectral denoising framework. Chapter 6 discusses
motion deblurring. Chapter 7 demonstrates combining the hardware and the algorithms for
conducting low-light surveillance. Chapter 8 concludes the thesis and discusses future ex-

tensions.



Chapter 2
RELATED WORK

Recent advances in digital imaging and computer vision [95] has led to the devel-
opments of many new imaging systems and computational photography algorithms. The
use of camera array [49, 54,74, 147], specially designed apertures [5,42,69, 121], lens [83],
flash [64, 94], or shutters [93] has become a common practice for various imaging appli-
cations. In this chapter, we briefly review existing computational imaging approaches for

multi-modal fusion that are closely related to this work.

2.1 Multi-Camera System

In recent years, a number of camera systems have been developed for specific imag-
ing tasks. For example, the Stanford light field camera array [73, 120, 127, 128] is a two
dimensional grid composed of 128 1.3 megapixel firewire cameras which stream live videos
to a stripped disk array. Wilburn et al. [128] showed that this large camera array can be
treated as a single camera and applied it for high speed imaging, high-resolution imaging,
and wide aperture photography with dynamic depth-of-field control. The MIT light field
camera array [134] uses a smaller grid of 64 1.3 megapixel USB webcams for synthesizing
dynamic Depth-of-Field effects. Zitnick et al. [147] developed a multi-view video capture
system with 8 synchronized video cameras mounted along a horizontal rig. Their goal is
to use computer vision methods to reconstruct the 3D scene and then synthesize new views
from the recovered geometry and the input videos. McGuire et al. [81] combined 3 cameras
with varying focus and aperture settings to automatically extract a matte image. They elab-
orately design the system using beamsplitters so that all three cameras can capture the scene
from the same viewpoint. Along the same line, Joshi et al. [54] constructed a linear array of

8 Basler cameras for natural video matting. Their setting is more flexible as the cameras no



longer need to have the same viewpoint. They first create a synthetic wide aperture image
with focused foreground and defocused background and then extract the alpha matte.

Instead of using multiple cameras, it is also possible to manipulate the light rays
using lenslet arrays or attenuating masks [38, 83, 121]. The key idea here is to trade spatial
resolution for angular resolution: cameras these days have very high resolution and if we
can distribute the resolution into multiple views, we can effectively capture a light field.
For example, Ng et al. [83] designed a light field camera that combines a single DSLR
with a microlenslet array. Each lenslet captures the scene from a different viewpoint and
the lenslet array effectively emulates a camera array. By using a large number of densely
packed lenslets, one can virtually capture a large number of viewpoints in a single image.
It also, however, comes at the cost of reduced resolution for each light field view. A light
field camera is typically paired with an ultrahigh-resolution static DSLR and is therefore not
applicable to video streaming. Liang et al. [77] proposed a programmable aperture scheme to
capture light field at full sensor resolution through multiple exposures without any additional
optics and without moving the camera. However, they require both the scene and the camera
be static as well since their data are captured sequentially. To improve the spatial resolution
of light fields captured by an plenoptic camera, Georgiev and Lumsdaine [39] proposed the
focused plenoptic camera model for light field super-resolution.

Similar to the lenslet based multi-view acquisition system, mirror-based (catadiop-
tric) systems can also be used to acquire the incident light fields. In essence, these systems
point a commodity perspective camera at an array of spherical or hyperbolic mirrors to simul-
taneously capture multiple views. Their applications include image-based relighting [119],
triangulation of a point light source [67], object detection for video surveillance [58], and
3D reconstruction [24, 65]. The major drawback of catadioptric systems is that the images
captured are often multi-perspective due to reflection distortions and therefore conventional
perspective-camera based vision and graphics algorithms are not directly applicable for pro-
cessing these images. For example, to reconstruct the 3D scene, Lanman et al. [65] locate the
corresponding points in each sphere image via semi-automatic approaches. Ding et al. [24]

proposed to use general linear cameras (GLC) [139] to approximate each mirror image as



piecewise primitive multi-perspective cameras for stereo matching and volumetric recon-
struction. Taguchi et al. [111] recently developed a closed-form solution for computing the
projection from a 3D point to its image in axial-cone based mirrors for efficient view synthe-
sis.

The major difference between these existing multi-camera/light field systems and our
proposed solution is that we use a heterogenous set of cameras, i.e., cameras in the system

have different aperture, shutter, resolution, or spectrum settings.

2.2 Low Light Imaging: Denoising vs. Defocusing

The main application of our system is high quality low-light imaging. Acquiring high
quality imagery under low light using a commodity camera has been a challenging problem
in computer vision and computational photography. There are essentially two approaches to

reduce noise at the capture stage: extend the exposure time or increase the aperture size.

2.2.1 Aperture

Wide apertures allow more light to be admitted to the camera and are suitable for
low-light and fast motion imaging. However, they also lead to shallow depth-of-field (DOF)
where pixels are sharp around what the lens is focusing on and blurred elsewhere. Most
existing methods have been focused on effectively using defocusing for recovering scene

geometry as well as designing tools for reducing defocus blurs.

Depth-from-Defocusing (DfD). Recovering scene depth from multiple defocused
images is a well-explored problem in computer vision. Most existing approaches require
capturing a large number of images from the same viewpoint with different focuses [35, 56].
By minimizing the blur, scene depth can then be estimated. For example, [45] captures all
possible combinations of aperture and focus settings to recover very high quality depth maps.
It is also possible to fuse the estimated DfD depth map with stereo map, e.g., via weighted
fusion [3]. [92] uses two stereo pairs, each having a different focus, to separately model the

depth map and the defocused image as Markov random fields. Finally it is also possible to



conduct a temporal defocus analysis method to recover depth map by estimating the defocus

kernel of the projector [143].

Specially Designed Apertures. In the emerging field of camera imaging, several
researchers have suggested that replacing regular circular-shaped apertures with specially
designed ones has many benefits. For example, coded apertures [69, 121, 146] change the
frequency characteristics of defocus blur and use special deconvolution algorithms to reduce
blurs and estimate scene depth from a single shot. Color-filtered aperture [5] divides the
aperture into three regions through which only light in one of the RGB color bands can
pass. Out-of-focus regions will lead to depth-dependent color misalignments, which can
then be used to determine scene depth. For more details, we refer the readers to the survey
of computational photography [95]. A downside of these approaches is the requirement of

modifying the camera optical system.

Multi-focus Fusion. It is also possible to create all-focus images using multi-focus
photomontage. Levin et al. [69] uses coded apertures coupled with special deconvolution
algorithms based on sparse-prior to recover an all-in-focus image for refocusing. Since they
use regular circular-shaped apertures, their technique cannot fully recover the high-frequency
components in the defocused images. Alternatively, digital photomontage systems [1] pro-
vide users with an interactive interface to highlight the desired regions in different images
and then automatically fuse the selected regions. Dai and Wu use image matting techniques
to iteratively recover the foreground and background layer from a partial blur image [22]. 1t
is also possible to capture a sequence of images from the same viewpoint with varying focus
and then merge them to synthesize extended depth of field [44]. These systems either rely on
user inputs and graph-cut optimization to segment the desired regions, or requires viewpoint

registrations.

2.2.2  Shutter
An alternative approach to increase the exposure is to use a slow shutter. However,

slow shutters will introduce motion blurs when capturing fast moving objects. Majority
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efforts have hence been focused on robust image deblurring algorithms.

Image Deblurring. The problem of image-deblurring has been well studied in the
image processing community, since taking satisfactory photos of fast moving objects under
low light conditions using a hand-held camera is very challenging. Most previous methods
have focused on recovering the blur kernel, or the point spread function (PSF). The classical
Wiener filter [138] is usually used to restore the blurred image when PSF is given or esti-
mated. Computer vision methods such as graph cuts [91] and belief propagation [115] have
also been used to recover nearly optimal deblurred images. Tull and Katsaggelos [118] pro-
posed an iterative restoration approach to further improve the quality of deblurred images.
Jia et al. [50] improved a short exposure noisy image by using color constraints observed
in a long exposure photo without solving for the PSF. Fergus et al. [34] used a zero-mean
Mixture of Gaussian to fit the heavy-tailed natural image prior, and employed a variational
Bayesian framework for blind deconvolution. Yuan et al. [141] show that a sharp and noisy
short exposure of a scene and a long exposure of the same scene can be combined together
to reconstruct a PSF and a high-quality latent image.The advantage of this method is that
the denoised image can be used as a good initial guess for the latent image L estimation.
Furthermore, during the deconvolution step of their algorithm, they use the denoised image
as prior which increases the quality of the deconvolution. Most single-image deblurring al-
gorithms assume the PSF is spatially-invariant. An exception is the work by Levin [68] in
which the image is segmented into several layers with different kernels, each assumed to
have a constant motion velocity.

More recent image deblurring techniques have focused on using priors for guiding
the deconvolution process [51,63,72,102,104,133]. Shan et al. [102] exploited sparse priors
for both the latent image and blur kernel and developed an alternating-minimization scheme
for blind image deconvolution. Levin et al. [72] showed that common MAP methods based
on estimating both the image and kernel are not reliable and often lead to trivial solutions.
In contrast, estimating the blur kernel is better constrained since the kernel has much smaller

size than the image. Xu and Jia [133] proposed an efficient kernel estimation method based
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on spatial priors and strong edges exhibited in the image. Other types of priors include
total variation regularization (also referred to as Laplacian prior) [19, 114,123], heavy-tailed

natural image priors [34, 102], color priors [53], and Hyper-Laplacian priors [63].

Hardware Solution. Hardware solutions have also been proposed to reduce motion
blurs. These include the techniques based on lens stabilization and sensor stabilization. For
example, adaptive optical elements controlled by inertial sensors have been used to com-
pensate for camera motion [18, 84]. Joshi et al. [52] used a combination of inexpensive
gyroscopes and accelerometers in an energy optimization framework to estimate a blur func-
tion from the camera’s acceleration and angular velocity during an exposure. Coupled with
natural image prior, they proposed to deblur the images via a joint optimization scheme.

Our work is inspired by the hybrid speed camera by Ben-Ezra and Nayar [7]. To es-
timate blur kernels for image deconvolution, they developed an imaging system that consists
of a low resolution high speed (LRHS) and a high resolution low speed (HRLS) camera.They
assume that motion blurs are caused by the shaking of the camera and they track the motion
in the LRHS camera to recover the PSF and then deblur the image. It is also possible to ap-
ply their system to deblur moving objects [8]. However, their method only supports spatially
invariant blur kernels. As an extension to [8], Tai et al. [112] recently constructed a hybrid
camera system to reduce spatially-varying motion blur in videos and images. They attach a
LRHS camera to a HRLS camera, align their optical axes using a beamsplitter, and apply an
iterative algorithm to remove blurs.

The major difference between these existing computational imaging solution and ours
is that we do not assume that the cameras are co-axial. Although this co-axial setup could
give accurate registrations between different viewpoints, it requires special equipments to
precisely calibrate the system, and splits the incident rays accross different views, which
makes it not suitable for low light applications. We mount the heterogenous sensors on a
2D array and actively use the scene depth information (e.g., disparity and focus variations)

across the cameras.

Image Denoising. Finally, it is also possible to directly process the noisy image via
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denoising algorithms. There is a considerable amount of literature on image denoising. Here
we only focus on recent computational imaging solutions and the state-of-the-art patch-based
techniques. On the computational photography front, the flash/non-flash pair photography
[87] aims to use the image captured under flash to enhance the one captured without flash,
e.g., via bilateral filters [85,117]. Bennett et al. [9] demonstrated a per-pixel exposure model
to enhance underexposed visible-spectrum video. They use the “dual bilateral” to fuse the
visible-spectrum videos for temporal noise reduction and color/edge preserving. Krishnan
and Fergus [64] captured a pair of images using “dark™ flash, that is, low power infra-red
and ultra-violet light outside the visible range. They then exploit the correlations between
images captured with the dark flash and with ambient illumination. An important aspect of
their solution is their optimization technique: they use the strong correlations between color
channels to regularize an optimization scheme and then solve it using Iterative Re-weighted
Least Squares [69, 106]. It is also possible to use images captured under the same setting but
from multiple views for denoising. Zhang et al. [144] captured a sequence of images under
low light and then estimate the rough correspondences between the images. To denoise a
patch, they first find a stack of similar patches and then use the principal component analysis
and tensor analysis to remove image noise. In their implementation, a large number of
images (~ 20) need to be used for robust denoising. Our work, in contrast, aims to use
images captured with different settings (aperture, shutter, resolution, and spectrum) and we
only use 5 images/cameras.

For single image denoising, it is commonly acknowledged that the patch-based 3D
filtering (BM3D) technique [21] is by far the state-of-the-art. Built on the concept of non-
local means [14], BM3D exploits self-similarity within an image: it first groups similar
patches into a 3D stack and applies hard-thresholding to the transformed coefficients in the
3D wavelet domain, then dispatches each patch of the 3D stack back to its original place
to generate the initial estimate, and finally runs this process again but applying the optimal
Wiener filtering to the transformed coefficients to reconstruct the denoised image.

Along the same non-local direction, i.e., using non-local averaging of all pixels in

an image, Chatterjee and Milanfar [20] proposed a locally learned dictionaries framework
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to reduce image noise by clustering the given noisy image into regions of similar geomet-
ric structure. Recently, Mairal et al. [80] combined the sparse coding with the non-local
means method, and proposed to jointly decompose groups of similar signals on subsets of
the learned dictionary. Their methods can be used for a range of applications including
image denoising, demosaicking, and image completion. Different from these non-local de-
noising methods, local methods [16,30,79] aim to construct or learn a dictionary as the basis
functions to enforce the sparsity priors commonly observed in the natural images. It is also
possible to combine non-local and local methods. For example, Dong et al. [26] formulated
the denoising problem as a double-header ¢; optimization problem that is regularized by both
dictionary learning and structural filtering. Most recently, Levin and Nadler [71] suggested
that state-of-the-art single-image based denoising algorithms are approaching optimality. In
this thesis, we borrow the idea of dark flash photography [64] to achieve multi-camera de-

noising (Chapter 5).
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Chapter 3
HYBRID CAMERA SYSTEM DESIGN

In this chapter, we elaborate on the system design of our hybrid camera arrays. We
first present a portable multi-view acquisition system by constructing a 3x3 camera array.
We analyze some important issues that affect the design of our imaging system, including
bandwidth concern, data recording device, camera synchronization, computer architecture,
and etc. We also demonstrate using our camera array for dynamic fluid surface acquisitions.
Next, we modify the camera array by using heterogenous types of sensors. We carefully

choose the appropriate sensors for the task of low-light imaging.

3.1 Light Field Camera Array

In recent year, a number of camera systems have been developed for specific imaging
tasks. For example, the Stanford light field camera array [73, 120, 127, 128] is a two dimen-
sional grid composed of 128 1.3 megapixel firewire cameras which stream live video to a
stripped disk array. The MIT light field camera array [134] uses a smaller grid of 64 1.3
megapixel USB webcams for synthesizing dynamic Depth-of-Field effects. These systems
require using multiple workstations and their system infrastructure such as the camera grid,
interconnects, and workstations are bulky, making them less suitable for on-site tasks.

We have constructed a small-scale camera array controlled by a single workstation,
as shown in the left of Fig.3.1. Our system uses an array of 9 Pointgrey Flea2 cameras to
capture the dynamic fluid surface. We mount the camera array on a metal grid and support
the grid through two conventional tripods, so that we can easily adjust the height and the
orientation of the camera array. The camera array is connected to a single data server via 4
PCI-E Firewire adaptors. The use of Firewire bus allows us to synchronize cameras through

the Pointgrey software solution.
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Target Application. The target application of our system is to recover dynamic 3D
fluid surfaces. To do so, we place a known pattern beneath the surface and position the
camera array on top to observe the pattern. By tracking the distorted feature points over time
and across cameras, we obtain spatial-temporal correspondence maps and we use them for
specular carving to reconstruct the time-varying surface. In case one of the cameras loses
track due to distortions or blurs, we use the rest cameras to construct the surface and apply
multi-perspective warping to locate the lost-track feature points so that we can continue using

the camera in later frames. We apply our system to capture a variety types of fluid motions.
This system setup gives us many advantages for multi-view data streaming:

- Low maintainance. Because of the single workstation and compact camera grid de-
sign, we don’t need to develop distributed control modules, sophisticated data saving
software, and complicated multi-camera calibration algorithms. Thus our system is
very easy to maintain.

- Portable. Compared to other light field camera arrays, our system is very compact and
easy to port for different applications.

- Affordable. By eliminating multiple workstations, network devices and external cam-
era synchronization units, our system has a total cost under $10, 000.

- Adjustable. Since all cameras are mounted on a reconfigurable rig, we can easily
adjust the camera baseline to achieve optimal reconstruction results.

Data Streaming. Streaming and storing image data from 9 cameras to a single single
workstation is another challenge. In our system, each camera captures 8-bit images of reso-
lution 1024x768 at 30fps. This indicates that we need to stream about 2Gbps data. To store
the data, previous solutions either use complex computer farm with fast ethernet connections
or apply compression on the raw imagery data to reduce the amount of data. For fluid surface
acquisition, the use of compression scheme is highly undesirable as it may destroy features
in the images. We therefore stream and store uncompressed imagery data. To do so, we
connect an external SATA disk array to a data server (Intel SC5400BASENA chassis) as the
data storage device. The disk enclosure houses 8 high performance 1TB SATA II 3Gb/s hard
drives, and connects to a x4 PCI Express SATA controller via two high-quality 6 foot long
locking Multilane mini SAS cables. This SATA array is capable of writing data at 500MB/s
when configured to RAID 0.
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Figure 3.1: System setup for dynamic fluid surface acquisition. We divide the camera array
into two groups (gray and black) and interleave the trigger for each group to
double the frame rate.

Time-Divided Multiplexing. Since the Flea2 cameras can only achieve a maximum
frame rate of 30fps, we have adopted a time divided multiplexing scheme to further improve
the frame rate of our system. Our solution is similar to the Stanford light field high speed
imaging scheme [128] that interleaves the exposure time at each camera. Specifically, we
divide the camera array into two groups, four in one group and five in the other, as shown in
the right of Fig.3.1. We set the exposure time of each camera to be 10ms to reduce motion
blurs. While all cameras still capture at 30fps, we trigger the second camera group with a
1/60 second delay from the first one. We also develop special algorithms for warping the
reconstruction result from the first group to the second so that our system is able to perform
at 60fps. For details, please refer to [25].

Experiment Setup. We construct a plastic water tank of dimension 11in x 17in X
10in. Compared with off-the-shelf glass water tanks, our plastic tank reduces inter-reflections
and scattering so as to robustly track the feature points. We print a black-white checkerboard
pattern on regular paper, laminate it, and then glue it to a planar plastic plate. We stick this
plate onto bottom of the container and use it for both camera calibration and feature tracking.

Lens Specs. In our experiments, the choice of camera lenses is also crucial in our

acquisition process. For example, a camera’s field-of-view should be large enough to cover
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the complete fluid surface. In our setup, we choose 45° wide angle lens with a focal distance
of 12¢n. Since all cameras are mounted on a reconfigurable rig, we can easily adjust the
camera baseline to achieve optimal reconstructions.

Calibration. A number of options [73, 134] are available for calibrating the cameras
in the array. Since the observable regions of our cameras have large overlaps, we directly
use Zhang’s algorithm [145] for calibration by reusing the checkerboard pattern mounted at
the bottom of the tank. This approach also has the advantage of automatically calibrating all
cameras under the same coordinate system and simplifies our feature warping scheme. We
further perform color calibrations using the technique proposed by Ilie et al. [48].

Sample Results. To generate fluid motions without disturbing the camera setup, we
use a hair dryer to blow air onto the surface. We start with reconstructing the first frame using
cameras in group A, and we detect feature correspondences and apply specular carving to
recover the normal field and then the height field. Fluid surface reconstruction results can be

found in [25].

3.2 Hybrid Camera System.

Next we show how to extend the light field camera array to our proposed hybrid cam-
era system. Capturing high quality color images under low light conditions is a challenging
problem in computer vision. Images captured by commodity cameras are usually under-
exposed and very noisy. To reduce the sensor noise and hence improve the SNR, one can
adopt two possible solutions: using a wide aperture or using a slow shutter. However, wide
apertures will lead to shallow depth-of-field, i.e., only a small portion of the scene would be
clearly focused; slow shutters, on the other hand, will lead to severe motion blurs in the pres-
ence of fast moving objects. It is also worth noting that using larger sensors will also help
reduce the noise as the noise amplitude is approximately inverse-proportional to sensor size.
For example, high-end digital SLRs with larger sensors perform much better than consumer
digital cameras in low light imaging even with the same aperture setting.

From the spectrum perspective, one way to gather more photons is to capture Near

Infrared (NIR) lights in addition to visible light, e.g., by using NIR sensitive cameras. A
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downside is that NIR lights would lead to a predominance of red in color cameras. As a
result, one needs to use an elaborately designed, camera-specific white balancing process
for correcting the color. In fact, nearly all manufacturers equip their color cameras and
camcorders' with an Infrared (IR) Cut Filter or ICF that behaves like the 486 optical filter’
to block NIR light in color cameras as shown in Fig.3.3(c). An effective way to capture NIR

lights without degrading image quality hence is to use monochrome cameras.

3.2.1 System Setup

Our goal is to combine the benefits of different types of cameras (with respect to aper-
ture, shutter, resolution, and spectrum) by constructing a hybrid camera array. Fig.3.2 shows
our proposed hybrid camera system: our prototype consists of two Pointgrey Grasshop-
per high speed monochrome (HS-M) cameras (top), two Pointgrey Flea2 high resolution
monochrome (HR-M) cameras (bottom), and one single Flea2 high resolution color (HR-C)
camera (center). All cameras are equipped with the same Rainbow 16mm C-mount F1.4
lens. We mount the five cameras on a T-slotted aluminum grid, which is then mounted on
two conventional tripods for indoor applications. To deal with the long working range of
outdoor applications, we also build a giant “tripod “from a 6 foot step ladder to hold the
camera array grid, as shown in Fig.3.2(c). Similar to the camera system for dynamic fluid
surface acquisition as discussed in Sec.3.1, we use the same workstation along with data
streaming systems to acquire and store the images. We also apply similar techniques for
camera synchronization and calibration.

Next, we explain our design principle. In our hybrid camera system, we use the HR-
M camera with a large aperture to capture low-noise images. However due to the use of large
apertures, the resulting images would have shallow depth-of-fields, i.e., strong defocus blurs
for out-of-focus regions. We hence use two HR-M cameras focusing at different parts of the

scene with the aim to fuse the focused regions in the two cameras. To handle fast motions,

! The only few exceptions such as Sony H9 have a NightShot model that can temporarily
switch off the ICF to capture IR images.

2 Courtesy of The Image Source®©
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Figure 3.2: Our hybrid camera system for low-light imaging. (a) shows that our hybrid
camera array consists of five cameras, two monochrome grasshopper (top), one
color Flea2 (center), and two monochrome Flea2 (bottom). (b) shows the com-
plete hybrid camera system for indoor applications, while (c) demonstrates our
camera setup for outdoor low-light applications.

we use two HS-M cameras to capture the motion blur free images. However these images
are usually dark, noisy and low contrast due to fast shutters. Color is very vital to many low
light applications, therefore we use long exposure for the HR-C camera to capture reliable
color information of the scene. The key disadvantage of using long exposure is that this
could cause severe motion blurs for moving objects. In this dissertation, we propose new
algorithms to fuse these imagery data to reconstruct high quality color images for low light
applications.

In our setup, we choose to use monochrome cameras as the high speed cameras and
the high resolution large aperture cameras, since they can gather more lights (visible and
NIR) than color cameras. This is due to the fact that monochrome image sensors do not
have an ICF or a “Bayer array”. Bayer array can discard approximately 2/3 of the incoming

light at every pixel, which is highly undesirable for low light imaging. To further reduce

3 Virtually all color image sensors use the Bayer array pattern, except for the Foveon sensors
used in the Sigma SD9/SD10 which captures all three colors at each pixel location.
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Figure 3.3: Hybrid camera setup for extreme low-light conditions. (a) shows our hybrid

camera setup for extreme low-light conditions. An typical NIR illuminator with
98 LEDs is mounted on top of the camera rig. (b) shows the spectral sensitivity
curve of Sony© CCD ICX204AL, used in the Flea2 monochrome cameras. (¢)
demonstrates the spectral characteristics graph of The Image Source© optical

filters.
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image sensor noise, the two HR-M cameras use a wide aperture and focus at two different
depth layers. The two HS-M cameras have pixel size of 7.4 x 7.4 pm and work at 640 x
480 x 8bit@ 120fps whereas the two HR-M cameras have pixel size of 4.65 x 4.65 pm and
perform at 1024 x 768 x 8bit@30fps. The last Flea2 color camera captures color images
of size 1024 x 768 at 7.5fps. To reduce motion blurs, we configure the exposure time of the
two HR-M cameras to be the same as the two HS-M cameras.

In theory, it is possible to use just one HS-M camera to capture fast motions. How-
ever, HS-M stereo cameras would make the warping of point spread function (PSF) onto the
HR-C camera much more accurate than just one HS-M camera. This is because the disparity
map estimated from one HS-M and two HR-M images would have lots of errors due to the
difference in noise and defocus blur levels between them and the strong parallax existed in
both directions on the image plane. Besides, the use of two HS-M cameras could also give
us the strong extensibility to this hybrid camera system, for instance, high speed stereo video
super-resolution, 3D TV, and etc.

To reduce motion blurs for HR-M cameras, we set their exposure time to be the same
as the HS-M cameras. One major drawback of this dual HR-M camera setup is that we
cannot get the low-noise infocus imagery for the entire depth range of the scene. Instead of
adding more HR-M cameras focusing at the intermediate depth ranges, we carefully set the
focuses of the two HR-M cameras. To fully utilize the current setup, we let the first HR-M
camera focus at H/2, and the other one at H /3, where H is the hyperfocal distance. This
would give us the optimal DOF from H /4 to infinity.

Under extremely low-light conditions, there would not be enough visible or NIR light
even for our HR-M cameras. In this cases, similar to existing nightvision surveillance cam-
eras, we install some active NIR LEDs around our camera system to improve the lighting
condition. As shown in Fig.3.3(a), we mount on top of the camera rig an NIR illuminator
with 300ft distance range and with wavelength of 850nm from YY Trade Inc. This NIR
illuminator is compatible with our design, since the CCD sensor used in Flea2 monochrome

cameras is capable to capture NIR of wavelength 850nm, as shown in Fig.3.3(b). Fig.3.4
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Figure 3.4: A pair of sample images captured under extreme low-light conditions with-
out/with NIR illuminator respectively.

shows a pair of sample images captured at a construction site with or without the NIR illu-
minator. We can see that this NIR illuminator is able to greatly improve the image quality
under extremely low lighting conditions.

In summary, the HR-M cameras in our system aim to capture low-noise images but
with strong defocus blurs, the HS-M cameras capture fast motions without motion blurs but
their images are usually very noisy, and the HR-C camera provides reliable color information
of the scene using slow shutters at the cost of strong motion blurs for the fast moving objects.
In Chapters 4-7, we develop a class of computational techniques for combining the imagery
data from our system for reconstructing high resolution, noise free, and motion blur free

color video streams under low light conditions.
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Chapter 4
MULTI-FOCUS FUSION

In this chapter, we present a novel multi-focus fusion technique. It uses a pair of
images captured from different viewpoints, and at different focuses but with identical wide
aperture size, called dual focus stereo pair (DFSP), as shown in Fig. 4.1. Wide apertures
allow more light to be admitted to the camera and are suitable for low-light and fast motion
imaging. However, they also lead to shallow depth-of-field (DOF) where pixels are sharp
around what the lens is focusing on and blurred elsewhere. Hence, each image in an DFSP
exhibits different defocus blurs and the two images form a defocus stereo pair, as shown in
Fig. 4.2.

To model defocus blur, we introduce a defocus kernel map (DKM) that computes
the size of the blur disk at each pixel. We derive a novel disparity defocus constraint for
computing the DKM in DFSP, and integrate DKM estimation with disparity map estimation
to simultaneously recover both maps. We show that the recovered DKMs provide useful

guidance for segmenting the in-focus regions and multi-focus fusion.

4.1 Defocus Kernel Map

Similar to [31,56, 66, 86,92, 125, 131], we use Gaussian PSFs to effectively approx-
imate defocus blurs. Recent papers on coded apertures [69] have shown that other types of
PSFs may be more suitable for reducing blur kernels. We, however, choose to use the Gaus-
sian PSF for its simplicity in modeling the DKM. In fact, we derive the DKM Constraint to
directly correlate scene depth with Gaussian kernel sizes. In this paper, the defocus blur at

every pixel p is modeled as:

I(p) = Io(p) ® b(d(p), c) (4.1
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Figure 4.1: An dual focus stereo pair.

Figure 4.2: Each image in an DFSP focuses at different scene depths. A 3D point focused
in one image will appear defocused in the other.

where ® is the convolution operation. [(p) is p’s intensity after the defocus blur. Iy(p) is
p’s intensity in the all-focus image. b(d(p), ¢) is the blur kernel at p and is a function of p’s
depth d(p) and the camera parameters c (i.e., camera aperture size and focal length). In this
paper, we call b the Defocus Kernel Map or DKM.

In DFSP, since we only vary the scene focus while fixing the aperture size and the
focal length, ¢ will remain constant and hence we can use b(p) to represent the blur disk size
at every pixel p. We first derive b(p) in terms of ¢ and d(p). Assume the camera uses a thin

lens of focal length f, aperture size D, and f-number N = f/D, and its image plane is
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Image plane

(b)

Figure 4.3: Defocus kernel map (DKM): (a) The blur disk diameter b depends on the aper-
ture size and the depth of the scene point. (b) shows a sample DKM of a syn-
thetic scene.

positioned at v, away from the lens to focus objects at depth s from the lens. s and v, then

satisfy the thin lens equation:

1 1 1
= 4.2
s+v5 f (4.2)

Consider an arbitrary scene point p lying at depth d(p), its image will focus at v(p) = f -

d(p)/(d(p) — f) by the thin lens equation. If d(p) < s, then p’s image will lie behind the

image plane shown in Fig. 4.3(a). Thus, p will cast a blur disk of diameter b(p), where
(’U(p) - Us) D

b(p) = o07) (4.3)

Substituting v(p) and v, with d(p) and s using the thin lens equation and we have:

| d(p) — s |
d-(s—p)

where a = f?/N, and 8 = f. Eqn. 4.4 computes the blur disk size at every pixel in terms

b(p) = « (4.4)

of its scene depth and we call it the defocus constraint.
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4.1.1 Disparity Defocus Constraint
Next, we derive the defocus constraint in terms of the disparity map' in DFSP. DFSP
is a pair of images /; and 5 captured with the same f-number and focal length but focused
at different scene depths. For every pixel p in [y, its disparity v(p) (with respective to I5)
can be computed from its depth d(p) as v(p) = K/d(p), where K is the multiplication of
the baseline of the dual camera and their focal length, therefore it is constant for all pixels.
Similarly, we can map the in-focus scene depth s in I; to its disparity 7. Substituting d(p)
and s with v(p) and 5 in the defocus constraint Eqn. 4.4, we have:
b(p):d\vi—v(p)! 45)
B =
where & = a/f and 3 = K/f3. We call Eqn. 4.5 the disparity defocus constraint. Similarly,
we can compute the DKM b of I, with respect to ;. For the rest of the paper, we, by default,

refer the DKM to the one associated with ;.

4.2 Defocused Stereo Matching

In this section, we show how to simultaneously recover the DKMs and the disparity
map. We assume that each image in an DFSP focuses at some scene objects/features. This
1s a common practice in photography, especially when one uses a hand-held camera. Our
algorithm starts with finding SIFT feature correspondences [78] between the DFSP and apply
[88] to rectify the images. Next, we extract the salient features in each rectified image
and estimate their initial disparity values to recover the camera parameters & and 3 (Sec.
4.2.1). We then integrate the defocus kernel map estimation with the disparity map solution
process using the pair-wise defocus constraint. Finally, we iteratively refine the camera
parameters, the DKMs, and the disparity map. Fig. 4.4 illustrates the processing pipeline of

our algorithm.

! The disparity map here refers to the one computed between the corresponding all-focus

images.
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4.2.1 Recovering Camera Parameters

We first develop a simple but effective algorithm to recover the camera parameters.
Since we have two unknowns & and 3, we use two disparity defocus constraints to solve for
them. To do so, we estimate the disparity defocus constraints for the in-focus pixels {2; and
Qs in I; and I, respectively. Assuming {2, has disparity ; and casts a blur disk of size by
in 15, and (), has disparity v, and casts a blur disk of size b; in [, the two disparity defocus

constraints are:

. [ 71— |
B=m (4.6)
. | v2 —m |
\ B =2

Since an DFSP focus at different scene depths, v; # —7, and Eqn. 4.6 are non-
degenerate. Our goal is to find 71, 79, b1, and by, and solve for & and B .

To find v, and 5, we first compute the salient features by applying a high-pass filter
on /; and I,. To minimize outliers, we blur each image /; using a small Gaussian kernel
and then subtract the blurred image from /;. We use Gaussian kernels as they are coherent
with the defocus blur model and effectively suppress aliasing artifacts such as ringing. We
then threshold the high-pass filtered images to obtain initial salient maps, as shown in Fig.
4.5(a) and (b). We also use the graph-cut algorithm to compute the initial disparity map
and assign the computed disparity value to all salient feature points. We assume all salient
features in their corresponding images correspond to the same depth and, hence, have the
same disparity. To remove outliers, we use the median disparity value of feature points in I,
and /5 as y; and ~s.

To find b; and b,, we locate the corresponding pixels and exhaust all possible kernel
sizes b. To find bo, for each feature point p in the salient map of /;, we apply Gaussian blur
of size by at pixel p and compute the difference between p and ¢ = p + ~; in Io. We find

the optimal b, that minimize the summed squared difference for all salient features in /5.
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Figure 4.4: The processing pipeline of multi-focus fusion technique.

Similarly, we obtain the optimal b;. Finally, we combine b; and by with v; and 7, to solve

for & and 3 using disparity defocus constrain Eqn. 4.5.

4.2.2 DKM-Disparity Markov Network

Classical stereo matching methods model the disparity map as a Markov Random
Field (MRF). The problem can be treated as assign a label v : P — I' where P is the set of all
pixels and I is a discrete set of labels corresponding to different disparities. Graph-cut [12,
59, 60] and Belief Propagation [33, 109, 110] can be used to find the optimal labeling. Since
the DKMs can be directly derived from the disparity map (Eqn.5), they share similar MRF
properties as the disparity map, i.e., they are smooth except crossing a boundary. Therefore,
we can integrate DKM estimation with the graph-cut based disparity map estimation process.

We define the energy function £ as:

EM) =Y E@ ®)+ >, E((p),v(p)) (4.7)

pen p1.p2EN

where the data penalty term F,. describes how well the disparity -y fits the observation, the

smoothness term /s encodes the smoothness prior of I', and N represents the pixel neigh-
borhood in Image /;.

In our implementation, we use the similar smoothness term as in [60]. The data

penalty E,.(p,~(p)) measures the appearance consistency between pixel p in I; and pixel

g = p+ 7(p) in 5. Recall that I; and /5 have different focuses. Thus, even with the correct
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(d) (@) 0

Figure 4.5: The recovered disparity map. (a) and (b) show the initial salient feature maps
of the DFSP in Fig.7. (c) shows the initial disparity map. (d) and (e) show the
refined salient feature map after pruning the outliers. (f) shows the recovered
disparity map after 2 iterations.

disparity -, the appearance of p and ¢ may appear significantly different due to defocusing.
Therefore, we cannot directly compare the intensity between 1 (p) and I5(q).

Note that given + and the recovered camera parameters & and 3, we can directly
compute the defocus blur kernel b, and b, at pixel p and ¢ using Eqn. 4.5. Assuming p is
less blurry than ¢, we can apply additional Gaussian blur G, to p in I; and then compared

the blurred result with g. We call the resulting images /7 and [5 an equally-defocused pair:

. Li(p) @Gy, b, <b
Ii(p) = ' ! )
L (p), otherwise.
% [2((]) ® GJ7 by <b
o) = s @)
I(q), otherwise.
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Finally, we define F. as

E,(p,7(p)) = min{0, (11 (p) — I3 (p +v(p)))* — K2} (4.9)

where the truncation threshold K, is used to reduce noise and remove outliers. We use
graph-cut to solve for the optimal disparity map and apply the disparity defocus constraint
for computing the DKMs. In theory, we could further improve the disparity map by modeling
the occlusion boundaries [60, 109]. In practice, we find it sufficient and robust to use the
estimated DKM for segmentation in the following sections.

Once we obtain the disparity map and the DKMs, we can refine the salient feature
maps by removing points whose disparity deviates from the median disparity of all feature
points. We then re-estimate the camera parameters (Sec. 4.2.1). We repeat this iterative

refinement 2 to 3 times. Fig. 4.5(f) shows the final estimated disparity map.

4.2.3 DKM-based Segmentation
The recovered DKMs can be used to robustly segment the in-focus region in each
image of DFSP. Specifically, we treat the segmentation problem as a labeling problem on the
DKM and use only two labels, S for the foreground and 7" for the background. To find the
optimal labeling, we define the energy function F as:
E(L)=X->_ Ep,L(p))+ Y Es(p,q, L(p), L(q)) (4.10)
pepP p,qeN
where P represent all pixels in the image, IV represents the pixel neighborhood, L(p) is the
labeling at p. The nonnegative coefficient A specifies a relative importance of region penalty
FE,. and boundary penalty £j,. To model discontinuities in labeling, we model Ej, as,
exp(—(L(p) — L(q))?)
Ey(p, ¢, L(p), L(q)) = o—ql tWAL@D g

0, otherwise.

Unlike previous segmentation methods [13,99] that define the region penalty £, using
the histogram distribution or Gaussian mixture models from user-specified foreground/ground

samples, we directly compute £, in terms of the defocus kernel map B. Notice that a smaller
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Figure 4.6: Problems with low-light imaging. (a) An image captured with a small aperture
and fast shutter appears underexposed. (b) shows the histogram stretched result
of (a). (c) An Image captured using a small aperture and slow shutter exhibits
severe motion blurs.

defocus kernel b corresponds to a higher likelihood that the pixel is in-focus. Thus, we sim-

plify E,. as

K- (M —b,), b,<M
E.(p,S) = 2 ( o) by (4.12)
0, otherwise

b,— M, b, > M
E.(p,T) = (4.13)
0, otherwise
where M is the maximum size of circle-of-confusion that would be considered in focus.
K3 is a positive scaling factor for balancing the region penalty between foreground and
background. In our experiments, we set M = 5 and K3 = (bjyae — M)/M, where by,q,

corresponds to the maximum size of the blur disk. Fig. 4.7(d) shows a sample segmentation

result in Sec. 4.3.1.

4.3 Applications
In this section, we demonstrate how to apply multi-focus fusion techniqure for low-

light imaging, multi-focus photomontage and authomatic defocus matting.

4.3.1 Low Light Imaging
Capturing high quality images under low light is a challenging problem. Images

captured with a regular aperture and shutter setting are commonly underexposed and noisy,
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Figure 4.7: DFSP for low-light imaging. (a) and (b) show an DFSP. We use the DKM (c)
to segment the in-focus regions in the first image (d). Finally, we warp the seg-
mented in-focus regions to the second image using the estimated disparity map
to form a nearly all-in-focus image (e). (See Appendix A for the permission
letter to use these pictures.)

as shown in Fig. 4.6(a). One possible solution is to use slow shutters. However, slow
shutters can cause significant image blur due to scene and/or camera motions. In DFSP,
slow shutters can be particularly problematic as we use a hand-held camera to capture the
images, as shown in Fig. 4.6(c). The resulting motion blur is difficult to correct as they
are not spatially-invariant [34, 102]. Another possible solution is to denoise the images, e.g.
via principal component / tensor analysis [144]. However, a large number of images (~ 20)
are often required for robust denosing. Alternatively, we can use wide apertures in place of
slow shutters, which would lead to shallow DOFs and only part of the scene can be clearly
focused, as shown in Fig. 4.7(a) and (b).

In this section, we use DFSP to enhance low-light imaging. We place two synchro-
nized digital SLR cameras adjacent to each other. The two cameras use the identical aperture
size, with one focusing at the foreground and the other at the background. Instead of deblur-
ring the images, we explore effective fusion methods to combine in-focus regions in both
images of DFSP.

Recall that we use the recovered DKMs to segment the in-focus region (Sec. 4.2.3). A
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naive approach is to directly warp the segmented region using the disparity map. In practice,
the estimated disparity map can still be noisy and discontinuous along the segmentation
boundaries. Hence, directly warping the boundary will cause jig-jagged or scattered edges in
the final fused image. To resolve this issue, we develop a Snake-based [55] contour warping
algorithm.

Given the boundary V; of the in-focus region in /;, our goal is to find its optimal
target boundary V5 in I, so that when V) is warped to V5 using the recovered disparity map,
it will be continuous with respect to the background in /5. To do so, we define the energy

function for all pixels p on contour V5 as:

Econtour = Z (Eimage(p) + C . Eshape(ﬁ)) (414)

allp,peVa
where Ej;,q4c describes appearance similarity and Ep,,,. describes the shape similarity.
Recall that we cannot directly compare the intensity between pixel p on V; and p on
V; since they have different defocus levels. Therefore, we first use the recovered DKMs to
compute the equally-defocused image pair /7 and /5 using Eqn. 4.8 . We then measure the

similarity between p and p using I and I3 as:
Eimage(p) =| F(I{(p)) = F(I3(p)) | (4.15)

where F'(If(p)) = (IT @ G)(p), F(I5(p)) = (I3 ® G)(p) and G is a Gaussian kernel that
serves as a weighting function.

In addition, we enforce the shape similarity between the two contours. Specifically,
we measure the similarity of the first and second order differential geometry attributes be-

tween the corresponding point p and p on V) and V5 as:

Eshape(P) =l Vi(p) = V(D) I| + [ Vi'(p) = V2'(D) | (4.16)

and we apply a Greedy algorithm similar to Snakes [55] to find the optimal boundary in V5.
The computed disparity inside the segmented region can also be noisy. Therefore,
we only use the disparity estimation on the boundary pixels and smoothly interpolate the

disparity value for the interior pixels. Finally, we use the interpolated disparity map for
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warping all pixels inside the in-focus region to the final fused image. Fig. 4.7(e) shows such

an example.

4.3.2 Multi-focus Photomontage

Finally, we apply DFSP for creating multi-focus photomontage which virtually fo-
cuses at multiple scene depths. Synthesizing multi-focus photomontage can benefit many
applications. For example, in confocal microscopy, only tissues lying near the scanning
layer can be clearly imaged and it is highly desirable to combine the in-focus regions from
all layers. Another interesting application is to synthesize novel defocusing effects, e.g.,
by focusing at both the foreground and the background while defocusing at the in-between
ground.

Our DFSP-based multi-focus photomontage differs from existing multi-focus fusion
approaches [1,45] in several ways. First, we use images captured from different viewpoints
whereas existing approaches assume that the images are captured from or can be warped to
the same viewpoint. Second, most photomontage techniques require using a large number of
images to accurately identify the in-focus regions while we only use a pair of images. Finally,
unlike digital photomontage [1] that relies on user inputs, our DFSP-based photomontage
method is fully automatic.

Given an DFSP, we start by segmenting the in-focus region using the recovered
DKMs. In low-light imaging (Sec. 4.3.1), we directly warp the segmented in-focus re-
gion from one image to the other. We assume that scene objects lie on different depth layers
and rely on Snake for locating the occlusion boundary. For multi-focus photomontage, scene
depth may vary smoothly (e.g., the mulch ground in Fig. 4.8). Therefore, directly warping
the foreground region will lead to sudden changes of blurriness across the warping boundary
as shown in Fig. 4.8(g).

To resolve this issue, we compute the DKM for each image in the DFSP to determine
the defocus blur kernel size near the warped boundaries. We then blur the warped in-focus
boundary region accordingly to maintain smooth transitions. Specifically, given the warped

boundary, we first erode and dilate the boundary (2 by a fixed width to form a band. Our goal
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(i) ()

Figure 4.8: Multi-focus photomontage on a continuous scene. (a) and (b) show an DFSP
of a garden scene. The first image focuses at the foreground sprouts and the
second at the middle-ground flower. (c) and (d) are the recovered disparity
map and the segmentation result. (e) shows the warped boundary using snake-
based algorithm. (f) shows the fusion result by directly warping the segmented
foreground to the second image. Notice the blurriness changes abruptly across
the boundary (g). (h) maintains smooth boundary by blurring the segmentation
boundary using the adaptive kernel map (j) and the DKM (i).

is to determine how much blur should be applied to each pixel inside the band after warping.
We call this process adaptive boundary blurring.

To maintain the same sharpness/blurriness outside the band, we set the adaptive blur
kernel size to be zero on both the interior and exterior boundaries Q1 and Q~ that are ob-
tained by erosion and dilation. We determine the adaptive blur kernels on {2 from the es-
timated DKM and use natural neighbor coordinates [105] to interpolate the missing pixels
inside the band. Fig. 4.8 (e) and (j) show the warped boundary and the adaptive blur kernel

map. Fig. 4.8 (f) and (h) compares the results between direct warping and adaptive blurring.
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(a)

Figure 4.9: Multi-focus photomontage on a computer museum scene. The first image (a) in
the DFSP focuses at the foreground tags and second (b) at the background tags.
(c) shows the estimated disparity map . The segmented background boundary
is shown as red in (b). (d) shows the final fused image with a novel multi-focus
effect where only the middle ground is defocused.

Using adaptive blurring, our photomontage technique is able to maintain smooth transitions

from the in-focus region to the out-of-focus region.

4.3.3 Other Applications: Automatic Defocus Matting

Next, we apply DFSI technique for automatically extracting the alpha matte. The
problem of image matting has been studied for decades. Recently, several multi-image based
matting methods have been proposed to automatically extract the matte. For example, de-
focus video matting [81] uses a special imaging system to capture multiple images of the
scene from the same viewpoint and with different focuses. It then automatically classifies
the image into a foreground 2, a background €), and an unknown region €);; by analyzing
the defocus blur. However, multi-image based methods are sensitive to calibration errors,
camera shake, and foreground motions.

In this paper, we use the recovered DKMs from the DFSI pair to automatically gen-
erate the trimap. For trimap-based matting schemes, the quality of the alpha matte relies

heavily on the estimation accuracy of the unknown region {2;;. One way to generate {};; is to
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(e)

Figure 4.10: DFSP for Alpha Matting. (a) and (b) show a DFSP of the Disney club pen-
guin scene, with the left image focusing at the penguin and the right at the
background tree. Notice the strong parallax between the images. We recover
the DKM (c) and use it to segment the foreground (d). We create a trimap (f)
using morphologic operations based on edge heuristics (e). (g) and (h) show
the recovered alpha matte and foreground using Robust Matting [122]. (h) We
create a composite image using a new background.

erode the estimated foreground and background as:

Qu = erode(Qp, b) U erode(Qp, b) 4.17)
where erode is a morphological operator [43] and b is the width of erosion. For DFSI, we
can compute (2 and 25 by the DKM-based segmentation and b by averaging the blur kernel
of all pixels in (25.

Such trimap generation method works well when the segmented foreground boundary
is relatively accurate. However, for DFSI, the boundary of the in-focus region is extracted
based on the estimated disparity map. In presence of fuzzy boundaries, it is difficult to distin-
guish defocus blur from fuzziness and the resulting foreground boundary can be inaccurate
as shown in Fig. 4.10(d).

We present a new scheme for generating the trimap by exploiting edge continuities.
The key observation here is that, for fuzzy objects, strong edges along the foreground bound-
ary should be considered as part of the unknown region. Therefore, we grow the unknown

region along the edges directions. Specifically, we first use Canny edge detector [17] to
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Figure 4.11: DFSP for Background Matting. (a) and (b) show a DFSP of a toy dog scene,
with the first image focusing at the foreground bricks and the second at the
middle ground toy dog. (c)-(f) show the recovered disparity map, segmented
boundary, edge heuristic overlaid with trimap by Eqn. 4.17, and our trimap
respectively. (g) and (h) show the extracted alpha matte and foreground. (i)
shows the composite result.

locate the strong edges, then dilate these edges, and combine them with € to form the

extended unknown region €2, as
Q, = dilate(Qy, 2b) N dilate(canny(I), b)
Q=0 UQy
Qr =QrnQ; (4.18)
Once we obtain the trimap, we use Robust Matting [122] to estimate the alpha matte, the

foreground, and the background. Fig. 4.10 and 4.11 show the automatic defocus matting

results using our approach.
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4.4 Results

In our experiments, all images were captured using a Canon Rebel XTi digital SLR
camera with Canon EF 24-70mm f/2.8L lens. We first recover the DKMs and the disparity
map. We capture an DFSP with Av 2.8 and Tv 1/8 as shown in Fig. 4.7(a) and (b). We start
with computing the initial salient feature maps (Fig. 4.5 (a) and (b)) and the disparity map
(Fig. 4.5 (c)) for estimating the camera parameters. Fig. 4.5 (d) to (f) show the refined salient
feature maps and the disparity map after 2 iterations. Our iterative optimization effectively
removes outliers in salient feature maps and significantly improves the disparity map.

In Fig. 4.6, we demonstrate using multi-focus fusion technique for acquiring images
under low-light. An image captured under a regular aperture and shutter setting (Av 11,
Tv 1/8) appears underexposed as shown in Fig. 4.6(a). Gamma correction and histogram
equalization can be used to enhance contrast. However, the resulting image is still noisy due
to insufficient lighting (Fig. 4.6(b)). To increase exposures, we use a slower shutter (Tv 2)
(Fig. 4.6(c)). However, the image contains severe motion blurs due to hand shakes. Next,
we capture an DFSP (Fig. 4.7(a) and (b)). We recover the DKM (Fig. 4.7(c)) and use it to
segment the in-focus region. Finally, we warp the segmentation result to Fig. 4.7(e). The
final synthesized image preserves final details with minimal noise and motion blur.

In Fig. 4.8, we demonstrate our multi-focus photomontage technique. We capture an
DFSP of a garden scene using F2.8. The first image focuses at the foreground sprouts and
the second at the middle ground flower. Fig. 4.8(c) shows the recovered disparity map. We
use the DKM to segment the foreground region as shown in red in Fig. 4.8(d). Next, we
warp the foreground to the second image (Fig. 4.8(f)). However, directly warping the fore-
ground region incurs abrupt changes of blurriness across the warping boundary. Therefore,
we further compute an adaptive kernel map (Fig. 4.8(j)) from the foreground boundary. We
use the second DKM (Fig. 4.8(1)) to adaptively blur the boundary. Fig. 4.8(g) shows the
close-up views of the fusion results with and without adaptive blur.

In Fig. 4.9 (a) and (b) we create a multi-focus photomontage on a computer museum
scene where the images focus at different tags. Fig. 4.9(b) shows the background segmen-

tation result for the second view. We then warp the background to the first view and apply
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adaptive blur to maintain smooth boundary transition. Fig. 4.8(d) illustrates a novel multi-
focus photomontage effect by keeping both the foreground and background in-focus and the
middle ground out-of-focus.

In Fig. 4.10, we demonstrate automatic defocus matting of a Disney club penguin
scene using DFSI. Fig. 4.10(a) and (b) were captured with a wide aperture and fast shutter
(Av 6.3, Tv 1/640). Fig. 4.10(a) focuses at the foreground Disney club penguin and Fig.
4.10(b) at the background trees. To extract the matte, we recover the DKM (Fig. 4.10(c))
and use it to segment the foreground (d). Since the right half of the stone bench appear tex-
tureless due to slight defocus blur, its DKM is not accurate. However, the DKM is only used
to initialize the segmentation process, therefore we are still able to accurately segment the
foreground region. Fig. 4.10(e) shows the edge heuristics for trimap computing: all edges
are detected by the Canny operator and overlaid with the trimap estimated using Eqn. 4.17,
where red, green, and blue edges lie in the estimated background, unknown, and foreground
regions, respectively. Fig. 4.10(f) shows the final trimap created by the boundary growing
algorithm (Sec. 4.3.3). Fig. 4.10(g) and (h) show the recovered alpha matte and foreground
using robust matting. In Fig. 4.10(1), we create a composite image by using a new back-
ground. In Fig. 4.11, we show another example using DFSI defocus matting in a toy dog

scene.

4.5 Discussions

We have demonstrated a novel multi-focus fusion technique. It captures a pair of
images from different viewpoints and at different focuses but with identical wide aperture
size. Table 4.1 summaries the major difference between our multi-focus fusion technique
and other related work. Compared with coded aperture imaging [69], our method does not
require using specially designed optical systems or modifying the camera. Furthermore, our
method can be directly applied to enhance low-light imaging by coherently increasing the
aperture size in both image, which is hard to achieve using coded apertures. Compared with
color-filtered aperture imaging [5], our method avoids complex color calibration procedures

and works robustly in presence of single-colored scene objects.
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Table 4.1: Comparisons with state-of-the-art methods

# of Images | Coaxial Special Equipment Output
McGuire [81] 3 Yes Optical Bench + Beam Splitters Matte
Joshi [54] 8 No 1x8 Camera Array Matte
Levin [69] 1 No Coded Aperture Masks Depth Map + Matte
Bando [5] 1 No Color Filtered Aperture Depth Map + Matte
Harsinoff [45] | 451 ~ 793 Yes None Depth Map
Our method 2 No None Depth Map + Matte

Our multi-focus fusion technique, however, has several limitations. In our implemen-
tation, we have used spatially variant Gaussian PSFs to approximate defocus blur kernels.
Since the kernels are no longer Gaussian near occlusion boundaries, we are unable to accu-
rately estimate scene depth for the boundary pixels and our fusion technique generates visual
artifacts such as bleeding and discontinuity. These artifacts have also been observed in the
gathering methods [28, 66] used to render DoF effects in computer graphics. The scattering
method [89], in theory, can help reduce the bleeding/distinuity artifacts. However, it requires
highly accurate scene geometry to avoid aliasing. Since our technique only uses two images,
our estimated scene depth map cannot reach the accuracy level.

Another major limitation of our approach is that we rely on the disparity map solution
for recovering the DKMs. In our approach, we compute the disparity labeling by blurring
the relatively sharp pixel with the optimal kernel to match the blurrier one. Levin et al. [69]
have shown that due to the frequency characteristics of the circular aperture, multiple kernels
exist that produce similar blurry results. Therefore, our disparity map may introduce large
errors in regions that are defocused in both images. Note that, for our hybrid camera system,
if the fused image still have noticeable sensor noise, we can further improve the fused image

quality via the recently proposed defocus denoising method [103].
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Chapter 5
MULTISPECTRAL DENOISING

In this chapter, we present a framework to remove sensor noise in low-light images
captured by our hybrid camera system. We first preprocess the captured images from HS-M
cameras using our exposure fusion technique. These images are usually very dark because
HS-M cameras are set to use fast shutters to prevent object motion blurs. Next, we apply
the dual focus stereo imaging technique presented in Chap.4 to generate all-in-focus image
patches from HR-M image pairs and use the results for multispectral denoising. At last,
we design an novel optimization scheme that uses image patches from the low noise HR-M
images as the gradient prior for regularizing the data fidelity term of the objective function.
The denoised results can be later used to estimate object motions for motion deblurring of
HR-C images. We will discuss our hybrid camera design for motion deblurring in the next

chapter.

5.1 Noise Model

We first introduce the noise model in low-light imaging. Digital cameras normally
produce three common types of noise: random noise, fixed pattern noise, and banding noise.
Fixed pattern noises are often referred to as “the hot pixels”. They have the same appearance
in images taken under the same settings (exposure, ISO speed, and temperature). We assume
fixed pattern noise is repeatable and hence is easy to remove. In our setup, we assume that
fixed pattern noise has been removed via the camera’s in-chip preprocessing. Banding noise
is introduced by the camera when it reads data from the digital sensor. Not all types of
digital cameras would generate banding noise, although high ISO speeds, shadows or photo
brightening may lead to such noise. In this chapter, we model banding noise and random

noise together as white, zero-mean Gaussian noise, with a known standard deviation o.
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Figure 5.1: The processing pipeline of multispectral image denoising. We first preprocess
the HS-M images to improve the brightness of dark regions, and then apply
BM3D denoising algorithm to partially remove sensor noise. Next we find low-
noise patch priors from HR-M images for multispectral denoising of HS-M
images. Finally, we design an alternating minimization algorithm to denoise
the preprocessed HS-M images.

Similar to [90], we assume the noisy image / can be decomposed into a latent image

I and noise 7 as:
I(z) = I(z) +n(z), wherez e X 5~ N{0,02I}, (5.1)

where z is the pixel index. In this chapter, we assume the latent and the noisy images are of

size M x N pixels.

5.2 Outline of Our Approach

In our hybrid camera system as shown in Fig.3.2, for every color frame I/ captured
by the HR-C camera, we have 4 synchronized high resolution grayscale frames Ig " (p =
4i,...,41+ 3; 7 = 0,1) captured by each of the two HR-M cameras, and 16 synchronized
low resolution grayscale frames L? "™ (¢ =161, ...,16i + 15; j = 0, 1) captured by each of
the two HS-M cameras. Since I}}f "™ images are captured with large apertures to gather more

light at the same period of time, they contain low level of noise. This indicates that they
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will provide high quality gradient priors for denoising HS-M images. In this Chapter, we
show how to utilize this information to enhance the high frequency details in the denoised
results. In particular, we show that such high frequency details cannot be synthesized by
state-of-the-art single image denoising methods such as BM3D [21].

Due to the difference in brightness and noise levels between HS-M and HR-M im-
ages, it would be difficult to directly locate corresponding patches as priors from HR-M
images for any given patch in HS-M images. We tackle this problem by first preprocessing
the HS-M images to improve the intensity level and then apply BM3D denoising algorithm
to partially remove sensor noise, as shown in Fig.5.1. Specifically, we present a novel sin-
gle image exposure fusion technique can boost the intensity level of the dark regions while
avoiding the bright regions saturating. Compared with regular Gamma correction, this tech-
nique allows the BM3D denoised HS-M images to recover many important details as shown
in Fig.5.2.

In the second stage, we locate low-noise patch priors from the preprocessed HR-M
images for denoising the HS-M images. In Chap.4, we show that we can fuse an all-in-
focus image from the HR-M image pair using our dual focus stereo imaging technique.
Conceptually, we can then register the noisy HS-M image pairs with the fused result. In
practice, accurately registering every patch is challenging due to strong image noise and
fusion errors. Therefore, instead of applying direct warping, we propose a multi-view block
matching scheme for finding patch correspondences between the HR-M and HS-M images.

Finally, we present an iterative optimization algorithm to denoise the preprocessed
HS-M images. Based on the image noise model Eq.(5.1), we treat the image denoising
problem as optimization, with the goal to minimize || — || with additional regularization
terms. To take advantage of the heterogenous types of cameras in our hybrid camera system,
we design a spatial prior from HR-M images to regularize || — ]2, together with the conven-
tional ¢; total variation regularization term. Experiments show our multispectral denoising

algorithm is able to add back high frequency details to HS-M images.

45



5.3 HS-M Image Preprocessing: Low Dynamic Range Boosting

As was discussed in Sec.3.2, HS-M cameras use fast shutters and small apertures to
avoid object motion blurs and defocus blurs. However, the images are under-exposed and
hence can be highly noisy. The simplest method to enhance the image is to apply Gamma
correction to reveal details in dark regions without saturating well-exposed regions. How-
ever, Gamma correction requires choosing proper parameters for finding the ideal camera
response curve, in which the parameters are usually scene-dependent. Moreover, Gamma
correction can often amplify the noise level and produce non-natural looking images.

Our solution is to extend the exposure fusion technique [82] to synthesize virtual ex-
posures from the HS-M images. Recall that [82] uses multiple exposures whereas we only
use a single image. Therefore, we first synthesize a sequence of virtual exposure images
I;,(i=1,...,m) from a single image I, by amplifying its intensity m times. Next we com-
pute a set of weight maps W;, (i = 1,...,m) corresponding to each synthesized virtually
exposed image [; for fusion. The weight at pixel x is computed as the multiplication of the
saturation cost and the local contrast cost. We use the Euclidean distance between the pixel
value I(z) (I(z) € [0, 1]) and an intermediate intensity value x to model the degree of pixel
saturation, and use the Laplace filtered result as the local contrast measure. Finally, we fuse
an output image I (x) using pyramid fusion [15] of I; with corresponding weight map W;.
Detailed algorithm can be found in Alg.5.1.

We define the saturation cost at pixel x as Ws;(z) = exp((I;(z) — x)*/t, where
rk = 0.4 and « = 0.2. To generate satisfactory fusion result, we empirically set the multiplier
o for synthesizing /; as 0.3 and m = 4. In theory, an optimal value of o could be estimated by
analyzing the histogram distribution of I, when m is given. Fig.5.2 shows the low dynamic
range boosted HS-M image. Our single image virtual exposure fusion technique is able to
greatly enhance the dark regions.

It is worthy mentioning that more sophisticated fusion techniques such as the ones
used in high dynamic range (HDR) imaging [23, 98] can be used in place of our fusion
scheme. However HDR imaging not only requires estimating the camera response curve but

also requires using complex algorithms such as tone mapping or gradient fusion [27,32,76,

46



Algorithm 5.1: Virtual exposure fusion

input : an under-exposure image ()
output: image /() with intensity boosted

1 synthesize m additional images /; according to multiplier «
Li(x)=Ix) x 1+ixa),(i=1...,m)
2 for j < 0 tom do
3 compute weight map W;(z) with respect to I;(x)
W;(z) = Laplace(/;(z)) x Ws;(x), Vo € X
4 for each pixel location x, normalize weight maps by
Wila) = Wila) /S W)
5 return the image [ by fusing the Laplacian pyramids of /; level by level
according to the Gaussian pyramids of weight maps W;, (i = 0,...,m)

97]. In contrast, our virtual exposure fusion technique is based on pyramid fusion, therefore

it is much easier to use and is much faster.

5.4 Multi-view Block Matching

Next, we present a multi-view block matching (MVBM) technique for patch-based
image denoising. The goal of MVBM is to find similar patches from HR-M image pairs for
each patch in HS-M images. This is a challenging problem for a number of reasons. Firstly,
HR-M image pairs can still have strong defocus blurs in various regions. As was discussed
in Sec.3.2, our hybrid camera system uses only two large aperture HR-M cameras. As a
result, not all depth layers can be clearly focused. Secondly, the noise level of HS-M images
is much more severe than that of HR-M images. Even after we apply the virtual exposure
based preprocessing, direct block matching between HS-M and HR-M images is difficult.

Recall that in our hybrid camera system, the resolution of HS-M images Iih (G =
0,1.) images are lower than that of HR-M images [/ [LZT/Z]J . Therefore, we down-sample the
HR-M images to the same resolution as HS-M images. We use / ﬁ;ﬁj to represent the down-
sampled HR-M images where |- | denotes the floor operator.

We fix the size of each image block B, to be Ny x N, where its top left element is

at position z. For any given block B, in image ]ih ™ we search both ] @T/Z]O and [ @%1 to
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Figure 5.2: The preprocessing of low-light images. (left) A set of images with different
exposure time synthesized from a typical HS-M image captured under low-
light conditions. (center) is our preprocessing result of the input HS-M image.
Notice that the intensity level of dark regions has been boosted while the bright
regions are still well under saturation. (right) shows the BM3D denoising result
of the preprocessed HS-M image.

find its similar blocks. We can also consider the block similarity in the temporary domain

besides the spatial domain to improve the accuracy of block matching. For example, we can
search stereo pairs (/ @%{1, I @%11), (1 @%0, I @%1), and (/ @%Zﬂ, I @%21) to find similar
patches of B,. In our work, we only consider one stereo pair (12", [,

We use the sum of squared distance (SSD) to measure the similarity between different
image patches. In practice, directly computing the SSD between two image patches in spatial
domain would introduce great errors due to the existence of image noise. Therefore, we first
transform 2D image patches into frequency domain, then threshold the coefficients to reduce
the noise level, and finally apply the SSD matching in the frequency domain. Specifically,
we first apply the state-of-the-art block matching with 3D filtering (BM3D) [21] algorithm
to reduce the noise level of the HS-M images. Next, we can directly apply the multi-focus
fusion technique presented in Chap.4 to generate an all-in-focus image from the image pair
(1 [;’/Zjo, I [L;/Z]l), which can be used to provide gradient priors for HS-M image denoising
through SSD matching between them.

To further improve the performance, we propose an alternative approach. Since our
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Figure 5.3: Multiview block matching. We use the defocus kernel map estimated from the
HR-M pair to decide whether the patch candidate is in-focus or defocused. And
we use the disparity map d"*™o=""mo estimated from "0 and I""™° to guide
the multiview block matching.

multispectral denoising method is a patch-based optimization problem, we only need to ex-
tract in-focus gradient priors from HR-M pairs for any given patch in HS-M images. This
indicates that we can bypass the all-in-focus image synthesization and directly use SSD
matching to find the in-focus patches, as long as we can differentiate which parts are in-
focus and which parts are defocus blurred. Therefore, our solution is to first apply the blur
disk size equation, Eq.4.6, to find that specific disparity value v* which will lead to equal
defocus blurs on both images. Next we apply the defocused stereo matching technique pre-
sented in Sec.4.2 to estimate a defocus kernel map from the HR-M pair. We use +* as the
threshold to find in-focus patches from HR-M pairs based on the estimated defocus kernel
map or disparity map. In practice, we approximate the equal blur disparity value v* from the
average of the two in-focus disparity values with respect to the two HR-M images.

Fig.5.3 illustrates applying our MVBM algorithm for image /"*™0. Similar approach
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applies to 1"*™1. We first map the reference block B, to image I""™° through disparity map
dhsmo—=hrmo If the guided patch is within in-focus regions of image 1", we just search
locally to find similar candidate patches for B,. If the guided patch is within the defocus
regions, we map this guided patch to image I"™ through disparity map d""™o=""™1 and
then search locally in image 1" for similar patches of B,. In the last case when the guided
patch is located on the boundary of in-focus regions, we use the majority of disparity values

covered by the image patch to decide whether we should search locally or map it to image

Ihrml )

5.5 Multispectral Denoising

In this section, we show how to use the patch correspondences between HR-M images
I"™mi and HS-M images 1"*™ for multispectral denoising of 1"*™. Since the image sensors
used by HR-M cameras are capable to capture a wide range of wavelength including near

infrared (NIR) and visible light, we call our denoising algorithm a multispectral method.

5.5.1 Problem Formulation

Based on the image noise formulation(Eq. (5.1)), we design an optimization algo-
rithm to recover the latent image I from the noisy observation /. Since we assume the noise
7 is additive and Gaussian, the data fidelity term takes the ¢5-norm, defined as || — I||2. As
image denoising is one of the classical ill-posed inverse problems, we add a total variation
(TV) regularization [100, 101] term to the data fidelity term to make the reconstruction pro-
cess more reliable, e.g., to overcome the drawbacks of Tikhonov-like regularization [116]
and preserve high frequency details such as sharp edges, patterns, and fine textures.

It is important to note that the total variation regularization alone does not help re-
cover additional high frequency details of the original under-exposed image. Together with
the data fidelity term, they can only partially remove sensor noise from images. Therefore,
we design a new multispectral spatial regularization that uses patches from the HR-M cam-

eras I"™™ to add back the high frequency details.
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In all, we formulate the multispectral denoising for HS-M images as:

1 ) . . - . i . o} *
i <1777 — 1975 g | DI |y | DI — DI (52)

jhsmj

Vo Vv
Data Fidelity Total Variation Spatial Prior

where j = {0,1}; uy and ps are two positive weighting terms used to control the strength
of TV and serve as spatial prior regularization respectively; || - ||; uses the ¢;-norm; D =
(DW; D@ 2 (DO DT where DM and D@ stand for the first-order finite difference
operator in horizontal and vertical directions respectively and ' is the transpose operator.
DWW and D@ are the MN x MN convolution matrices formed from two 1D derivative
filters d; = [1,—1] and dy = [1,—1]T. Image "™ is obtained by first downsampling
the fused all-in-focus image I"™ and then registering with image 1", All images are
treated as column vectors. For the sake of clarity, we remove the subscripts for each image
in Eq.(5.2).

One key challenge in solving Eq. (5.2) is patch matching between Ihrm* and [hsmi
Due to image noise, defocus blurs, and the noise level differences, it is very difficult to do
image registration between them, even with the recent advances of optical flow methods
[107,108, 132] and stereo matching methods [57, 124]. Therefore in this section, we design
a new patch-based optimization algorithm to denoise the HS-M image pairs. To utilize the

patch priors from HR-M images, we modify Eq.(5.2) as
N S ® rm*
min §HBI—BIH§+MHDBIH1+u2|\DBI—DB;‘ 1,V € X, (5.3)

where B""™" is obtained by using our MVBM method. For simplicity, in Eq.(5.3) we use

~

hsm;

(B,, B,) torepresent (B, BE™ = {0,1}), i.e., image patches extracted from Image
(Ihsmi - [hsmi) The final estimation of 1™ can be obtained from patch estimates B, (z €

X) as

fremi = 2% (5.4)

where Y, has the same size as image I"m5 and is zero-padded outside of block estimate B,,

X, : X « {0, 1} is the characteristic function of the square support of a block B, with its
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top left element located at x € X, and w, is the weight window for aggregating all the image
patches. Similar to [21], we use a Ny x N Kaiser-Bessel window as the patch aggregation

weight to reduce border effects.

5.5.2 Iterative Optimization

Compared with Tikhonov-like regularization, the minimization problem formulated
by Eq.(5.3) is computationally expensive to solve due to non-linearity and non-differentiability
of the TV regularization and the spatial prior. Inspired by the half-quadratic penalty method
[36,37] and alternating optimization method [ 114, 123], we present an effective solution: we
introduce two auxiliary vectors u,v € R2V? to the objective function in Eq. (5.3) and then
reformulate this denoising problem equivalently as a constrained optimization problem with

linear constraints,

N
min | By = B3 + pullully + vl , Ve € X,

Bz,uv

u— DB, =0, (5:5)

v— (DB, — DB = (.

S.t.

Notice that we now eliminate the non-differentiable terms, i.e., the ¢; TV regular-
ization and spatial prior and make the objective function in Eq.(5.5) separable and the con-
straints linear. When either two of the three variables Bx, u and v are fixed, minimizing the
objective function with respect to the other has a closed-form formula with low computa-
tional complexity and strong numerical stability.

To solve for the Eq.(5.5), we apply an alternating minimization method [114,123] to

the augmented Lagrangian function [40,46] of Eq.(5.5) using the following iterative scheme:
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B argmin £4(B,, u”, v*, M), (5.6a)

By
W argmin £4(BF u, oF AE R, (5.6b)
VR argmin £ 4(BF uF T 0, \EAE), (5.6¢)
AL b %(ukﬂ — DB, (5.6d)
ALk % (Wl —(DBM DBQW)), (5.6¢)

where £ A(E’x, u, v, A1, Ag) is the augmented Lagrangian function of Eq.(5.5) defined by

X 1 .
L 4(Byu, v, A1, Aa) £ §||Bx — By |3 + palulls + pellvll

— )\ (u—DB,) = \) (v— (DB, — DB"™")) (5.7)
1 . 1 R .

+ —|lu— DB, ||} + —||v — (DB, — DB"™")||%
261H 12 2BQH ( )z

where \; and A\, are two vectors of Lagrange multipliers and Ay, Ay € R2N? , /1 and (35 are
penalty parameters and -y is the step length for updating A\; and \,. By iteratively updating
the Lagrange multipliers A\; and )\, the solution to Eq.(5.6a)-(5.6c) will eventually converge
to the one to Eq.(5.5). Notice that our minimization problem can also be solved by other ¢,
solvers, for example, the fast iterative shrinkage-thresholding algorithm (FISTA) [6].
Eq.(5.6a)-(5.6¢c) also shows that the original optimization problem Eq.(5.3) is now
separable with respect to B,, u, and v and thus can be divided into 3 sub-problems. In our
case, we design an iterative algorithm to reconstruct the noise-free image [hsm; by alternately
minimizing B’I, uw and v. Ay and ), are directly updated by Eq.(5.6a)-(5.6e). Details of our

patch-based multispectral image denoising algorithm can be found in Alg. 5.2.

5521 B, Sub-problem
In our framework, when variables u, v, A\; and )\, are fixed and have values from the

previous iteration k, we can simplify Eq.(5.5) to a quadratic problem in B,. Using Lagrange
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Algorithm 5.2: Patched based multispectral image denoising

input : Noise patch B, from HS-M images, and its registered spatial prior
Bizrm*
output: Denoised image patch B,

1 BO=B,. k=0

Bk+1 _ Bk
2 while k < iter,,,. && w > e do
| BE|| X
3 given fixed u*, v¥, A\¥, and A%, solve Eq.(5.9) to give BF!

given fixed B!, v, AF and A%, solve Eq.(5.11) to give u*t!
given fixed B’;H, w1, Ak and M5, solve Eq.(5.12) to give v 1!
solve A¥™! by Eq.(5.6d)

solve A5 by Eq.(5.6¢)

k=k+1

9 return denoised image patch B,

=

- Y

multipliers, we have the necessary condition to find the optimal B, for iteration k + 1,
ViLa( By, u® 0" NE AE) = 0, (5.8)

which gives us the optimal B+

1 1 “ ub Wk + DB
— +— ) D'D+E|B"' =B, + D" (— + ————=
55 G P

where F is the identity matrix of size N2 x N2. Solving the large linear system indicated

( — A=A, (59)

by Eq.(5.9) could give us the optimal B, for iteration k + 1. Notice that under the periodic
boundary conditions for B,, the solution to Eq.(5.9) can also be computed efficiently in the

2D frequency domain by FFT division [123].

5.5.2.2 u Sub-problem
From Eq.(5.6a), when given fixed variables Bﬁ“, v*, \¥ and \%, we can update u by

minimizing the following optimization problem

1 A
min o g lu = (DB + B3 + pua ]y - (5.10)
u 1
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Notice that the regularization term of Eq.(5.10) is in /;-norm, we can have its unique mini-

mizer through two dimensional shrinkage as
uk“ = SgD(DBI;—H + 61)\?) o max{|DB];+1 + 61)\]“ - ,u161, O} s (511)

where operator sgn denotes the signum function, and operator o represents the pointwise

product.

5.5.2.3 v Sub-problem
Finally, when given fixed variables B*™', «*+1 \¥ and A%, similar to the u sub-
problem, we have the solution of optimal v for iteration k£ + 1 as
M :sgn(DB';H — DB 4 ﬁ2)\l2€>

A ) (5.12)
o max {|DB§+1 — DB 4 52>\]2€| — p2fa, 0} .

In practice, we assign a parameter -y to control the step size of the updating equations
for A\; and \,. For better convergence of our algorithm, we choose v € (0, 2). The termina-
tion criteria of Alg.5.2 requires either the maximum number of iterations in the optimization
process reached or the relative difference between the successively reconstructed image val-

ues well below some predefined tolerance ¢ > 0. In our experiments, we let 3; = (3.

5.6 Results and Discussion

We evaluate our algorithms on both synthetic and real images to demonstrate their
robustness and effectiveness.

Synthetic Scenes. To quantitatively compare our hybrid denoising algorithm with
BM3D, we render a set of images using Autodesk®© 3ds Max®©. We create an animation for
the front paper cup, focus one HR-M camera on the front table, and the other one on the
background orchid, as shown in Fig.5.4. We set the framerate and resolution of each camera
according to our hybrid camera setup (Chapter 3), except for the HR-C camera. To simulate
the motion blur, we render 16 frames from the HR-C camera and compute the average of
them as the motion blurred HR-C image. To synthesize noisy HS-M and HR-C images, we

add to them with zero-mean Gaussian noise of variance 0.09 and 0.03 respectively.
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Figure 5.4: One sample of synthetic HR-M image pair.

PSNR: 13.023 @& PSNR: 18.835 PSNR: 18.831

Figure 5.5: Multispectral denoising of a synthetic scene. (left) the synthesized low-light
image captured by one HS-M camera. (center) the BM3D denoising result.
(right) our result.
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Figure 5.6: Another example of our exposure fusion technique. (a) A typical image from
HS-M cameras captured under low-light conditions. We then synthesize another
four additional images (b-e) according to multiplier o. We apply Alg.5.1 to fuse
an image from (a-e) with the intensity of dark regions boosted and bright regions
still under saturated. (f-h) show the BM3D denoising results of that exposure
enhanced image, (c), and (e) respectively. (The subject depicted here is the
author of this thesis.)

In Fig.5.5, we show our multispectral denoising result of a synthesized HS-M image,
and compare it with BM3D method in terms of peak signal-to-noise ratio (PSNR) in decibels
(dB). Even though BM3D outperforms our algorithm by 0.004 dB, our result acctually looks
better and contains much more details, such as the texture of the table, the characters on the
paper cup, and the shape of background orchid. To achieve best denoising quality, we set
1 = 0.1 and po = 0.1 for both synthetic and real scenes.

Real Scenes. In Fig.5.6, we show another example for our virtual image exposure
fusion technique. Notice that the input low-light image (a) is very challenging for denoising
since it exhibits extremely low contrast and is almost black except at some saturated road
lights. Therefore we first synthesize a set of images (b-e) from (a) with different boosting
levels, and then apply our exposure fusion method discussed in Sec.5.3 to synthesis a well
exposed image for BM3D denoising. As can be seen from the figure, the BM3D denoised

result (f) of that exposure enhanced image can display many details of the scene, such as the
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Figure 5.7: Multispectral denoising of an indoor scene. (a) is a low-light image captured by
camera HS-M,, and (b)(c) are large aperture stereo images from HR-M cam-
eras. We first synthesis a well exposed image (d) from (a) for image denoising.
(e)(f) shows the denoising results of (d) by BM3D method and our multispec-
tral denoising algorithm respectively. (g-i) are zoomed-in regions of the corre-
sponding rectangle regions shown in (d-f).

brand name of the construction machine and the background restaurant. It also has much
better overall quality than (g) and (h). For instance, the road work region (right side of the
image) and the foreground people are well exposed in (f), while (g) and (h) suffer from strong
artifacts of either under exposure or over saturation.

Fig.5.7 shows an indoor scene of a toy train moving in front of a cluttered back-
ground. We set the focus of one HR-M camera at the front toy train and chocolate box, while
the other one focuses at the background book, which can be clearly identified from the strong

defocus blurs in (b) and (c). By equipping HR-M cameras with large aperture lenses, these
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(b) (©

Figure 5.8: Multispectral denoising of the same indoor scene as Fig.5.7 for the other HS-M
camera. (left) the preprocessed low-light image from the second HS-M camera.
(center) the BM3D denoising result of (left). (right) our multispectral denoising
result of (left). The second row shows zoomed-in regions of the corresponding
rectangle areas in the first row.

HR-M images contain nearly no noise, which makes them suitable for regularizing the ob-
jective function of multispectral denoising. We first synthesis a low dynamic range image (d)
out of the original HS-M image (a) to bring in global details of the scene, but at the expense
of introducing strong sensor noise. As can be seen in the zoomed-in region (g), the image (d)
is greatly degraded due to the bad illumination of the scene. With the regularization of the ¢,
TV term and our multispectral prior, our algorithm can fully recover these local details, such
as the title of the background book, and the contour of the foreground train, while BM3D
algorithm fails in these regions. In addition, the denoising result of BM3D algorithm looks
too smooth and has artifacts along boundaries or edges.

To demonstrate the quality of our denoised results, we run some on-line Optical Char-
acter Recognition (OCR) softwares (for example, http://www.onlineocr.net) on Fig.5.7(i).
The OCR algorithm can accurately recognize all the letters in Fig.5.7(i)", while fails to rec-
ognize any character in Fig.5.7(h) even after sophisticated image adjustment. Fig.5.8 demon-

strates our denoising result of the same scene as Fig.5.7 for the other HS-M camera. Notice

! The only thing we need to do is to increase the image contrast by simply adjusting curves.
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Figure 5.9: Multispectral denoising of an outdoor scene. (a) is a low-light image captured
by camera HS-M,, and (b)(c) are large aperture stereo images from HR-M cam-
eras. (d) is the preprocessed image from (a), and (e)(f) are the denoising results
of (d) by BM3D and our multispectral denoising algorithm respectively. (g-1)

are zoomed-in regions of the corresponding rectangle regions shown in (d-f).
(The subject depicted here is the author of this thesis.)

(e)
(h)

the strong parallax between these two views (5.7(f),5.8(c)). In Fig.5.8(b), we can see that
BM3D method is greatly affected by the diagonal scan line noise pattern® and has strong
artifacts in the zoomed-in regions, while our method can correctly recover both the title of
the background book and the eye of the snail.

Compared to indoor scenarios, it is much more difficult to denoise outdoor low-light
images. They usually contain much wider dynamic range than day light images. When
using current standard digital imaging techniques or photographic methods, it is inevitable

to create images of poor quality. For instance, the image shown in Fig.5.9 (a) has multiple

2 This noise pattern is possibly caused by rolling shutter.
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Figure 5.10: Multispectral denoising of the same outdoor scene as Fig.5.9 for the other
HS-M camera. (left) the preprocessed low-light image from the second HS-M
camera. (center) the BM3D denoising result. (right) our multispectral denois-
ing result. The second row shows zoomed-in regions of the corresponding
rectangle areas in the first row. (The subject depicted here is the author of this
thesis.)

overexposed regions, e.g., the road lights and the headlights of the background SUV, while
the rest are dark regions and exhibit extremely low contrast. From fig.5.9 (e)(f), we can
see that our multispectral denoising method can compete with the state-of-the-art denoising
method BM3D at most regions. In some regions, such as zoomed-in regions shown in (h),
our method performs even better than BM3D. It can recover fine details of the scene, e.g.,
characters on the person’s T-shirt, which could be potentially useful for many other night
time applications. Fig.5.10 demonstrates our denoising result of the same scene for the other
HS-M camera. When taking a close look at the zoomed-in region of Fig.5.10(c), our method
can maintain the structure of the black tire, which is destroyed in BM3D’s result (b).

We also want to point out that patch based total variation (TV) method usually has
better denoising results than plain TV method in terms of visual appearance. If we set j5 = 0
in both Eq.(5.2) and Eq.(5.3), we can compare these two denoising methods without the mul-
tispectral regularization. As can be seen from Fig.5.11, patch based TV method can recover

more local details, while TV denoising has much smoother global appearance. With the
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Figure 5.11: Comparision between total variation (TV) denoising and patch based TV de-
noising. (left) TV denoising result of Fig.5.7(d). (right) patch based TV de-
noising result.

multispectral regularization, our patch based denoising method can further improve the de-
noising results and bring in detailed information from HR-M images. Another key advantage
of our patch based denoising method is that it can handle occlusion boundaries automatically,
because of the multi-view structure of our hybrid camera. Under extreme low-light condi-
tions, however, our multi-view block matching may fail to find corresponding patches for
some HS-M image patches due to the poor quality of estimated disparity maps. In these
cases, we choose to use the brute force way to find similar patches from the HR-M image
pair and use the salient metric presented in Sec.4.2.1 to select in-focus patches as multispec-
tral priors.

Running Time. We evaluate the computational performance of our multispectral de-
noising on a Windows® 7 64bit system with Intel® Core(TM) i7-2600K @3.40GHz, and
compare it with our C implementation of the state-of-the-art denoising method BM3D [21].
It takes approximately 119.122 seconds for our algorithm to denoise a HS-M image of size
640 x 480 when corresponding multispectral priors are available, while BM3D algorithm
takes only 2.442 seconds to denoise an image of the same size. For multi-view block match-
ing, most of the computation time is spent on the estimation of disparity maps, because of

the strong parallax in both x and y directions of the camera grid. In some extreme low-light
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cases, the disparity maps estimated are not accurate enough to guide the search of similar
blocks between different views. Therefore, we choose to run block matching directly and
it takes roughly 4.992 seconds on average to find all the necessary multispectral priors for
denoising a HS-M image. Note that for best denoising quality, we use patch size 8 x 8§,
patch sliding step size 4 for BM3D method, and patch size 12 x 12, sliding step size 3 for
our denoising algorithm. In our experiments, we use the OpenMP® API to improve the

performance of our algorithm on multi-core systems.

5.7 Conclusion

In this chapter, we have presented a framework to remove sensor noise in low-light
images captured by our hybrid camera system. We first preprocess the captured images from
HS-M cameras using our exposure fusion technique. Then we design an novel optimization
scheme that uses image patches from the low-noise HR-M images as the gradient prior for
regularizing the data fidelity term of the objective function, together with the ¢; TV term.
Experiment results of both indoor and outdoor scenes show that our multispectral denoising
algorithm is robust for extreme low-light conditions and can yield better results than the
state-of-the-art single image denoising algorithm BM3D [21] for some important texture

regions.
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Chapter 6
MULTI-SPEED DEBLURRING

In this chapter, we demonstrate how to estimate the blur kernels for HR-C image de-
blurring using our hybrid camera. Different from the hybrid camera we proposed in Sec.3.2,
we use a simplified hybrid camera here for easy demonstration of the multi-speed deblurring
algorithm. It only consists a pair of high-speed color (HS-C) cameras and a single high-
resolution color (HR-C) camera. The images are captured under normal light conditions,
thus don’t have strong sensor noises. We develop efficient algorithms to simultaneously
motion-deblur the HR-C image and reconstruct a high resolution depth map. A high res-
olution depth map is extremly important for our hybrid camera system since it is the base
to explore the geometric relationship between these cameras for our multispectral denoising
and many other computer vision applications. Our method first estimates the motion flow in
the HS-C pair and then warps the flow field to the HR-C camera to estimate the point spread
function (PSF). We then deblur the HR-C image and use the resulting image to enhance the
low-resolution depth map using joint bilateral filters. An example of the results generated by
our hybrid camera is shown in Fig.6.1. Experiments show that our framework is robust and

highly effective.

6.1 System Setup and Algorithm Overview

Our simplified hybrid camera uses a pair of PointGrey Dragonfly Express cameras
as the HS-C cameras. The Dragonfly Express captures images of resolution 320x240 at 120
fps. We also position a PointGrey Flea2 camera on top of the two Dragonfly cameras. The
Flea2 serves as the HR-C camera and captures images of resolution 1024x768 at 7.5 fps. We
use the software solution provided by PointGrey to synchronize the HS-C cameras and the

HR-C camera so that every HR-C frame synchronizes with 16 HS-C frames. These three

64



(b)

(c) (d)

Figure 6.1: Motion deblurring and depth map super-resolution results using our hybrid cam-
era. (a) shows two frames from the HS-C cameras, (b) shows a cropped region
of the HR-C image. (c) shows the motion deblurred result. (d) shows the recon-
structed high resolution depth map.

cameras are connected to two SIIG FireWire 800 3-Port PCle cards. We attach all three
camera modules to a wood plate and mount it on 2 tripods, as shown in Figure 6.2. Each
camera uses a micro-lens with 4.8mm focal length. The two HS-C are positioned about
7.5cm away from each other and the HR-C camera is placed above the HS-C cameras.

An overview of our motion deblurring and depth map super-resolution framework
is shown in Figure 6.3. We assume each frame /; in the HR-C camera maps to two HS-C
sequence Sy (t) and Sa(t) (t = 1...K{ and K = 16 in our case). We first estimate the motion
flow fields M; and M, in S; and S5 and warp them onto [y as M,. Next, we estimate the
PSF in [, from M, and apply the R-L algorithm to deblur /y. Recall that /, corresponds to
K consecutive HS-C frames, therefore, /; can be deblurred using K different PSFs, each
derived from the relative motions with respect to a specific HS-C frame. We use .fo(t) to

represent the deblurred result of /; for frame ¢. To generate the super-resolution depth map,
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Dragonfly Dragonfly
Express 2 Express 1

Figure 6.2: The prototype of our proposed hybrid camera. It consists of a rig of three
cameras: a PointGrey Flea2 that serves as the HR-C camera and two PointGrey
Dragonfly Express that serve as the HS-C cameras.

we first compute a low resolution depth map Dy (¢) between S (t) and S (t). We then warp
Dp(t) to the downsampled HR-C camera as Dy (t) and then upsample Dy () using a joint

bilateral filter, whose spatial kernel is defined on Dj(t) and range kernel defined on I, (t).

6.2 Motion Deblurring

In this section, we show how to use our hybrid camera for efficient motion deblurring.

6.2.1 Estimating Motion Flow

We first partition each frame in the HS-C camera into multiple foreground regions
Q{ and a background region Q. To do so, we simply take a background image without
any foreground objects and then use fore/background subtraction followed by graph-cut [13]
to extract the foreground regions. We then group all foreground pixels into separate con-
nected regions. We assume that each region has homogeneous motion and the regions do
not overlap. We also use the estimated disparity map (Sec.6.3.1) to establish correspon-
dences between the foreground regions in two HS-C cameras. This allows us to individually
motion-deblur each foreground region using the method described in Sec.6.2.3. Notice that
since our system captures a sequence of images, it is also possible to directly composite the

background image by applying a median filter across the frames.
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Figure 6.3: The processing pipeline using our hybrid camera for motion deblurring and
depth map super-resolution. We first estimate the motion flows M; and M,
in two HS-C sequences. We then warp the flow to the HR-C camera as M.
To motion deblur the HR-C image, we estimate the PSF from M, and use the
Richardson-Lucy algorithm to deblur the image. To construct a high resolution
depth map Dy, we warp the low resolution depth map estimated from the HS-C
cameras to the downsampled HR-C and use joint bilateral filters to upsample
the D.

To estimate the motion flow in each region Qf , we assume an affine motion model
between two consecutive frames although we can concatenate several successive frames to
form more complex motions. We apply a multi-resolution iterative algorithm [11] to mini-

mize the energy function:
arg min Z [(w(z;p)) — I (2)]? (6.1)
P X

P1T + P2y + p3
w(z;p) =
D4 + PsY + Pe

where p corresponds to the motion flow parameter, w is the warping function. In our case, we
estimate the motion flow in each HS-C camera, i.e., [ = S;(t) and I’ = S;(t + 1), j = 1, 2.

At each frame, we use the Gauss-Newton method to find the optimal motion [4].
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Figure 6.4: Motion estimation. (a) For each correspondence pair p; and p, in the HS-C pair,
we project the ray that passes through p; in Si(t) onto Iy as [;. We similarly
project p, as [, in ;. Finally, we compute the intersection point of /; and [ to
find the corresponding point py. (b) To estimate the motion flow of pg in [, we
use the motion flow in the HS-C cameras to find ¢y and treat pyqq as its motion
flow.

6.2.2 Motion Warping

Once we estimate the motion flow for every foreground region Qf in each HS-C
camera, we warp the the motion flow to the HR-C camera. Denote M (t) and M,(t) as the
estimated motion flow sample in .S and S5 at frame ¢. To compute the motion flow sample
My(t) in the HR-C image [, we first establish correspondences between Si(t) and Sy(t).
We use SIFT feature detection [78] to process Si(t) and S»(t) and then perform a global
matching. To remove outliers, our algorithm uses RANSAC with projective transformations
as its precondition.

Given a pair of corresponding feature points p; and ps in Sy (¢) and S5 (t), we connect
py with S; camera’s center-of-project (COP) to form a ray 7. We then project 7, onto the
HR-C image I as a line /[;. We apply a similar process to p, to obtain line /. Finally we
intersect [, and [, to obtain the py, as is shown in Figure 6.4(a).

To estimate the motion flow of py in the HR-C camera [, we assume pg’s correspond-
ing point p; in S1(¢) moves to ¢; by motion flow M (¢) and ps in S5 (t) moves to g2 by Ms(t).

Similar to the way we find py, we then combine ¢; and ¢, to find their corresponding point

68



qo in Iy. We use the displacement between p, and ¢y as a motion flow sample. To improve
robustness, we average multiple motion flow samples to compute My(t).

Since our method combines the correspondences and the HS-C’s motion flow, our
camera is able to model more complex motions than the system proposed by Ben-Ezra and
Nayar. In [7], the motion flow in the HR-C camera is assumed to be identical to the one esti-
mated from the HS-C camera. This is only valid for planar motions. Our method separately
estimates the motion flow for each foreground region Qf and warps it using the correspon-
dences. Therefore, we can compute the motion flow for each foreground objects in [, even
if they lie on different depth or move along different trajectories. Notice that the accuracy of
our motion warping relies heavily on camera calibrations. In our implementations, we use

the method in [145] to calibrate all 3 cameras.

6.2.3 PSF Estimation and Image Deconvolution

Recall that every HR-C frame maps to K (K = 16) HS-C frames, therefore, we can
compute the PSF with respect to each frame ¢. To do so, we concatenate all /& discrete motion
samples My(t), t = 1...K to form a single motion path. Ben-Ezra and Nayar proposed to
use the motion centroid to construct a Voronoi tessellation for smoothly interpolating the
motion path. Notice that our HS-C camera captures at a very high frame rate, therefore,
each motion sample usually only covers 3 to 5 pixels in the HR-C image. To accurately
estimate the kernel, we first appropriately align the motion path with the center of the kernel,
then resample each M;(t) into N subpixels (N = 50 in our experiment), we further count,
for each pixel p covered by M (t) in the kernel, the number of subpixels NV, falling into p.
Finally, we use this count N, to estimate the weight of entry p in the kernel and normalize
the kernel as the PSF.

Once we estimate the PSF, we can deblur the HR-C image using existing image
deconvolution algorithms [34,138]. In our implementation, we choose to use the Richardson-
Lucy (R-L) iterative deconvolution algorithm. The R-L. deconvolution always produces non-
negative gray level values and works better than linear methods if the blur kernel is known

and the noise level in the image is low. Before applying the R-L algorithm, we first estimate
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Figure 6.5: Motion deblurring results in a dynamic scene. The yellow book was quickly
passed over from one hand to the other. The top row shows two original HR-C
frames and the bottom row shows the deblurred results using our approach. The
right column shows the closeup of the book. (The subject depicted here is the
author of this thesis.)

the masks for each of the foreground regions in the HR-C image that are obtained by using
the technique presented in Sec. 6.2.1 and 6.2.2. These masks are used to composite deblurred
results into a common background image. In Figure 6.5 and 6.6, we show the motion results

on captured dynamic scenes.

6.3 Depth Map Super-resolution
Next, we show how to use the deblurred HR-C image for generating super-resolution

depth maps.

6.3.1 Initial Depth Estimation
We first use the two HS-C cameras and apply the graph-cut algorithm [61] to estimate

a low-resolution disparity map with respect to the left HS-C camera. We then convert it to
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Figure 6.6: Motion deblurring results with spatially varying kernels. (a) and (b) show the
two HS-C sequences. (c) shows the HR-C image with strong motion blur. (d)
shows the motion deblurred results using our method. Notice the front and back
train are moving in opposite directions at different speeds. Our method is able
to motion deblur both objects.

the depth map D;,. Next, we warp Dy, to the downsampled HR-C camera as Dé). We adopt a
similar notation as in [145]: every pixel p; in Dy, is mapped to its corresponding pixel py in
D, as:

o= (Ao Ry) (A; R))™! (pr — A1 Ty) + Ay Ty (6.2)

where p is homogeneous coordinate of the pixel as (s, sy, s)7, s represents the depth of the
point, A; and A, are the camera intrinsic matrices of the HS-C camera S; and the down-
sampled HR-C camera. R and T are the extrinsic to the cameras. Here we downsample the
HR-C to have the same spatial resolution as HS-C camera to reduce the missing data (holes)
in the reprojected depth map.

A sample depth map Dy, is shown in Figure 6.7(b). Notice the depth map is incom-
plete because of the large baseline between the two HS-C cameras. This is less problematic
since we focus on capturing the depth map of the moving foreground objects. However, the
foreground can exhibit some serious artifacts. For example, in Figure 6.8, the left bound-

ary of the red foreground object in the depth map partially merges with the background and



the silhouettes of the toy train lack fine details. In Sec.6.3.2, we show how to use the joint
bilateral upsampling to reduce these artifacts.

We choose to warp the depth map to the HR-C camera instead of warping the HR-C
image to the HS-C camera mainly because the depth-based warping inevitably corrupts the
quality of the image by introducing holes near occlusion boundaries. Since our goal is to
construct a high resolution depth map, it is more preferable to maintain the quality of the

high resolution image than the low resolution depth map.

6.3.2 Joint Bilateral Upsampling

To enhance the warped depth map, we use the recently proposed joint bilateral fil-
ters. The basic bilateral filter is an edge-preserving filter [117] that uses both a spatial filter
kernel and a range filter kernel evaluated on the data values themselves. A joint bilateral
filter chooses the range filter from a second guidance image. It can effectively combine
flash/no-flash pairs [29, 87], upsample the low resolution exposure maps, and enhance the
low resolution range maps [62, 136]. In this paper, we also use the joint bilateral filter for
depth map super-resolution.

Our joint bilateral filter combines the low resolution depth map D;, and the motion de-
blurred high resolution image I;,. It computes the value at each pixel p in the high resolution
depth map D, as:

Dofp) = = 3 Gulllp—a NG (| Tolp) — Tola) ) Di(a) 63)

P geenr

Wo= > Gllp—alG(] Lo(p) — Io(a) )

geO\I’
where (G is the spatial kernel centered over p and G, is the range kernel centered at the

image value at p in Iy ; © is the spatial support of the kernel G5. W, is the normalization
factor. Since the warped low resolution depth map D,, contains holes, we exclude the points
I that correspond to the holes.

To emphasize on the color difference in the range kernel, we choose

| Io(p) = To(q) |= max(| =7 |, g5 = g4 || by = b 1) (6.4)
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Figure 6.7: Depth map super-resolution results for a static scene. (a) shows the input images
from the HS-C and HR-C cameras. (b) shows the depth map from the HS-C
camera pair. The result is upsampled using bilinear interpolation for compari-
son. (c) shows the reprojected low resolution depth map onto the HR-C camera.
The warped map is very noisy and contains holes. (d) shows the upsampled re-
sults using the joint bilateral filters.

where r, ¢, b are the color channel of the pixel in ;. In Figure 6.7(c), we show the reprojected
low resolution depth map of resolution 320x240 and the enhanced high resolution depth map
in Figure 6.7(d). The joint bilateral filter significantly improves the quality of the depth map
by filling in the missing holes and partially correcting the inaccurate boundaries (e.g., the
background between the engine and carriage of the toy train in Figure 6.7). However, the
resulting boundaries still appear blurry due to the spatial Gaussian. Although we can re-apply
the joint bilateral filters on the upsampled depth image to further improve the boundary, we
implement a simple scheme based on the observation that with a large enough spatial support
O, there should be enough pixels that have the similar color and depth to pixel p. To do so,
we apply a joint median filter: we first pick N pixels from © that have the closest color to
p and then apply the median filter on the depth values of these /V pixels. In our experiment,

we choose N to be 20% of all pixels in ©.

6.4 Results and Discussion
In Figure 6.5 and 6.6, we show the motion deblurring results using our hybrid camera.
In Figure 6.5(a), we apply motion deblurring algorithm to a dynamic scene: the yellow book

was quickly passed over from the right hand to the left hand. Notice that the texts on the book



Figure 6.8: Motion deblurring and depth map super-resolution using the hybrid camera. (a)
shows the motion blurred image from the HR-C camera. (b) shows the motion
deblurred result using the method described in Sec. 6.2. (c) shows the low
resolution depth map. We upsample the map using bilinear interpolation to
compare it with the bilateral filtered results. (d) is the reprojected depth map.
(e) shows the upsampling result using joint bilateral filters. (f) shows further
improved results using the joint median filter described in Sec. 6.3.2. (g) shows
closeup images of the depth maps.

74



are unrecognizable in the original HR-C frames, but are clearly readable in the deblurred
results shown in Figure 6.5(b). The hand holding the textbook is also effectively deblurred.
In Figure 6.6, we use the hybrid camera to deblur spatially varying kernels. The foreground
and the background toy trains are moving in opposite directions at different speeds. Since
our method separately estimates the PSF for each individual train using the method discussed
in Sec. 6.2, we are able to effectively deblur both objects.

In Figure 6.7, we validate our joint bilateral filter method for depth map super reso-
lution in a static scene. We position a toy train on top of the rails. Notice the toy train has
complex contours. If we simply upsample the low resolution depth map obtained from the
HS-C cameras, the details of the contours disappear. Using a joint bilateral upsampling, we
are able to recover these fine details and partially correct the erroneous boundaries in the
depth map (e.g., the V shaped contour between the engine and the carriage).

Finally, we show using the hybrid camera to simultaneously motion deblur the HR-C
image and reconstruct the high resolution depth map. Figure 6.1 shows the results using
our system in a toy train scene. We mount a star shaped object on top of the toy train to
emphasize the accuracy of the recovered depth maps. The HS-C and HR-C inputs are shown
in Figure 6.1(a) and Figure 6.8(a), and the deblurred result is shown in Figure 6.1(c) and
Figure 6.8(b). Our method effectively reduces the motion blur by recovering the text on the
toy train and the contour of the star-shaped object, although we also observe some ringing
artifacts caused by the R-L deconvolution.

In Figure 6.8, we show the depth super resolution results using joint bilateral filters.
We choose a large enough kernel size o for the spatial Gaussian to fill in the missing data.
In this example, we set o, to be 35. We normalize the depth map to have intensity between
[0 1] and we set o, of the range Gaussian to be 0.02. Figure 6.8(c) shows the depth map
from the HS-C pair and Figure 6.8(d) shows the warped result. The reprojected depth map
is very noisy and contains many holes. Using the joint bilateral filter, the depth map is
significantly enhanced (Figure 6.8(e)). The seams at the occlusion boundaries are further
enhanced (Figure 6.8(f)) using the joint median filter as described in Sec.6.3.2. Closeups are

shown at the bottom of Figure 6.8. The typical upsampling rate in our experiments is 9. Due
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to the camera calibration requirement, we did not further downsample the HS-C camera to
demonstrate a higher upsampling rate, although it can easily be achieved if we use a different

HR-C camera with a higher resolution.

6.5 Conclusion

In this chapter, we have demonstrated a hybrid camera system for multi-speed image
deblurring. Our method estimates the motion flow in the HS-C pair and then warps the flow
field to the HR-C camera to estimate the PSE. We then deblurred the HR-C image and used
the resulting image to enhance the low-resolution depth map using joint bilateral filters. For
image artifacts presented in the deblurred image, such as ringing and saturation, we can
easily remove them by adopting the techniques presented in recent literatures about image
deblurring [102, 112,113,133, 142], or modify the traditional Richard-Lucy deconvolution
component to reduce these artifacts.

Besides of motion deblurring and depth map super-resolution, our simplified hybrid
camera system still has many other applications in computer vision and graphics. For ex-
ample, in the absence of motion blurs, it is possible to further simplify our hybrid camera
system for dynamic depth of field effect rendering. For example, Yu et al. [140] constructed
a simple hybrid stereo camera which consists of one high-resolution color camera and one
low-resolution gray-scale camera. They first upsampled the depth map estimated using GPU
and then synthesized a light field for rendering dynamic depth of field effects. When com-
pared with Kinect camera system, our hybrid system can work for out-door applications and
doesn’t have limitations for working space. It is also possible to utilize our hybrid camera
system for real-time tracking of blury/non-blury objects. We can assume that the tracked ob-
ject has smoothy disparity changes between consecutive frames. This can be viewed as the
disparity locality, similar as spatial locality which is commonly used in traditional tracking
algorithm. In the next chapter, we will discuss how to integrate our hybrid camera and all

the algorithms presented in Chap.4-6 for low-light imaging.
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Chapter 7
SYSTEM INTEGRATION

From Chapters 3—-6, we have elaborated the design of our hybrid camera system and
presented three companion computational photography algorithms to use our system for cap-
turing low noise, low motion blur, high quality color imagery under low-light conditions. In
each chapter, we have shown experimental results of each individual algorithm, i.e., multi-
focus fusion (Chapter 4), multispectral denoising (Chapter 5), and multi-speed deblurring
(Chapter 6). In this chapter, we demonstrate putting all three algorithms together for achiev-

ing high quality low light imaging.

7.1 Acquiring the Raw Imagery Data

Recall that our hybrid camera aims to combine the advantages of different types
of sensors (with respect to aperture, shutter, resolution, and spectrum). Our current setup
consists of two Pointgrey Grasshopper high speed monochrome (HS-M) cameras (640 x
480 x 8bit@120fps), two Pointgrey Flea2 high resolution monochrome (HR-M) cameras
(1024 x 768 x 8bit@30fps), and one single Flea2 high resolution color (HR-C) camera
(1024 x 768 x 24bit@Q7.5fps). We choose the camera settings so that for each color frame
captured at the HR-C camera, we will capture 4 frames on each of the HR-M cameras using
a wide aperture, and 16 frames on each of the HS-M cameras using a fast shutter and small
aperture.

Fig.7.2 and Fig.7.7(a) show some sample images captured by our system in an indoor
setup: a toy training quickly moves towards the left in darkness. Because of the short expo-
sure time, the HS-M images exhibit extremely low contrast. We thus preprocess them using
our exposure fusion technique to enhance the contrast. As shown in the top of Fig.7.2, our

technique is able to significantly boost the contrast on HS-M frames although the resulting

77



—
(monochrome) r ?

Figure 7.1: Our proposed hybrid camera system.

images still appear rather noisy and cannot be directly used, e.g., for recovering the motion
of the toy train. At the bottom of Fig.7.2, we show two sample images captured from the
left HR-M camera. By using the wide aperture, the HR-M frames are able to capture images
with nearly no noise. In Fig.7.7(a), we further show the corresponding frame in the HR-C
camera with respect to Fig.7.2. Notice that the brightness level of this color image is much
lower than that of the HR-M images. This is because camera manufacturers install an IR-cut
filter and a Bayer pattern before the image sensor to faithfully capture color. These filters,
however, not only block NIR and UV light but also decrease the amount of light captured by
the sensor by roughly two thirds. The use of long exposure for the HR-C camera can only

partially reduce the noise at the expense of introducing motion blurs, as shown in Fig.7.7(a).

7.2 Post-Processing

Next we show how to use our companion algorithms to reconstruct high quality color
images from these inputs at 1024x768x24bit@7.5fps. In Chap.4-6, we have developed multi-
focus fusion, multi-spectral denoising, and multi-speed motion deblurring modules for re-
constructing high quality images under low-light conditions. Fig.7.3 reiterates the pipeline
for our processing framework. The main idea is to use HR-M images as the spatial prior to

denoise HS-M and HR-C images, and estimate motion information from the denoised HS-M
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Figure 7.2: An example of images captured under low-light conditions. (a) an image se-
quence captured from the left HS-M camera. Because the captured images
exhibit extremely low contrast due to the use of fast shutters, we show the ex-
posure fused results for instead. (b) an image sequence captured from the left
HR-M camera.

sequences for non-blind deconvolution of HR-C images.

Due to the difference in brightness and noise levels and strong parallax between HR-
M and HS-M (or HR-C) images, it would be difficult to directly locate corresponding patches
as spatial priors from HR-M images for any given patch in HS-M (or HR-C) images. We
tackle this problem by first preprocessing the HS-M images to improve the intensity level
and then apply BM3D denoising algorithm to partially remove sensor noise. Specifically,
we present a novel virtual exposure fusion technique to boost the intensity level of the dark
regions while avoiding the bright regions saturating.

Next, we find corresponding patches from HR-M images for any given patch in HS-
M images through multi-view block matching, and use it as the spatial prior to regularize the
denoising problem together with a /; TV term. This spatial term can provide high frequency
details which are corrupted by image downsampling and sensor noise at HS-M cameras. The

TV regularization can remove unwanted details while preserving important details such as
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Figure 7.3: System pipeline for low-light imaging. We first preprocess the HS-M images
to improve the brightness of dark regions, and then apply BM3D denoising
algorithm to partially remove sensor noise. Next we find low-noise patch priors
from HR-M images for multispectral denoising of HS-M images. Finally, we
design an alternating minimization algorithm to denoise the preprocessed HS-M
images.

edges. These terms both regularize the objective function in this minimization problem to
effectively reconstruct low-noise HS-M image sequences.

Finally, we motion deblur the HR-C images. We use the denoised HS-M sequences to
robustly estimate blur kernels for HR-C images. Because the captured HR-C images contain
sensor noise, it is not practical to directly recover latent HR-C images through conventional
Richardson-Lucy method used in Chapter 6. Conceptually, we could denoise the HR-C
images before we deconvolve them. The denoising process, however, would change the
blurred contents and lead to strong visual artifacts in deconvolution as it violates our spatially
invariant PSF assumption. Therefore, we choose to use the optimization method presented
in [63, 123] to simultaneously remove the blur and noise for fast moving objects. We then
apply the same patch-based denoising method presented in Chapter 5 to reconstruct latent

images from the input HR-C images.

7.3 Results and Discussions
We evaluate our algorithms on both real and synthetic image sequences. These ex-

periments demonstrate our algorithms are reliable to recover high quality color images under
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Figure 7.4: Multispectral denoising of a synthetic HS-M image sequence. (top) the syn-
thetic image sequence with zero-mean Gaussian noise of variance 0.09. (bot-
tom) our denoised results.

low-light conditions.

Synthetic Scenes. We use the same synthetic scene shown in Sec. 5.6 to quantita-
tively demonstrate the performance of our deblurring/denoising algorithms. In Fig.7.4, we
show the multispectral denoising of one synthetic HS-M image sequence. Our algorithm
improves the PSNR by roughly 5.7 dB over the noisy inputs. Moreover, it can effectively
recover the fine details of the degraded HS-M images, for example, the texture of the front
table, the characters on the paper cup, and the shape of the background orchid. Unlike the
BM3D results, our denoised image sequences only exhibit limited flickering, jumping and
other temporal artifacts. This is because the data fidelity term in the objective function of
Eq.(5.5) keeps our denoised results close to the original sequence, thus helps to maintain
temporal coherence, which is very vital for us to accurately estimate the optical flows from
the denoised HS-M sequences.

In Fig.7.5, we show the image deblurring/denoising of a synthetic HR-C image. As
discussed in Sec.7.2, we first estimate the motion information of the paper cup from the
denoised HS-M image sequences, and then compute the PSF for non-blind deconvolution of
the HR-C image, followed by our hybrid denoising method to remove strong sensor noise.

Our result not only can reveal the vivid color of the orchid, but also reconstruct the fine
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PSNR: 17.692 PSNR: 22.950

Figure 7.5: Image deblurring/denoising of a synthetic HR-C image. (left) shows the synthe-
sized HR-C image. (center) our deblurring/denoising result. (right) shows the
zoomed-in figures corresponding to the rectangle regions in (left) and (center)
respectively.

Frame 217 . Frame 225 . Frame 229

Figure 7.6: Denoising results of corresponding HS-M images shown in Fig.7.2.

details of the fast moving cup, i.e., the design pattern on the cup. In addition, our algorithm
impressively improves the PSNR from 17.69 dB to 22.95 dB for the input HR-C image. Here
we run the deblurring/denoising algorithm on each color channel separately, and combine the
results together to form the final color image.

Real Scenes. Fig.7.6 demonstrates our multispectral denoising results on the contrast-
enhanced HS-M images. Compared to the top row of Fig.7.2, not only are strong noise
removed, but also fine details, such as the title of the background book, the logo on the
chocolate box, and axles of the foreground train, can be clearly recovered in our denoised
sequences through the regularization of our multispectral prior and ¢; TV. Next, we warp the
estimated optical flows of the moving toy train onto the HR-C camera to estimate the motion
blur kernel for image non-blind deconvolution. Notice that the contour and detailed color of

the toy train is hardly identifiable in the original HR-C image due to strong noise and motion
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(a) (b)

Figure 7.7: Image deblurring/denoising of an input HR-C image. (a) shows the exposure
enhanced HR-C image corresponding to HS-M and HR-M sequences in Fig.7.2.
(b) our deblurred/denoising result. The bottom row shows the zoomed-in figures
corresponding to the rectangle region in the top respectively.

blurs, but are clearly recovered in our result, as shown in Fig.7.7(b). Specifically, our method
can even reconstruct the axles of the toy train. Finally, we create an alpha matte (Chapter 6)
to combine the deblurred moving train with the background.

To faithfully recover the color information of the deblurred HR-C image, we apply
our optimization based denoising algorithm (Chapter 5) to reduce the strong sensor noise.
Here we apply our multi-view block matching algorithm only in the green channel, instead
of running it for three times. This is due to the fact that a typical Bayer array contains twice
as many green as red or blue sensors. The redundancy of green pixels produces a color image
with less noise in the green channel after image demosaicing, thus it gives us better patch
matching results. As can be seen in Fig.7.7(b), our TV and spatial prior regularized denoising
method is able to effectively remove strong sensor noise from the original color image, and
keep reconstructed image sharp as well, for example, the characters on the background book
and the eyes of the foreground snail.

In Fig.7.8, we apply our new imaging system for acquiring an outdoor scene: a person
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Figure 7.8: Multispectral denoising of an outdoor image sequence. (top) the exposure en-
hanced results of an original HS-M image sequence. (bottom) our denoised
results. (The subject depicted here is the author of this thesis.)

Figure 7.9: Motion deblurring of an outdoor HR-C image. (a) an original HR-C image
captured under low-light conditions. (b) zoomed-in figure of the rectangle re-
gion shown in (a). Estimated blur kernel is displayed in the top left corner. (c)
motion deblurring result of (b). (The subject depicted here is the author of this

thesis.)
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is walking towards the camera array at a road construction site when an SUV passes by.
One HR-M camera focuses on the foreground person, and the other one focuses on the
background SUV. These cameras are equipped with large aperture lenses to capture low
level of noise images, whereas the HS-M cameras are able to capture the fast passing SUV
without any blurs. These HS-M images, however, exhibit extremely low contrast due to the
use of fast shutters. We first preprocess the input HS-M images through exposure fusion,
as shown in the top of Fig.7.8, and then apply our denoising scheme to further reduce the
noise using spatial guidance from the HR-M images. Our solution is able to not only remove
strong noises on the construction site but also add useful details to the foreground (e.g., the
characters on the person’s T-shirt) as shown in the bottom of Fig.7.8.

Under some extreme circumstances, it can still be difficult to deblur the HR-C image
even after we accurately estimate the blur kernel using the denoised HS-M sequences. For
instance, the image of the fast moving SUV (Fig.7.9(a)) exhibit ultra wide dynamic range:
the headlights of the SUV are well saturated, while the body of the car is extremely under-
exposed and exhibit strong noise. Further, the SUV is moving ultra fast and generates large
blur kernels that cannot be robustly handled by most existing deblurring methods including
ours. However, our system is still able to denoise the HS-M images well and provide useful
information about the vehicle’s motion. As shown in the top left of Fig.7.9(b), the accuracy
of our estimated PSF can be well measured by the motion of the headlights. Other highlight
lines within the figure are reflections of street lamps at the SUV’s specular surface.

In summary, we have conducted a number of indoor and outdoor experiments to
validate both our system and our algorithms. We have demonstrated putting all three al-
gorithms (multi-focus fusion, multispectral denoising, and multi-speed deblurring) together
for achieving high quality low light imaging. Experiments show that our denoised HS-M
image sequences have good temporal consistence and are able to provide accurate motion
fields of the fast moving objects for deblurring of HR-C images. We have also shown that
the reconstructed color image can provide faithful color information of the scene with high

resolution.
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Chapter 8
CONCLUSION AND FUTURE WORK

In this dissertation, we have presented a new computational imaging system called
the hybrid camera array that is suitable for conducting surveillance tasks under low light con-
ditions. Our hybrid camera array leverages recent advances on high speed, high resolution
and multi-spectral sensors by integrating multiple types of sensors into a unified imaging sys-
tem. We have also developed a class of companion computational photography algorithms
for fusing the imagery from different types of sensors to produce high resolution, low-noise,

low motion blur color video sequences.

8.1 Conclusion

On the hardware side, we have constructed the imaging system (Chapter 3) based on
the light field camera array system. We have built a 3 x 3 light field camera array that is suit-
able for acquiring 3D dynamic fluid surfaces. We have discussed important issues that affect
the design of camera array systems, including bandwidth concern, data recording device,
camera synchronization, computer architecture, and etc. The main advantage of our system
compared with existing light field camera arrays is that it requires low maintenance and is
highly portable and readjustable. To extend the light field array to the hybrid camera array,
we integrate a pair of high-resolution monochrome (HR-M) cameras, a pair of high-speed
monochrome (HS-M) cameras, and a single high-resolution RGB color (HR-C) camera into
a single system. The HR-M cameras are equipped with large aperture lens to gather more
light for capturing low-noise images, but with strong defocus blurs. The HS-M cameras
capture fast motions without motion blurs but their images are usually very noisy due to fast
shutters, and the HR-C camera provides reliable color information of the scene using slow

shutters at the cost of strong motion blurs for the fast moving objects.
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On the algorithm side, we have developed a class of multi-fusion techniques based
on recent breakthroughs in computational photography algorithms for denoising, defocusing
and deblurring.

In Chapter 4, we have developed a new multi-focus fusion technique called the Dual
Focus Stereo Imaging or DFSI. DFSI uses a pair of images captured from different view-
points, and at different focuses but with identical wide aperture size. It resembles the HR-M
camera pair in our hybrid camera array. Each image in the HR-M camera exhibits different
defocus blur and the two images form a defocused stereo pair. To model defocus blur, we
have introduced a defocus kernel map (DKM) that computes the size of the blur disk at each
pixel. We have also derived a novel disparity defocus constraint for computing the DKM
in dual focus stereo pair, and integrated DKM estimation with disparity map estimation to
simultaneously recover both maps. We have shown that the recovered DKMs provide use-
ful guidance for automatically segmenting and fusing the in-focus regions to create a nearly
all-focus image.

In Chapter 5, we have presented a new framework for denoising HS-M images. Our
proposed algorithm explores the correlation between the HS-M and HR-M cameras in our
hybrid camera array in both spatial and temporal domains. Specifically, we extract in-focus
regions from each HR-M image using our DFSI technique (Chapter 4) and then use these
low-noise patches as the multispectral priors for HS-M image denoising. We first preprocess
the captured HS-M images by using our exposure fusion technique to boost their brightness
and contrast. Next, we design an novel optimization scheme and regularize the objective
function with a ¢; total variation (TV) term and a multispectral gradient prior. This TV
regularization can remove unwanted detail from the noisy image while preserving important
details such as edges. Our novel multispectral prior can add in fine details missed due to
image noise and low-resolution CCD sensor. We solve this optimization problem efficiently
through newly proposed alternating algorithms [114, 123].

In Chapter 6, we have developed a deblurring scheme for reducing motion blurs in the
HR-C stream. Our method estimates the motion flow in the denoised HS-M image sequences

and then warps the flow field to the HR-C camera to estimate the blur kernel. We have applied
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the traditional Richard-Lucy deconvolution algorithm to deblur the HR-C images. Since both
the HR-M and the HS-M cameras can provide a depth map of the scene, we have also studied
how to use final fused HR-C image to synthesize a high-resolution depth map using the joint
bilateral filters.

Finally, we have conducted a number of synthetic and real scene experiments to val-
idate both our system and our algorithms. In Chapter 7, we first design an indoor toy train
scene to demonstrate how to put all three algorithms (multi-focus fusion, multispectral de-
noising, and multi-speed deblurring) together for achieving high quality low light imaging.
Experiments show that our denoised HS-M image sequences have good temporal consis-
tence and are able to provide accurate motion fields of the fast moving objects for deblur-
ring of HR-C images. We have also shown that the reconstructed color image can provide
faithful color information of the scene with high resolution. At last, we demonstrate some
limitations of motion deblurring under extreme conditions, for example, the over saturated
headlight motions in an outdoor scene, however, our system is still able to denoise the HS-M

image sequences well and provide useful information about the object’s motion.

8.2 Future Work
Our proposed hybrid camera system and its computational photography algorithms
have the potential to benefit and advance computer vision applications such as generating

contents for 3D TV, high speed high resolution imaging, low-light surveillance, and etc.

8.2.1 Capturing Videos for 3D TV

In future, we plan to apply our camera systems for capturing 3D video contents for
TVs and movies. As discussed in Chapter 3, our camera systems can support many different
3D video formats, including stereoscopic streams, multi-view streams, and 2D-plus-depth
streams, which make our systems ready for many types of 3D displays. For instance, our
3 x 3 light field camera array can simultaneously provide 9 view video contents for recent
lenticular lens 3D TVs (auto-stereoscopic displays), such that they don’t need to estimate

accurate depth maps for 9 view interpolation. In addition, it is also possible to use our hybrid
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camera system (Fig.3.2) to capture 3D video contents, especially for fast moving objects.
One advantage of our imaging systems is that the baseline/parallax is adjustable in either
software or physical ways. To reduce visual fatigue in 3D TV, we can always postprocess

the video contents to adjust the baseline through virtual view synthesis.

8.2.2 High Speed High Resolution Imaging

One important future work that we plan to explore is to generating high-speed and
high-resolution videos. Recall that our imaging system is equipped with both high speed and
high resolution videos cameras. We hence can potentially further increase the speed and the
resolution of the sensors. First, we could employ the time-divided multiplexing technique
discussed in Sec.3.1 to improve the speed of these video streams by a factor of two. Next,
we could design a dictionary learning based image super-resolution method to super-resolve
HS-M stereo videos. Recent studies [129, 130, 135] have shown that dictionary based on
image patches exhibit nice sparsity properties and can use techniques similar to compressive
sensing to achieve superresolution. Different from [135], image patches that constitute the
dictionary could be directly extracted from our HR-M image sequences, in a similar way as
our denoising method. At last, to generate color for the imagery, we can adopt color transfer
techniques [70, 96, 126] to transfer color from HR-C images to superresolved high speed

grayscale stereo video streams.

8.2.3 Using Temporal Coherence

It is important to note that our denoising technique does not consider temporal coher-
ence between image frames, thus the denoised HS-M sequences suffer from temporal arti-
facts, such as flickering and jumping, even though the data fidelity term in the optimization
framework reduces these artifacts to some extent. An intuitive way to improve our results is
to extend our multi-view block matching method to explore not only spatial neighbors ac-
cross different view points but also their temporal neighbors. We can define time windows to

bound the block matching in temporal domain, based on our camera synchronization scheme.
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It 1s also possible to adopt the virtual exposure framework [10] to use temporal integration
for video denoising of HS-M images.

Temporal information can benefit motion deblurring as well. Agrawala et al. [2]
have shown that motion blur in successive video frames can be invertible by changing the
exposure time of successive frames. Therefore, another important part of future work is to
explore motion deblurring in temporal domain by considering consecutive HR-C frames.
To solve motion debluring of saturated regions, we could also design a new deconvolution
framework which can directly utilize the low-resolution object patch sequences besides the

estimated object motions/PSFs.

8.2.4 Real-time Implementation

In Chapter 5, we have demonstrated the performance gains achieved by exploring the
data parallelism using the OpenMP API. Many other components of our low-light imaging
system could also be implemented using OpenMP to reduce the running time, e.g, optical
flow estimation and image deconvolution. With latest advances in graphics hardware, we
may further improve the performance our algorithm by migrating them onto the Graphics
Processing Unit (GPU). Recall that almost all our processes on the imagery data exhibit
strong data parallelism. Therefore, we can use NVidia’s CUDA architecture and tools make
this data parallel computing on a GPU every straightforward. Specifically, disparity map
(and defocus kernel map) estimation, frequently used in Chapters 4, 5 and 6, could be solved
on the GPU by adopting the methods described in [41]. We can also improve the compu-
tational efficiency of blur kernel size estimation (described in Chapter 4), and multi-view

block matching (Chapter 5).

8.2.5 Potential Extensions

Application in Face Recognition. Compared to other night vision technologies, such
as thermal imaging and image intensifiers, our imaging system can generate images with
better quality under low-light conditions, and even with reliable color information, which

makes our hybrid camera array suitable for biometrics security systems. When coupled with
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NIR illuminators, we can adopt similar approaches proposed in [47,75] to robustly recognize
human faces at night, even under extreme weather conditions, such as, fog and mist. Another
thing to mention is that we can facilitate object detection at night by considering different
reflectance of NIR for various objects. Together with estimated depth maps of HS-M images,
they could help us prune out large regions for object detection.

Application in Tracking. Visual tracking plays an important role in robotics, hu-
man computer interaction, medical imaging and many other computer vision applications.
Tremendous efforts have been focused on separately handling noise, illumination, occlu-
sions, blurs, and background clutter. As discussed in the previous chapters, our hybrid cam-
era system is able to reduce image noise, remove motion blurs and improve illumination,
which can makes tracking methods more robust on these challenging image inputs. More-
over, since our camera system has large parallax in both z and y direction on the image
plane, it can handle object occlusion as well. At last, multiple instances of the same object at
different view points can benefit the image feature extraction as well, besides the estimated
HS-M depth maps and object motion fields. For details about object tracking, please refer to
Yilmaz et al. [137].
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PERMISSION LETTER
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Sub: Permission Letter
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