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Abstract

Separation, Denoising, and Reconstruction of 4D Embryonic

Cardiac Microscopy Datasets for Improved Visualization and Flow

Analysis

Sandeep K. Bhat

Cardiac development is a highly dynamic process since the heart is beating long

before it has reached its final shape. Currently there is a need for novel image process-

ing techniques for image component separation, denoising, and reconstruction of high

frame-rate, high resolution, multi-dimensional cardiac datasets acquired during live (in-

vivo) imaging of the embryonic heart. Such methods would help in quantifying blood

flow and tissue deformation during cardiac development, thus facilitating a better un-

derstanding of the interplay between genetic and epigenetic factors that contribute to

cardiac morphogenesis.

The first part of this thesis deals with improving the specificity in label-free, high

speed brightfield (BF) microscopy images. We propose a motion-based separation algo-

rithm to decompose a single-channel 3D+time volume into three channels showing cyclic

heart-wall, static support structures, and transient blood cells. The technique is based

on non-uniform temporal synchronization, selection, and combination of images from

multiple cardiac cycles and z-sections to produce 3D+time image volumes of one full

cardiac cycle that are highly suitable for 3D visualization and analysis of the individual

structures’ dynamics in the embryonic heart.

ix



In the second part, we develop a computational noise reduction technique to en-

hance optical coherence tomography (OCT) datasets of cyclically moving structures.

This allows imaging dynamic structures and fluid flow within scattering tissue like the

embryonic mouse heart, while preserving temporal and spatial resolution.

In the final part, we discuss reconstruction of a 3D+time cardiac volume from mul-

tiple high-speed 2D+time sequences that are sequentially acquired along multiple heart

beats. Current methods overcome the limitation of low frame-rates in direct 3D+time

imaging either by synchronizing the 2D+time sequences using complex triggering hard-

ware during acquisition or by image-based retrospective temporal registration of the

2D+time sequences which accumulates registration errors. Our technique uses image-

based retrospective gating for temporal alignment but mitigates the cumulative registra-

tion errors by using a second set of 2D+time sequences acquired at an angle orthogonal

to the first. By globally minimizing an objective criterion that depends on the similarity

between the data present at the intersecting slices, the two sets are registered and fused

to obtain a high-speed high-resolution multi-dimensional reconstruction of the heart.

The techniques presented in this thesis have been applied for reconstruction of high-

speed (100-3000 frames per second), 3D+time cardiac datasets with micrometer resolu-

tion (0.8-4.0 µm) in live cardiac BF microscopy images of zebrafish embryos and cardiac

OCT images of mouse and rat embryos. The tools developed improve the visualization

of cardiac BF and OCT datasets over existing image processing techniques, and enable

quantitative study of cardiac morphogenesis.
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Chapter 1

Introduction

1.1 Embryonic Cardiac Imaging

The heart is the first functioning organ in the vertebrate embryo: in humans, for

example, it starts beating only three weeks post-fertilization. The heart begins as a

simple tube and forms chambers, valves, and vasculature as it develops. Most interest-

ingly, the heart continues to beat throughout its development to ensure blood circulation

throughout the developing embryo. The blood flow dynamics are in turn essential for

normal heart formation. Hove et al. [1] have shown in zebrafish embryos that obstruct-

ing blood flow leads to missing or malformed valves or to the heart not properly forming

chambers. Other studies [2,3] have also shown that blood flow is an essential epigenetic

factor for gene regulation and expression that leads to normal growth. A systematic

understanding of cardiac development will therefore depend on the ability to dynami-
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Chapter 1. Introduction

cally measure, characterize, and link cardiac morphology, gene expression and function

in living embryos, both in normal and perturbed conditions (e.g. in the presence of

pharmacological agents). Embryonic cardiac imaging plays a key role in achieving this

objective.

The primary goals in embryonic cardiac imaging can be summarized as follows:

1. volumetric 3D+time reconstruction of the heart at high resolution and SNR,

2. ability to automatically identify (label) and separately characterize the different

cardiac structures, and

3. achieve sufficiently high frame-rates to capture all the cardiac dynamics.

1.1.1 Challenges in Cardiac Imaging

The highly dynamic nature of heart development makes cardiac image acquisition

and processing particularly challenging. The motions of heart-wall and red blood cells

(RBCs) in the embryonic heart are fast (several millimeters per second) and need high

frame-rates (typically, hundreds to thousands of frames per second) to be imaged with-

out motion artifacts like aliasing and blurring [4]. The high frame-rates used lead

to reduced exposure time per captured image and often result in lower quality images

(poor signal to noise ratio (SNR)) that need to be denoised post acquisition for accurate

characterization of cardiac morphology and function.

Effective morphological study of the embryonic heart requires volumetric 3D recon-

struction with the different structures like the heart-wall, RBCs, and the supporting

2



Chapter 1. Introduction

tissues labelled. Frame rates currently achievable with direct 3D+time cardiac imaging

are too low to properly capture the dynamics of fast moving cardiovascular structures.

This limitation can be overcome by taking advantage of the repetitive (periodic) mo-

tion of the heart and reconstructing dynamic volumes from several high-speed 2D+time

sequences, each spanning a few heartbeat cycles and acquired in separate but fixed sec-

tions through the heart. However, this approach requires that all the slice-sequences be

synchronized to each other either by triggering the acquisition to the heartbeat [5–8] or

post-processing [9–11].

1.1.2 Model Organisms for Cardiac Development Study

Model organisms are in-vivo models that are often used to research human disease

and developmental defects when human experimentation is unfeasible. Zebrafish is

an attractive model for vertebrate cardiac development as it offers many advantages

over other systems; zebrafish reproduce rapidly and externally ensuring embryos are

available in large numbers for studies, their embryos are relatively transparent with the

developing heart being optically accessible using microscopes, and multiple transgenic

fish have been genetically engineered to express or suppress characteristics relevant for

cardiac research [12, 13].

Mouse or rat embryos are often used as model mammals for cardiac development

studies [14, 15]. Mouse models are an excellent resource for studying cardiovascular

development and disease because of their rapid generation time, and availability of

3



Chapter 1. Introduction

mutants with cardiovascular defects linked to human diseases [16,17]. Unlike zebrafish,

the heart of mice and rats undergo septation to form a four-chambered heart similar to

human heart. But their embryonic hearts are not optically accessible, unlike in zebrafish

embryos, and are therefore more difficult to image.

1.1.3 Cardiac Microscopy Techniques

Recent advances in microscopy allow in vivo study of embryonic heart development

as it gains function. Different modalities, which exhibit various labeling capabilities,

signal-to-noise ratio (SNR), spatial resolution, temporal resolution, viability, and depth

penetration, have been proposed to study dynamic processes. These include fluores-

cence (FL) microscopy (wide-field epi-fluorescence, confocal, two-photon, light-sheet

illumination), wide-field microscopy (brightfield (BF), differential interference contrast

(DIC)), and coherent imaging techniques (digital holography, optical coherence tomog-

raphy (OCT)). However, no microscopy technique can simultaneously image specifically

labelled structures within an organism and operate at a high frame-rate. Table 1.1

summarizes the different cardiac microscopy techniques. In the following paragraphs

we discuss some of the key strengths and limitations of the different cardiac microscopy

techniques.

FL microscopy, in which fluorescent molecules attached to the structures of interest

absorb and then emit light, allows precise targeted labeling at the sub-cellular, cellular,

tissue, or organ levels in live organisms. Yet, it requires fluorescent molecules to be first

4



Chapter 1. Introduction

Table 1.1: Comparison of Cardiac Microscopy Techniques [18–20] (best is in bold).

Confocal FL Widefield FL Brightfield OCT

Contrast
Source

Fluorescent
probes

Fluorescent
probes

Light
absorption

Light
reflection and
scattering

Axial (z)
Resolution

1.0 µm > 10.0 µm > 10.0 µm > 2.0 µm

Lateral (x, y)
Resolution

≈ 0.3 µm 1.0 µm 1.0 µm > 1.0 µm

Frame-rates
Possible

0.1–120 fps 10–50 fps 30–3000 fps 20–150 fps

Penetration
Depth

150 µm 150 µm 150 µm 2000µm

delivered to their site, a task whose complexity may greatly vary with the system being

imaged and the number of different labels required in a single sample. Simultaneous

imaging of multiple channels requires the sample to be multiply labeled, further increas-

ing the complexity of sample preparation. FL imaging, which requires intense illumi-

nation levels, may induce fluorophore bleaching and photo-toxicity during time-lapse

or rapid imaging. Lowering the illumination intensity reduces the number of emitted

fluorescence photons thus requiring expensive high-gain cameras for image capture and

leading to poor SNR especially at higher frame-rates. High-end commercial systems

can produce images at frame-rates as fast as 100 frames per second (fps), yet come at

a significant cost [21]. Dynamic 3D imaging is typically an order of magnitude slower

on the same systems [4]. 3D imaging via optical sectioning can be achieved through

various techniques like confocal, two-photon, and light-sheet illumination microscopy.

5



Chapter 1. Introduction

In BF microscopy, a label-free optical imaging technique, the sample is trans-

illuminated and light absorption by the sample produces image contrast. It can be

setup on common microscopes, has excellent signal to noise properties and requires

much lower illumination levels than fluorescence microscopy even at high frame-rates

(> 200 fps). However, unlike FL microscopy, BF microscopy offers fewer options for

specific labeling since contrast changes arise naturally from illumination light being ab-

sorbed, refracted or scattered by the unlabeled tissue. The inability to sparsely label

structures (such as membranes, nuclei, etc.) like in FL microscopy makes BF microscopy

poorly suited for 3D imaging via optical sectioning.

Optical coherence tomography (OCT) is a label-free microscopy technique that al-

lows for non-invasive, fast, single-cell resolution imaging through several millimeters of

biological tissue. Light reflection and scattering through the sample produces image con-

trast. OCT, with its ability to provide accurate information on structure and dynamics,

has been used for studying whole mammalian and avian embryos [22, 23], understand-

ing hemodynamics [24, 25], and capturing 3D+time cardiac images in mammalian and

avian embryos [11, 26, 27]. Coherent detection used in OCT gives rise to speckle that

contains information on morphology of the imaged object and a noise component which

degrades image quality [28]. This noise component creates a grainy appearance and ob-

scures small and low intensity features, hence limiting the performance of segmentation

and pattern recognition algorithms used for quantitative analysis [29].

6



Chapter 1. Introduction

1.2 Motivation

Dynamic nature of the embryonic cardiac imaging has created a need for novel image

processing techniques for image component separation, denoising, and reconstruction of

high frame-rate, high resolution, multi-dimensional cardiac datasets acquired during

live (in-vivo) imaging of the embryonic heart. Such methods would help in quantifying

blood flow and tissue deformation during cardiac development, thus facilitating a better

understanding of the interplay between genetic and epigenetic factors that contribute

to cardiac morphogenesis [1]. This thesis addresses some of these key challenges in

embryonic microscopic cardiac imaging.

1.3 Thesis Organization

In Chapter 2, we present our algorithm to improve specificity in label-free cardiac

BF microscopy images by separating the different cardiac structures. We take advan-

tage of BF microscopy’s strengths (high frame-rates, simple standard setup, high SNR)

and overcome its main disadvantage (lack of specific tissue labeling) by separating the

contribution from three types of cardiac structures (static, periodically-moving, and

transient structures) into three channels and using them to reconstruct dynamic vol-

umetric images that can be used for effective morphological studies. The separation

problem is addressed solely based on the general motion characteristics of each struc-

ture, which we assume can be imaged over multiple cycles of the periodically-moving

7



Chapter 1. Introduction

structures. We also demonstrate the improved ability to analyze blood flow and cardiac

tissue dynamics in the separated cardiac structures by applying optical flow analysis

techniques such as the Lucas-Kanade method [30].

In Chapter 3, we extend the above technique to the problem of enhancing cardiac

optical coherence tomography (OCT) datasets. Since the noise component in dynamic

OCT images hampers quantitative characterization of the highly dynamic cardiovas-

cular system, it is critical to develop effective noise reduction methods that preserve

spatial and temporal resolution without introducing blurring [31]. We develop a noise

reduction technique that takes advantage of the periodic (or nearly periodic) organiza-

tion of cardio-vascular image sequences along the temporal axis, makes no assumption

on spatial smoothness or object geometry, and requires no optical setup modifications.

The resulting images after noise reduction have an improved signal to noise ratio (SNR),

and show no visible loss in spatial or temporal resolution.

In Chapter 4, we address the problem of reconstructing high-speed 3D+time (4D)

cardiac datasets. Existing non-gated cardiac reconstruction techniques either accumu-

late registration errors [9, 10] or result in non-isotropic resolution in the reconstructed

datasets [32]. We describe a method that mitigate these errors by spatio-temporal reg-

istration of slices in two sets of parallel 2D+time slice-sequences acquired perpendicular

to each other. Our method minimizes an objective criterion that depends on the simi-

larity between the data at the intersection of the slices, then co-registers and fuses the

datasets to yield a high-resolution 3D+time reconstruction of the beating heart. The

8



Chapter 1. Introduction

technique produces volumetric high-speed cardiac reconstructions with isotropic spatial

resolution, without the need for gating signals.

Finally in Chapter 5, we summarize our contributions to embryonic cardiac imaging

and provide conclusions and an outlook for future research.

9



Chapter 2

Motion-based cardiac structure

separation for label-free,

high-speed, 3D microscopy

Abstract1: Capturing the dynamics of individual structures in the embryonic heart is
an essential step for studying its function and development. Label-free brightfield (BF) mi-
croscopy allows for higher acquisition frame-rates than techniques requiring molecular labeling,
without interfering with embryo viability or needing complex equipment. However, since dif-
ferent structures contribute similarly to image contrast, label-free microscopy lacks specificity.
Here we mitigate this problem by separating a single-channel image series into multiple channels
specific to different cardio-vascular structures, based only on their motion patterns. The tech-
nique combines images from multiple cardiac cycles and z-sections after non-uniform temporal
registration to produce 3D+time image volumes of one full cardiac cycle with separate chan-
nels for static, transient and periodically moving structures. The resulting data is well-suited
for velocity analysis and 3D-visualization. We characterize the separating capabilities of our
technique on a synthetic cardiac dataset and demonstrate its practical applicability, by recon-
structing three-channel views of the beating embryonic zebrafish heart with an effective frame
rate of 1000 volumes (256×256×20 voxels each) per second. This technique enables quantitative
characterization of dynamic heart function during cardiogenesis.

1This chapter is based on Ref. [33].
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Chapter 2. Cardiac structure separation for label-free 3D microscopy

2.1 Introduction

Recent advances in microscopy allow in vivo study of complex biological processes

such as the development of the embryonic heart as it gains function. Dynamic multi-

dimensional images, where distinctly labeled cells, tissues, or organs are assigned their

own channel, allow analyzing the interplay between the various actors at multiple scales,

deep inside the living organisms. Different modalities, which exhibit various labeling

capabilities, signal-to-noise ratio (SNR), spatial resolution, temporal resolution, viabil-

ity, and depth penetration, have been proposed to study dynamic processes. These

include fluorescence (FL) microscopy (wide-field epi-fluorescence, confocal, two-photon,

light-sheet illumination), wide-field microscopy (brightfield (BF), differential interfer-

ence contrast (DIC)), and coherent imaging techniques (digital holography, optical co-

herence tomography (OCT)). Neither FL nor BF microscopy can simultaneously image

specifically labelled structures within an organism and operate at a high frame-rate.

FL microscopy, in which fluorescent molecules attached to the structures of interest

absorb and then emit light, allows precise targeted labeling at the sub-cellular, cel-

lular, tissue, or organ levels in live organisms. Yet, it requires fluorescent molecules

to be first delivered to their site, a task whose complexity may greatly vary with the

system being imaged and the number of different labels required in a single sample.

Simultaneous imaging of multiple channels requires the sample to be multiply labeled,

further increasing the complexity of sample preparation. FL imaging, which requires

intense illumination levels, may induce fluorophore bleaching and photo-toxicity during
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time-lapse or rapid imaging. Lowering the illumination intensity reduces the number

of emitted fluorescence photons thus requiring expensive high-gain cameras for image

capture and leading to poor SNR especially at higher frame-rates. High-end commercial

systems can produce images at frame-rates as fast as 100 frames per second (fps), yet

come at a significant cost. Dynamic 3D imaging is typically an order of magnitude

slower on the same systems [4]. For sparsely labeled structures, 3D imaging via optical

sectioning can be achieved through various techniques like confocal, two-photon, and

light-sheet illumination microscopy.

In BF microscopy, a label-free optical imaging technique, the sample is trans-

illuminated and light absorption by the sample produces image contrast. It can be

setup on common microscopes, has excellent signal to noise properties and requires

much lower illumination levels than fluorescence microscopy even at high frame-rates

(> 200 fps). However, unlike FL microscopy, BF microscopy offers fewer options for

specific labeling since contrast changes arise naturally from illumination light being ab-

sorbed, refracted or scattered by the unlabeled tissue. The inability to sparsely label

structures (such as membranes, nuclei, etc.) like in FL microscopy makes BF microscopy

poorly suited for 3D imaging via optical sectioning.

In this work, we propose to take advantage of BF microscopy’s strengths (high

frame-rates, simple standard setup, high SNR) and overcome its main disadvantage

(lack of specific tissue labeling) by separating the contribution from three types of

structures (static, periodically-moving, and transient structures) into three channels
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and using them to reconstruct dynamic volumetric images. The separation problem is

addressed solely based on the general motion characteristics of each structure, which

we assume can be imaged over multiple cycles of the periodically-moving structures. In

particular, we illustrate our method on the problem of cardiac imaging, and produce

three-channel dynamic 3D images of the beating heart with static supporting structures,

dynamic heart tissue and moving blood cells in respective channels. While the rest of

this chapter is specific to the cardiac imaging problem, our method may be applicable

to other biological processes that exhibit an inherent repetitive motion structure.

2.2 Related Work

As a source separation technique, our approach differs from other methods both in

the assumptions used for separation and the proposed solution per se, as we take advan-

tage of specific motion patterns of the sources contributing to the images. Blind source

separation (BSS) and decomposition algorithms impose various criteria and constraints

such as linear predictability [34], smoothness [35], mutual independence [36, 37], spar-

sity [38], and non-negativity [39] on the sources to be separated. These techniques are

not directly applicable to the case of cardiac BF imaging since the texture, smoothness,

and shape of the structures to separate may be similar, the exact statistics of these

structures remains unknown, and only general assumptions regarding the motion of the

structures can be made with confidence.
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Alternatively, segmentation could be used in lieu of separation. However, segmen-

tation typically results in assigning each pixel to a single class, which is problematic

in regions where contributions to image contrast come from multiple structures, a fea-

ture common in BF images. Techniques developed for automatic segmentation of car-

diac magnetic resonance imaging (MRI) include data thresholding [40], pixel classifica-

tion [41, 42], 3D deformable surfaces [43], and subject-specific dynamic models [44].

In addition, shape prior information has been used to aid segmentation, either in

the form of a statistical model [45, 46] or via an atlas in registration-based segmenta-

tion [47,48]. Techniques have also been developed for segmentation of cardiac ultrasound

images [49–51]. Overall, these segmentation techniques cannot be applied directly in our

case since the macroscopic modalities (MRI, ultrasound) were developed for analyzing

heart tissues or bulk flow and, unlike BF microscopy, cannot resolve individual cells in

the blood stream.

Similarly, techniques to segment BF microscopy images have been proposed [52–54],

but they have had varied success in handling overlapping features. To segment BF

images, these techniques utilize information from a fluorescent channel [53] or assume

linear shape and smoothness of the structures [54]. Other methods [55–58] being used for

spatio-temporal segmentation in BF images currently deal with high-contrast structures

and do not address the problem of separating superimposed features like those seen in

cardiac images.
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This chapter is organized as follows. Section 2.3 develops the proposed separa-

tion algorithm. Section 2.4 describes the validation experiments on synthetic data and

presents separation results for 2D and 3D experimental BF data acquired on a beating

embryonic zebrafish heart. Section 2.5 discusses the features and limitations of the algo-

rithm. Finally, Section 4.5 provides conclusions and an outlook on possible extensions

and applications.

2.3 The Separation Algorithm

Our separation algorithm assumes that the input data is a combination of periodi-

cally moving cardiac tissues, static supporting structures, and transient blood cells. By

imaging multiple hearbeats, synchronizing them, then combining all cycles, our method

aims at recovering each component over a typical cardiac cycle.

2.3.1 Image Model

We consider a dynamic volumetric sample whose ideal local intensity I(x, z, t), de-

fined for lateral positions x = (x, y), axial positions z and over time t, is measured by

a linear, space-invariant system that produces 2D images (at fixed times t and axial

positions z)

Im(x, z, t) =

∫∫∫
I(x′, z′, t)PSF(x− x′, z − z)dx′dz′,x ∈ X (2.1)
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Figure 2.1: Frame diagram illustrating the separation algorithm. (a) Sequential image
acquisition: at each depth zℓ, images are collected over multiple cardiac cycles (Eq.
(2.5), right hand side). (b) Sequences are rearranged according to depth ℓ on a common
time axis (Eq. (2.5), left hand side). (c) Sequences are cut and rearranged according
to depth, time and heartbeat repeat (Eq. (2.6) and (2.7)). (d) Non-uniform temporal
registration of cut sequences to match the reference sequence indicated by R. (e)-(f)
Non-uniform temporal registration proceeds recursively along z and r. The ‘+’ indicates
the sequence being aligned to previously aligned sequences (shaded) in its immediate
z-r neighborhood Lℓ (Eq. (2.12)). (g) Separation of permanent structures via sample
median along r.

where X = [xmin, xmax] × [ymin, ymax] ⊂ R2 is the lateral field of view and PSF(x, z) is

the point spread function of the microscope.
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Figure 2.2: Top-level block diagram illustrating the various stages of the separation
algorithm applied to a 2D+time image sequence. Notation is described in the text.

We model the measured images Im(x, z, t) as an additive mixture

Im(x, z, t) = R(x, z, t) + T (x, z, t), (2.2)

where T (x, z, t) is the intensity contribution from transient structures (such as red blood

cells (RBCs)) and R(x, z, t) the contribution from permanent structures. Permanent
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structures can be further modeled as a mixture

R(x, z, t) = P (x, z, t) + S(x, z), (2.3)

with P (x, z, t) the contribution from structures that move periodically (such as car-

diac tissue) and S(x, z) the intensity contribution of static structures (background).

Specifically, the periodicity assumption is

P (x, z, t) ≈ P (x, z, t+Π), ∀t ∈ R (2.4)

where Π is the period of the heart beat (or cardiac cycle). Note that since S is static,

R is also periodic with period Π.

2.3.2 Sequential Image Acquisition

We follow an image acquisition schedule similar to that described in [9]. We sequen-

tially acquire 2D+time slice sequences at fixed axial positions zℓ, viz.

Imℓ (x, t) = Im(x, zℓ, t+ tℓ),x ∈ X , 0 ≤ t < NΠΠ (2.5)

where X = [xmin, xmax] × [ymin, ymax] ⊂ R2 is the lateral field of view, zℓ = z0 + ℓ∆z

are discrete axial positions indexed by ℓ = 0, . . . , Nz − 1, ∆z is the sampling interval

size in the axial direction and Nz the number of axial positions. Acquisition at a given

position zℓ is triggered at time tℓ = ℓ(NΠΠ + ∆t), with NΠ the number of heartbeats
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over which images are acquired and ∆t the time gap between acquisition of neighboring

slices (time during which the focus (axial) position is adjusted). This is illustrated in

Fig. 2.1(a).

For a measured image sequence Imℓ (x, t), x ∈ X , 0 ≤ t < NΠΠ, at a fixed depth zℓ,

our algorithm proceeds to estimate R̂ℓ(x, t), the image contribution from the permanent

features over a single period, 0 ≤ t < Π, using the procedure detailed in the following

sections and summarized in Fig. 2.2. The period Π can either be estimated visually

(the algorithm only requires a rough estimate of the period to operate) or accurately

computed using an algorithm we have previously described in [9].

2.3.3 Cutting and Rearranging

Given a reference position zℓ0 , we first define a template

Imℓ0 (x, t), 0 ≤ t < Π, (2.6)

which, by construction, covers one full heartbeat period. We assume here that the length

of heartbeat periods in subsequent heartbeats at the same depth or other heartbeats in

other depths may vary by an estimated fraction α, such that the minimal and maximal

period lengths are Πmin = (1 − α)Π and Πmax = (1 + α)Π, respectively. We next

extract N shorter sequences from each measured sequence Imℓ at a fixed zℓ, in a way

that ensures that the template can be matched in its entirety (i.e. over its full length)

to each of the cut sequences (see Fig. 2.1(b)-(c)). In other words, each sub-sequence
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must contain at least one complete cycle of the heartbeat that is in phase with the

template, which can be satisfied if the cut sequences have length L ≥ 2Πmax. Since

the template only covers a portion of maximal length Πmax after matching, the rest of

the data would be wasted if the extracted sequences were disjoint. This wastage is not

desirable since the separation phase of our method will require as many instances of the

heartbeat as possible. Therefore, we allow for some overlap when extracting sequences

while ensuring that the template cannot be matched to the same region in two different

extracted sequences. This is guaranteed as long as the overlap does not exceed Πmin

and results in the following cutting strategy (which is, up to the notation, identical to

that presented in [59]):

Icℓ,r(x, t) = Imℓ (x, rσΠ+ t), 0 ≤ t < L, (2.7)

with σ > (L − Πmin)/Π = 1 + 3α, a step factor that controls the overlap of the cut

sequences, and r = 0, . . . , N − 1 the cut index, where N is such that (N − 1)σΠ+ L <

NΠΠ.

2.3.4 Non-uniform Temporal Registration

We synchronize each cut sequence, to obtain an aligned sequence

Iaℓ,r(x, t) = Icℓ,r(x, wℓ,r(t)), 0 ≤ r ≤ N, 0 ≤ t < Π (2.8)
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by determining warping functions wℓ,r ∈ M : [0,Π) → [0, L), t 7→ wℓ,r(t), where M =

{w ∈ C1([0,Π)) | 0 ≤ w(t) < L and w(t1) < w(t2), t1 < t2} is the set of continuous, non-

negative, and strictly increasing functions bounded by L and defined over the interval

[0,Π).

The warping functions are determined sequentially as follows. For the reference

sequence in z-slice zℓ0 we initialize the algorithm with wℓ0,r(t) = t, the identity function,

and a[ℓ], ℓ = 0, . . . , Nz − 1, a boolean vector with elements

a[ℓ] =





1 ℓ = ℓ0,

0 otherwise

(2.9)

that indicate which z-slices have been aligned. Subsequent warping functions wℓ,r are

obtained by cycling through ℓ = ℓ0, ℓ0− 1, . . . , 0, ℓ0+1, . . . , Nz − 1 and r = 0, . . . , N − 1

as shown in Fig. 2.1(e),(f). At each step, we minimize a cost functional Qℓ,r (to be

defined below) to find the optimal warping function given by

wℓ,r ∈ {w ∈ M|Qℓ,r{w} = min
w∈M

Qℓ,r{w}}. (2.10)

After wℓ,0 is found, we update the vector that keeps track of aligned sequences by setting

a[ℓ] = 1.
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For a given z-slice zℓ and a repeat r, the cost functional Qℓ,r : M → R+ is defined

as

Qℓ,r{w} = (1− λ)
∑

ℓ′∈Lℓ

(∫∫

X

∫ Π

0

∣∣∣Icℓ′,0(x, wℓ′,0(t))

− Icℓ,r(x, w(t))
∣∣∣ dt dx

)

+ λ

∫ Π

0

∣∣∣∣
d

dt
w(t)− 1

∣∣∣∣ dt, (2.11)

where

Lℓ =

{
ℓ′ ∈ {0, . . . , Nz − 1}

∣∣∣∣ a[ℓ
′] = 1 and |ℓ′ − ℓ| < W

}
(2.12)

contains indices of z-slices that are at most W slices away from zℓ and for which wℓ,0 has

already been determined. The first term of Eq. (2.11) compares a temporally warped

sequence (a sequence whose temporal axis is deformed) with multiple templates, while

the second term keeps the extent of this deformation in check by penalizing warping

functions that stretch or compress the time axis. These two contributions to the cost

function are balanced by the parameter 0 ≤ λ < 1 to favor either good matching of

the warped and reference sequences (λ = 0) or the temporal integrity of the warped

sequence (λ → 1). Fig. 2.1(d)-(f) illustrates the various steps in synchronization.

Efficient minimization of this cost functional can be done as described previously in [60].
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2.3.5 Separation

In the arbitrarily chosen reference sequence (r = 0), the motion of permanent struc-

tures might not be stereotypical. In addition, arrhythmia or other factors might prevent

the permanent strutures from returning to the same exact position every cardiac cycle

even in a healthy embryo. This results in some cardiac cycles being different from the

others. To ensure good separation of permanent structures for a given dataset we need

to choose only those cycles that are most similar. Therefore, we successively consider

each aligned sequence as a reference Iaℓ,r, 0 ≤ r < N , and determine the subset of N̆ − 1

sequences that are most like it. Specifically, for a given z-slice zℓ, the alignment error

between a candidate reference sequence Iaℓ,r, 0 ≤ r < N and all the remaining sequences

Iaℓ,s, s ∈ {0, . . . , N − 1} \ {r} is computed as the mean absolute difference

eℓ(r, s) =
1

|X |Π

∫∫

X

∫ Π

0

∣∣∣Iaℓ,r(x, t)− Iaℓ,s(x, t)
∣∣∣dt dx, (2.13)

where |X | = (xmax − xmin)(ymax − ymin) is the area of the field of view. The total

alignment error for a subset S ⊂ {0, 1, . . . , (N − 1)} \ {r} is then given by

eℓ,r(S) =
1

|S|
∑

s∈S

eℓ(r, s). (2.14)

We choose the final N̆ sequences by computing the total alignment error over all possible

subsets S of size |S| = N̆ − 1 and then choosing the configuration with the minimum

total alignment error. The indices corresponding to these N̆ sequences are determined
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by

(r0,ℓ,Sℓ) = arg min
r∈{0,...,N−1}

S⊂{0,...,N−1}\{r},|S|=N̆−1

eℓ,r(S), (2.15)

where r0,ℓ is the index of the new reference for slice ℓ and Sℓ is the set containing the

remaining (N̆ − 1) indices.

In the N̆ registered sequences corresponding to these indices, signal contribution

from permanent (static or cyclically moving) structures occurs at the same space-time

position in every sequence. Therefore corresponding pixels in each of the N̆ sequences

represent as many measurements of the same spatial configuration, with an additive

contribution from the transient structures. Therefore, we can estimate the contribution

from permanent structures R to the measured signal Im by finding the sample median

along r as

R̂ℓ(x, t) = Median
(
{Iaℓ,r(x, t)}r∈{r0,ℓ,Sℓ}

)
, 0 ≤ t < Π. (2.16)

The new reference cycle for slice ℓ is given by Iaℓ,r0,ℓ(x, t). For separation of synthetic

dataset we use N̆ = N , while for experimental dataset N̆ =
⌈
N
2

⌉
gives good results.

The static background structures S are estimated from R̂ℓ as the DC term

Ŝℓ(x) =
1

Π

∫ Π

0
R̂ℓ(x, t)dt. (2.17)
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In practice, t is a discrete variable representing the frames in a sequence. So, Ŝℓ(x)

could also be estimated by computing the sample median of R̂ℓ along t, a possibility we

have not pursued here.

The non-static periodic structures P can then be estimated as

P̂ℓ(x, t) = R̂ℓ(x, t)− Ŝℓ(x). (2.18)

Finally, the contribution of transient structures T can be obtained as

T̂ℓ(x, t) = Iaℓ,r0,ℓ(x, t)︸ ︷︷ ︸
reference for slice zℓ

− R̂ℓ(x, t), 0 ≤ t < Π. (2.19)

The separated static background sequence Ŝℓ, periodically moving structure se-

quence P̂ℓ and transient structure sequence T̂ℓ are combined into the different channels

of a single composite volume as given below

Vℓ,c(x, t) =





Ŝℓ(x), c = 0

P̂ℓ(x, t), c = 1

T̂ℓ(x, t), c = 2.

(2.20)

As shown in Section 2.4, the different channels c of Vℓ,c can be pseudo-colored to produce

a multi-colored visualization which clearly highlights the different cardiac structures (see

Fig. 2.6, 2.7).
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2.4 Experiments and Results

We implemented the above described separation algorithm in MATLAB. We first

validated our separation procedure on a synthetically generated 2D+time data set. The

procedure was then applied to experimental 2D+time and 3D+time BF microscopy

data of beating embryonic zebrafish heart.

2.4.1 Synthetic Data

In [61, 62] we have described a technique for generation of simple synthetic heart-

beat data in which the permanent structures move periodically with a piece-wise linear

position change along a diagonal direction (alternating constant positive or negative

velocity) and all transient structures move horizontally at a constant velocity. This

dataset was separated using our algorithm and the separated sequences were compared

with the original synthetic sequences based on their pixel intensity. Here we test our

algorithm with a more realistic synthetic heartbeat model that includes motion of syn-

thetic RBCs at different speeds, static structures with contrast similar to the heartwall,

and a diagonal path for the synthetic heartwall motion. Also, instead of comparing

the separated sequences and original synthetic sequences with their pixel intensity, we

perform optical flow on them using the Lucas-Kanade algorithm [30] as implemented in

the FlowJ plugin [63] for ImageJ [64] and then compare the corresponding flow vectors.

This method of quantification is a good indicator of the fitness of our approach since our

primary goal is to quantify the respective motions of the overlapping cardiac structures
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with minimal cross-talk. In addition, we characterize the effectiveness of separation

with regards to both the number of cardiac cycles used for sample median (N̆) and the

density of overlapping transient structures.

The synthetic data is generated as follows. The periodic component is obtained by

placing a cropping window on a textured background image (Fig. 2.3(a)) and moving the

window periodically (period Π) as a function of frame number, n = 0, 1, 2, . . . , (Π− 1).

Specifically, the upper-left corner of the cropping window (xul, yul) follows a trajectory

given by xul = A + A cos(2πn/Π) and yul = A + A sin(2πn/Π + φ), with φ = π/2 and

A a constant. The synthetic static structure sequence is another textured background

image (Fig. 2.3(c)) repeated in all frames.

To generate frames of the synthetic transient sequence, circular particles with tex-

tures similar to that of the background are randomly placed on a large empty canvas

and a cropping window is moved from left to right at a uniform rate of 1 pixel/frame

(Fig. 2.3(b)) as described previously in [61]. Two more sequences are similarly gener-

ated with the cropping window moving at 2 and 3 pixels/frame, respectively. The three

sequences are superimposed (added) to obtain the synthetic transient sequence in which

the synthetic RBCs appear to be moving at different velocities.

The synthesized transient, static, and periodic sequences are superimposed frame-

by-frame to obtain the synthetic heartbeat sequence (Fig. 2.3(d)). In this sequence the

synthetic RBCs, the heartwall and background have similar contrast and texture like

in actual BF data, which makes separation given a single frame particularly challeng-
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Figure 2.3: Separation algorithm permits flow analysis of multiple overlapping struc-
tures without cross talk. (a) Textured image used for synthetic heart-wall generation.
(b) Canvas with textured particles used for synthetic RBC generation. The cropping
window and its direction of movement between frames is indicated in red in both (a)
and (b). (c) Static component. (d) Frame from the synthetic sequence obtained by
combining (a)-(c). (e) Frame from the recovered heart-wall sequence. (f) Frame from
the recovered RBC sequence. (g) Frame from the recovered static sequence. (h) Flow
visualization on synthetic heartbeat sequence shows cross contamination in regions of
overlap. (i) Flow visualization on recovered heart-wall sequence. (j) Flow visualization
on recovered RBC sequence shows RBCs moving from right to left. (k) Color-index for
flow visualization in (h)-(j). Hue indicates flow direction while saturation corresponds
to velocity magnitude (max 3 pixels/frame; see [63]).
ing. The separation algorithm is applied to this sequence and is effective in separating

the periodic heart-wall, transient RBCs, and the static structures as shown in Fig.

2.3(e)-(g). By comparing Fig. 2.3(i),(j) with 2.3(h), we conclude that precise and cross-

contamination free flow analysis is also possible on the separated sequences. Note that

our algorithm is unaffected by the directionality of the transient and periodic compo-
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nents’ respective motion. In our experiment both structures have motion components

along the horizontal axis.

The separation effectiveness of the proposed algorithm is quantified using the optical

flow vectors of the separated and ground truth sequences. The flow vectors are compared

using the the average angular error (AAE) [65] and mean end-point error (MEPE) [66]

metrics. The angular error (AE) and end-point error (EPE) are given by,

AE = arccos


 ugus + vgvs + 1√

(u2g + v2g + 1)(u2s + v2s + 1)


 (2.21)

EPE =
√

(ug − us)2 + (vg − vs)2, (2.22)

where [ug, vg]
T and [us, vs]

T are the optical flow vectors at a particular pixel location

in the ground truth and separated sequences respectively. Computing the AE for every

pixel in the sequence and averaging them over all the pixels gives the AAE. MEPE

is computed similarly from EPE at each pixel. Note that, since by definition static

sequences contain no flow, AAE and MEPE evaluations are only provided for periodic

and transient structures.

We then proceed to evaluate our algorithm as a function of the number of periods N̆

and the transient structure or RBC density (ratio of the number of pixels that belong to

RBC particles to the total number of pixels in the synthetic heart-beat sequence). The

results are shown in Fig. 2.4. At a constant RBC density, AAE and MEPE decrease

as N̆ , the number of repeats used for the sample median increases. When using a fixed
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Figure 2.4: Optical flow AAE and MEPE variation as a function of the number of
periods N̆ and the RBC density. (a) AAE variation for permanent structure sequence.
(b) AAE variation for transient structure sequence. (c) AAE Color index for (a) and
(b). (d) MEPE variation for permanent structure sequence. (e) MEPE variation for
transient structure sequence. (f) MEPE Color index for (d) and (e).

number of repeats for sample median, AAE and MEPE increase as the RBC density

increases. The trend in Fig. 2.4(a), (b), (d), and (e) suggests that for high RBC density,
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the errors can be reduced (improved separation) by increasing the number of cardiac

cycles used for sample median.

2.4.2 Experimental Data

Quantifying the blood flow and tissue deformations during heart development is key

to understanding the interplay between the genetic and epigenetic factors that influence

cardiogenesis [67]. This is particularly difficult in vertebrate embryos as the dynamic

nature of the heart poses several challenges in acquiring and analyzing cardiac images.

Since the early stages of heart development are similar among different vertebrates, the

zebrafish is chosen as a model for studying heart development. Zebrafish embryos are

particularly well suited for non-invasive in vivo microscopic imaging of the heart because

they are transparent, their hearts develop rapidly in about 5 days, and hundreds of

embryos can be obtained in a single spawning. The motions of the heart-wall and RBCs

in the embryonic zebrafish heart are fast (several millimeters per second) and need high

frame-rates (typically, hundreds to thousands of frames per second (fps)) to be imaged

without motion artifacts like aliasing and blurring [4].

We acquired data on two samples, with different imaging parameters: (i) a 2D+time

BF microscopy dataset with ≈ 15 periods of a 72 hours post fertilization (hpf) beat-

ing embryonic zebrafish heart that were acquired at a fixed focal plane with a Photron

FASTCAM SA3 camera running in area-of-interest mode (512×512 pixels per frame) for

fast acquisition (1000 and 3000 fps for Movie 1 and 2 (available online [68]) respectively).
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(ii) a 3D+time BF microscopy dataset with twenty 2D+time sequences (optical section-

ing with fixed spacing of ∆z = 5µm between the slices) each containing ≈ 13 periods of

a 58 hpf heart that were acquired sequentially with a resolution of 256 × 256 pixels at

1000 fps. For both datasets, no external gating signals were used during the acquisition.

The camera was mounted on a Leica DMI6000B inverted microscope equipped with a

Leica HCX PL FL L 40×/0.60 objective and a Leica PL S-APO 20×/0.50 air objective

for the 2D and 3D imaging experiments, respectively.

Fig. 2.5(b),(c) and Movie 1 shows the result of the separation algorithm on 2D+time

BF microscopy images. Fig. 2.5(e),(f) shows flow in dynamic color format [63] on the

separated image sequences. Color (hue) indicates direction and saturation indicates

velocity magnitude. Unlike in Fig. 2.5(d), where both the heart wall and blood cells

contribute to the flow measurement, most of the flow in Fig. 2.5(e) is observed in the

regions where there is movement of heart-tissues whereas in Fig. 2.5(f) flow is observed

only in the regions showing movement of RBCs. Again, the algorithm permits separate

analysis of RBC and heart-wall motion and thus allows independent characterization of

heart-wall motion and RBC flow.

The separated channels are pseudo-colored (Eq. 2.20) to produce a multi-color

visualization of the beating embryonic heart as shown in Fig. 2.6 and and Movie 2 [68].

Although similar-looking images may be obtained by use of double-transgenic embryos

whose cells express distinct fluorescent markers in different regions of the heart, such

imagery requires a more complex fluorescence microscopy set-up to acquire the images

32



Chapter 2. Cardiac structure separation for label-free 3D microscopy

(b) (c)

(d) (e) (f)

(a)

Figure 2.5: Separation results for experimental 2D+time BF data⋆. (a) Frame from a
BF microscopy image sequence of the beating embryonic zebrafish heart. The tissues
making up the heart-wall have been marked. Scale bar is 50µm. (b) Frame from the
separated heart-wall sequence. (c) Frame from the separated RBC sequence. Some of
the RBCs have been marked in the inset. (d) Flow visualization on BF microscopy
image sequence. (e) Flow visualization on separated heart-wall sequence. (f) Flow vi-
sualization on separated RBC sequence. Dynamic color index [63] for flow in (d,e,f)
is shown with saturated hues indicating flows with magnitude ≥ 754µm/s (See supple-
mental Movie 1 [68]).
⋆ Raw BF dataset acquired by Jungho Ohn, UCSB.

and results in frame-rates at least an order of magnitude below that reported here. Our

separation algorithm enables creation of multiple channel visualizations from a single

high-speed bright-field image sequence acquired on a label-free wild-type embryo.
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We next applied our separation algorithm to the 3D+time experimenal dataset to

obtain multi-color visualizations shown in Fig. 2.7(b) and and Movie 3a and 3b [68].

Note that unlike the input BF dataset (Fig. 2.7(a)), the separated volumes have contrast

only in select regions thereby allowing for clear 3D, maximum intensity visualization.

Serial-2D flow for the experimental 3D+time dataset was determined by indepen-

dently computing the 2D-optical flow for every z-slice in the input sequence using FlowJ.

The flow was then visualized in dynamic color format (Fig. 2.7(c)-(h) and and Movie

4 [68]). The 2D-flow was computed with the same parameters for both the raw and

separated image sequences; the FlowJ spatial smoothing parameter was set as Σs = 4

for comparison of raw BF images with separated permanent structures and as Σs = 1.5

for comparison of raw BF images with separated transient structures. The stronger

smoothing during permanent structure motion estimation allowed us to better isolate

the motion of the heart-wall. At z = 1, the heart-wall cell motion was detected only in

the permanent structure channel as shown in Fig. 2.7(d), in spite of the fact that the

areas containing the heart-wall cells overlap with the regions where the RBCs move.

RBC flow is clearly detected in the extracted transient structure images (Fig. 2.7(f))

but not in the raw BF data (Fig. 2.7(e)). In the medial z-slices, there is cross-talk

between the flow detected due to RBC motion and the heart-wall motion in the raw BF

images (Fig. 2.7(g)) which is remedied by separation (Fig. 2.7(h)).
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(a) (b)

(c) (d)

Figure 2.6: Multi-colored visualization of the embryonic zebrafish heart⋆ showing dif-
ferent combinations of the pseudo-colored channels (See supplemental Movie 2 [68]). (a)
Raw bright-field microscopy image showing poor contrast between heart-wall, RBCs and
static background structures. (b) Frame showing RBCs in red and supporting struc-
tures in blue. Note that individual blood cells are visible in red. (c) Frame showing the
heart-wall in yellow. In the left chamber we can observe the inner endocardium, the
outer epicardium and the cardiac jelly space between them. (d) Frame showing all the
above structures. Scale bar is 50µm.
⋆ Raw BF dataset acquired by Jungho Ohn, UCSB.

2.5 Discussion

The proposed method is particularly suited to separate features when the transient

structures are sparsely scattered, as shown in Section 2.4.1. If transient structures

are superimposed over the permanent structures most of the time, if not always, they
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 2.7: Visualization and flow analysis of 3D+time BF data⋆. (a) Raw bright-field
volume. (b) Volume showing the separated HW in yellow and RBCs in pink (Supplemen-
tal Movie 3a and 3b [68]). (c)-(j) Frames from supplemental Movie 4 [68], demonstrating
that improved flow analysis is possible on the separated sequences. Flow is visualized in
dynamic color format with saturated hues indicating velocities ≥ 1.71mm/s. (c) Raw
BF frame at Z = 1 showing no flow detected over heart-wall cells. (d) Corresponding
separated permanent structure frame showing flow over heart-wall cells. (e) Raw BF
frame showing region where RBC motion was missed. (f) Separated RBC frame showing
dense flow in same region as (e). (g) Flow detected in BF frame at Z = 10. The circle
indicates region where it is uncertain if flow detected is due to heart-wall or RBC. (h)
The corresponding region in separated RBC sequence showing the flow detected due to
RBCs. Scale bar is 50µm.
⋆ Raw BF dataset acquired by Jungho Ohn, UCSB.

introduce a bias in the sample median-based recovery procedure. Therefore at higher

transient structure densities the separation effectiveness of our algorithm is reduced.

The experimental 3D+time BF dataset exhibits both high and low densities of RBC,

depending on the imaging depth (Z-section). In the lowermost slices the heart wall and

RBCs are superimposed since the imaging plane is tangential to the heart wall and the

nonzero depth-of-field includes both the heart wall cells and the superjacent layer of

RBCs. Hence these slices have low RBC densities which leads to good separation. As
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the focus is moved up, away from the lower heart wall, the proportion of RBCs to heart

wall cells within the depth of field increases and in the medial slices, the density of RBCs

is maximal. In these medial slices, however, the RBCs and heart wall do not overlap

spatially (the imaging plane is perpendicular to the heart wall). Since the heartwall

and RBCs are disjoint, the transient structures’ density is effectively zero in the areas

covered by the permanent structures. This leads to the heartwall being effectively

suppressed when recovering transient structures. In the heart cavity, where there are

no permanent structures and only the blood flows, the intensities in the corresponding

pixels of the permanent structures channel should ideally be zero. However, because

of the high density of RBCs the sample median leads to a reduced contrast instead of

identically zero area. Nevertheless, the inner area of the heart largely appears uniform

to the flow estimation algorithm (which further smoothes the region in a pre-processing

step) thereby, preventing the detection of permanent structure motion in this area.

A high density of transient structures may negatively affect the synchronization

procedure’s accuracy since registration relies on image similarity between cycles, which is

ensured by the contribution of the periodic features. In our experiments where the image

contribution from RBCs is high (especially in the medial sections) we can nevertheless

achieve accurate synchronization because the transient structures are confined to a

domain D(t), whose shape changes with time in a periodic manner and with the same

37



Chapter 2. Cardiac structure separation for label-free 3D microscopy

period Π as the periodic structures, specifically,

T (x, z, t) = 0 for (x, z) /∈ D(t). (2.23)

This condition corresponds to the fact that RBCs are confined to the interior of the

heart whose shape changes periodically, thereby defining the permissible domain D(t)

for transient structures. The non-uniform temporal registration problem [60] relies on

spatially low-pass-filtered images, where individual RBC’s are not resolved. There-

fore, even though the exact location of RBCs varies from heartbeat to heartbeat, their

periodic footprint contributes effectively during optimization of the registration cost

function, a property we previously exploited to reconstruct 3D images from sequences

in which only RBC’s were (fluorescently) labeled [9].

There is one notable instance, where the transient structures are highly dense and

considerably overlap with the permanent structures and where good separation is never-

theless possible: when the intensity contribution of transient structures to the measured

image has zero mean, the sample median provides an unbiased estimate of the perma-

nent structure intensity. We have previously demonstrated this property in the context

of denoising of cardiac optical coherence tomography (OCT) images [59] where the dense

zero-mean transient noise completely overlaps with the permanent structures.

The non-uniform temporal registration used for aligning cardiac cycles compensates

for temporal variations in the heart wall trajectory (changes in heart-beat period), but

does not compensate for spatial variations caused by arrythmias. If left unchecked,
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these spatial variations would lead to blurring of separated permanent structures due

to combining of heart images in slightly different contraction phases. To handle spa-

tial variations, our method currently discards abnormal cardiac cycles and produces

a dataset based on the cycles that are most consistent as described in Section 2.3.5.

Possible extensions will be to allow for spatio-temporal, non-uniform, registration [69]

in order to take advantage of all the acquired data.

Our separation algorithm has been implemented in MATLAB R2009b. The al-

gorithm requires about 6 hours for separation of experimental 2D+time BF dataset

(104 frames, each with 512 × 512 pixels or about 2GB) on a Windows 64-bit machine,

equipped with a dual-core Intel Xeon 3.4GHz CPU and 16GB RAM. About 80% of

this time is taken by the non-uniform temporal interpolation step during the warping

and registration of the cardiac cycles. We therefore expect that considerable gains in

computation time can be obtained by employing fast interpolation routines and imple-

menting the algorithm using parallel processor cores and GPUs. Additional gains in

computation time could be achieved by porting the MATLAB code to C or C++. The

ability to separately quantify blood flow and tissue deformation nevertheless justifies

the considerable investment in time of our current implementation.

Some of the limitations of our separation algorithm are discussed below. While our

simple method to extract the static components is satisfactory for our application, it

should be noted that if the periodically-moving structures contribute a DC component

to individual pixels, this approach will mistake this contribution as coming from the
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static structures. This could be remedied by employing more complex methods [70] for

separating the static background from rest of the sequence.

While our elastic registration algorithm can compensate for minor arrhythmias, such

a compensation may not always be desirable. In cases that require strong warping we

may enforce rigid registration. This would, however, increase the number of rejected

heartbeats, thereby requiring raw sequences with additional cardiac cycles to maintain

similar separation performance.

As suggested in Section.2.4.1, for a given RBC density, the effectiveness of separation

can be improved by using more repeats for the sample median. However, beyond a

certain number of repeats (about 10 repeats for RBC density of 0.4 in Fig. 2.4(a)),

there is no gain in separation effectiveness. The main reason behind this limitation is

that beyond a certain number of repeats, when sufficient statistical variation has been

achieved, the median does not change significantly.

2.6 Conclusion

We have presented a motion-based separation algorithm for effectively resolving con-

tributions from different cardiac structures in label-free, high-speed, 3D BF microscopy

datasets. We validated the technique using synthetically generated heartbeat data and

characterized its separation effectiveness as a function of transient structure density

and the number of heartbeats used for separation. We demonstrated the applicability

of our method in practice on 2D+time and 3D+time image series acquired in embryonic
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zebrafish at high frame-rates. We analyzed the separated volumes using optical flow al-

gorithms to demonstrate the potential of our method in quantifying dynamic cardiac

function during heart development. Multi-color visualizations were created using the

separated volumes thereby providing a greater degree of specificity than the input label-

free cardiac data. We expect our approach to be particularly relevant to the study of

interactions between cardiac tissue development and blood flow and help reach a better

understanding of normal and abnormal cardiogenesis.
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Chapter 3

Noise reduction in Optical

Coherence Tomography Images

Abstract1: Recent progress in optical coherence tomography (OCT) allows imaging dy-
namic structures and fluid flow within scattering tissue, such as the beating heart and blood
flow in mouse embryos. Accurate representation and analysis of these dynamic behaviors require
reducing the noise of the acquired data. Although noise can be reduced by averaging multiple
neighboring pixels in space or time, such operations reduce the effective spatial or temporal
resolution that can be achieved. We have developed a novel computational post-processing
technique to restore image sequences of cyclically moving structures that preserves framerate
and spatial resolution. The signal-to-noise ratio (SNR) is improved by combining images from
multiple cycles that have been synchronized with a temporally-elastic registration procedure.
Here we show how this technique can be applied to optical coherence tomography (OCT) images
of the circulatory system in cultured mouse embryos. Our technique significantly improves the
SNR while preserving temporal and spatial resolution.

1This chapter is based on Ref. [59].
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3.1 Introduction

Imaging the beating embryonic heart in 3D space at high frame-rates is essential

for studying cardiac development and function. Optical coherence tomography (OCT)

allows for non-invasive, high frame-rate, single cell resolution imaging through several

millimeters of biological tissue. OCT, with its ability to provide accurate information

on structure and dynamics, has been used for the studying whole mammalian and

avian embryos [22,23], for understanding hemodynamics [24,25] and capturing 3D+time

cardiac images in mammalian and avian embryos [11, 26, 27].

Coherent detection used in optical coherence tomography (OCT) is prone to noise

that degrades image quality by creating a grainy appearance and obscuring low inten-

sity features. Effective noise reduction methods are therefore critical to characterize

the highly dynamic cardiovascular system. Several techniques for reduction of coherent

and incoherent noise in OCT images have been proposed [28] including cross-correlation

image alignment followed by weighted averaging [71], compounding several B-scans ac-

quired at neighboring positions in the sample [72], and elastic spatial registration of

several OCT B-scans followed by averaging [73]. Transform-domain methods, which

are based on the assumption that the signal (but not the noise) can be represented

sparsely in wavelet [29] or curvelet [74] function families have been applied successfully

to piece-wise smooth retinal OCT images. Hardware-based methods have also been

reported [75]. Drawbacks of the above techniques include loss of spatial or temporal
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resolution; reliability on object sparsity and geometry assumptions that may not apply

to all image types; and modifications to instrumentation.

In this chapter, we develop a noise reduction technique that takes advantage of the

periodic (or nearly periodic) organization of cardio-vascular image sequences along the

temporal axis. The technique gives good results but makes no assumption on spatial

smoothness or object geometry and requires no optical setup modifications.

3.2 The Denoising Algorithm

We consider an input image sequence of a cardio-vascular structure (e.g. the heart

or the aorta) whose grayscale values are proportional to the amount of scattering in

the tissue or blood as measured by a swept-source OCT system [76]. We assume that

the imaged structures are either static or undergo a periodic motion that follows the

heartbeat. We also assume that additive noise contributing to the image at each space-

time location follows a zero-mean random distribution and is uncorrelated with the

signal (to fit this assumption in the case of multiplicative noise, the raw data can be

processed with a logarithmic transform prior to the proposed noise removal method and

post-processed with an exponential transform [74]). Accordingly, we model the images

measured at axial positions z over time t as an additive mixture

Im(x, z, t) = R(x, z, t) + T (x, z, t), (3.1)
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where x = (x, y), R(x, z, t) is the contribution from the permanent structures (such

as the heartwall), and T (x, z, t) is the intensity contribution from the transient struc-

tures (such as additive noise, or spurious scatterers that are neither static nor moving

cyclically). To account for shot noise, we consider that R(x, z, t) and T (x, z, t) are inde-

pendant Poisson processes. This implies that Im(x, z, t) is also a Poisson process. Our

assumption of permanent structures contributing to the image contrast in a periodic

fashion translates to

R(x, z, t) ≈ R(x, z, t+Π), ∀t ∈ R (3.2)

where Π is the period of the cardiac cycle.

We estimate the contribution from permanent structures using the method described

in Section 2.3. Importantly, the operation in Eq. 2.16 reduces shot noise as it virtually

increases the integration time while preserving structural information. The motivation

for choosing the sample median rather than an average is to ensure robustness to outliers,

that is, sparse contributions from any non-periodic signal.

3.3 Experiments and Results

To verify our method in practice, we first acquired image sequences of a live 9.5

day mouse embryo using a swept-source OCT (SS-OCT) system as described previously

in [76]. Fig. 3.1 (a) shows a representative frame of a SS-OCT image series of the

embryonic heart and yolk sac acquired at 50 frames per second (fps), each of size 256
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× 512 pixels (512 pixels per A-scan). A 3 by 3 moving average filter applied spatially

reduces the graininess of the images but at the expense of spatial resolution (Fig. 3.1

(b)). Averaging 4 successive A-scans reduces temporal resolution (Fig. 3.1(c)). Fig.

3.1(d) shows the result of our proposed multi-cycle method, based on the 1000 frames-

long sequence of Fig. 3.1(a) containing approximately 40 heartbeats and resulting in

N = 26 shorter sequences over which the sample median was determined. We assumed

α = 15% (in Eq. 2.6), and set σ = 1.5, L = 2.5 (in Eq. 2.7) and λ = 0.5 (in Eq.

2.11). Our technique reduces shot noise without perceptible loss in spatial or temporal

resolution.

Interestingly, speckle are preserved in some locations in Fig. 3.1(e). This can be ex-

plained by the absence of non-periodically moving structures in the optical path leading

to these locations that would make the speckle pattern temporally aperiodic.

We quantified the results presented in Fig. 3.1 using several image quality metrics

initially proposed to evaluate OCT noise reduction algorithms on 2D images [29] that

we adapted to our 2D+time data:

(i) the global signal-to-noise ratio:

SNR = 10 log

[
max(X2

lin)

σ2
1

]
(3.3)
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Figure 3.1: Frames from SS-OCT of (a) raw⋆, (b) 3 × 3 spatial moving average, (c)
4-frame temporally binned, and (d) noise-reduced (via proposed multi-cycle sample
median) sequences acquired of embryonic vessels in an E9.5 mouse embryo. Arrow
indicates structures that were previously indistinct due to noise. Scalebars are 200
µm. Pixel intensity variation [arbitrary units (AU)] over time at the marked location
is shown in each case. (e) Outlines of permanent structures. Boxes indicate ROIs.
Temporal extents of each ROI are also shown.
⋆ Raw dataset provided by I.V. Larina, M.E. Dickinson, Baylor College of Medicine, TX, and

K.V. Larin, University of Houston, TX.
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(ii) the contrast to noise ratio:

CNR =
1

(M − 1)

M∑

m=2

10 log

[
µm − µ1

(σ2
m + σ2

1)
1/2

]
(3.4)

and (iii) the equivalent number of looks:

ENL =
1

(K − 1)

K∑

m=2

µ2
m

σ2
m

(3.5)

where Xlin is the 3D matrix of pixel values in the OCT image sequence on a linear

intensity scale, µ1 and σ1 are pixel mean and standard deviation (SD) of a background

region in the image sequence, µm and σm are the pixel mean and SD of the mth 3D

ROI in the image sequence. CNR and ENL values are computed after logarithmic

transformation of the image sequence. Three homogeneous regions of interest (ROIs),

m = 2, . . . ,K, with K = 4 are defined in regions without edges for computing the

ENL. The temporal extents of these ROIs are defined so that the average pixel intensity

variation in these regions remains constant. Seven ROIs (homogeneous and containing

edges; m = 2, . . . ,M , M = 8) are used for the CNR. The first ROI, m = 1, is used

to compute the background noise level. The 3D ROIs are shown in Fig. 3.1(e),(f). In

addition, a global image sharpness parameter [29], β, is used to determine how much

the noise reduction process has degraded the edge sharpness.

β =
1

T

T−1∑

t=0

Γ(Rt − R̄t, Dt − D̄t)√
Γ(Rt − R̄t, Rt − R̄t) · Γ(Dt − D̄t, Dt − D̄t)

(3.6)
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where Rt and Dt are the pixel intensity values of raw and denoised sequences re-

spectively, R̄t and D̄t are the mean pixel intensity values of raw and denoised se-

quences respectively, T is sequence length, 0 ≤ t < T is the frame number, Γ(R,D) =

∑
R(x, y)D(x, y), where (x, y) are the pixel indices in each frame. A β value close

to unity means edges are preserved. The metrics computed for the sequences in Fig.

3.1(a)–(d) are shown in Table 3.3.

Our proposed technique produces significant improvement of SNR, ENL, and CNR,

confirming the visual observation that our technique improves the signal-to-noise ratio

while preserving edges, as indicated by β.

Table 3.1: SNR, CNR, and ENL of data in Fig. 3.1.

SNR2 CNR(dB) ENL β

(a) 17.92 -6.77 1.3× 104 N/A

(b) 25.09 3.12 6.5× 104 0.85

(c) 21.23 -1.26 2.3× 104 0.76

(d) 27.00 3.59 40.6× 104 0.87

Finally, we verified our noise reduction technique on a 3D+time cardiac OCT dataset

that was acquired on a E10.5 rat embryo. This dataset is the same as the Y-dataset

2The errors in SNR values previously reported in [59] have been corrected here. We note that,
even though the SNR values themselves have changed, the conclusions drawn from these results have
remained the same as before.
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which will be described in detail in Section 4.3.2. Briefly, the dataset consisted of

63 slice-sequences (z-sections) each of size 128 × 512 pixels acquired at 91 fps. The

large number of z-sections in the dataset permitted the capture of only 400 frames per

sequence spanning approximately 6 heartbeats and resulting in N = 3 shorter sequences

over which the sample median was determined. As before we assumed α = 15% (in Eq.

2.6), and set σ = 1.5, L = 2.5 (in Eq. 2.7) and λ = 0.5 (in Eq. 2.11). Comparing

Fig. 3.2 (a) and (b) we can see the effectiveness of our technique in reducing shot noise

without perceptible loss in spatial or temporal resolution.

(a) (b)

Figure 3.2: 3D cross-sectional views from SS-OCT of (a) raw⋆ , (b) noise-reduced (via
proposed multi-cycle sample median) sequences acquired of embryonic vessels in an
E10.5 rat embryo. Noise reduction is most obvious in the background region pointed to
by the arrow. Scalebar is 100 µm.
⋆ Raw dataset provided by I.V. Larina, M.E. Dickinson, Baylor College of Medicine, TX, and

K.V. Larin, University of Houston, TX.
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3.4 Conclusion

In summary, we have validated a noise reduction algorithm for OCT images of cardio-

vascular structures whose motion is cyclical, as dictated by the beat of the heart. The

essence of this technique, combining images from multiple cycles that have been phase-

locked to obtain an estimate of the noise-free signal, is reminiscent of methods employed

for extracting strictly periodic monodimensional waveforms [77]. Similarly, the SNR can

be increased as the number N of imaged heart-beat cycles is increased, as long as the

motion of the structure is stereotypical. Here, in order to take into account slight

variations in the heart rhythm, registration is non-rigid along the temporal dimension

(yet, no spatial registration is carried out to preserve the original structure shape).

Our technique does not require assumptions on the spatial smoothness, organization or

shape of the structures being imaged and therefore allows preserving both temporal and

spatial resolution.
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4D Reconstruction of the Beating

Embryonic Heart From Two

Orthogonal Sets of Parallel

Optical Coherence Tomography

Slice-Sequences

Abstract1: Current methods to build dynamic optical coherence tomography (OCT) vol-
umes of the beating embryonic heart involve synchronization of 2D+time slice-sequences ac-
quired over separate heartbeats. Temporal registration of these sequences is performed either
through gating or post-processing. While synchronization algorithms that exclusively rely on
image-intrinsic signals allow forgoing external gating hardware, they are prone to error accu-
mulation, require operator-supervised correction, or lead to non-isotropic resolution. Here, we

1This chapter is based on Ref. [78].
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propose an image-based, retrospective reconstruction technique that uses two sets of parallel
2D+time slice-sequences, acquired perpendicularly to each other, to yield accurate and auto-
matic reconstructions with isotropic resolution. The method utilizes the similarity of the data
at the slice intersections to spatio-temporally register the two sets of slice sequences and fuse
them into a high-resolution 4D volume. We characterize our method by using (1) simulated
heart phantom datasets and (2) OCT datasets acquired from the beating heart of live cultured
E9.5 mouse and E10.5 rat embryos. We demonstrate that while our method requires greater
acquisition and reconstruction time compared to methods that use slices from a single direction,
it produces more accurate and self-validating reconstructions since each set of reconstructed
slices acts as a reference for the slices in the perpendicular set.

4.1 Introduction

Visualizing the beating embryonic heart in animal models at high frame-rates is

essential for studying cardiac development and function. Optical coherence tomogra-

phy (OCT) allows for non-invasive, fast, single-cell resolution imaging through several

millimeters of biological tissue. OCT, with its ability to provide accurate information

on structure and dynamics, has been used for studying whole mammalian and avian

embryos [22,23], understanding hemodynamics [24,25] and capturing 3D+time cardiac

images in mammalian and avian embryos [11, 26, 27].

Frame rates currently achievable with direct, 3D+time OCT are too low to properly

capture the dynamics of fast moving cardiovascular structures such as the beating em-

bryonic heart. Specifically, insufficient frame-rates result in motion blurring and aliasing

and prevent accurate characterization of cardiac morphology and function. This limi-

tation can be overcome by taking advantage of the repetitive (periodic) motion of the

heart and reconstructing dynamic volumes from several high-speed 2D+time sequences,

each spanning a few heartbeat cycles and acquired in separate but fixed sections through
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the heart. However, this approach requires that all the slice-sequences be synchronized

to each other.

4.1.1 Related Work

Synchronization can be achieved either by prospectively gating the 2D+time se-

quences or retrospectively processing (temporally registering) them. During prospective

gating, which is routinely implemented for imaging at larger scales with modalities such

as magnetic resonance imaging (MRI) or X-ray computed tomography (CT) [6,79–81],

acquisitions are triggered at the same point in the cardiac cycle based on a signal that is

either measured with a separate apparatus (such as an electrocardiogram [5]), obtained

by interleaving measurements from a fixed area using the same imaging modality [7,82],

or derived directly from the image data (e.g. kymograms extracted from raw data in

CT [83]). Gated OCT imaging has also been demonstrated [8, 84, 85], but as it re-

quires aligning two independent OCT scanning heads, it is challenging to implement for

imaging of small samples such as the embryonic heart.

Post-processing the 2D+time sequences (image-based temporal registration) offers

a simpler and more flexible imaging protocol. For that, the 2D+time slice-sequences

are sequentially acquired in parallel planes separated by a small step and each sequence

is temporally synchronized to its neighbors. This approach has been demonstrated

for imaging the embryonic heart both in confocal microscopy [9, 10] and OCT [11, 26].
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Figure 4.1: OCT Imaging Setup. (a) x-y scanner allows recording vertical planes at
arbitrary orientations around a vertical axis. The signal from the fiber of one arm of an
OCT system is sent through an x-y scanner (consisting of two scanning mirrors SM1
and SM2) via a collimating lens (CL), into a microscope objective (MO) and to the
heart (H) inside the sample (S). (b) Vertical sections (B-scans) are acquired by rapidly
scanning along a fixed orientation θ. Each 2D OCT image frame along xz-plane (B-
scan) is assembled from a collection of 1D signals (A-scans) that record the scattering
within the sample along the vertical direction. The double arrow indicates the scanning
motion produced by the galvanometer-mounted mirrors that can oscillate around a fixed
axis. (c) Assembly of 2D OCT image frames along yz-plane with scanning orientation
adjusted to θ + π/2.

However, since the sequences are registered to each other recursively, the method is

prone to accumulation of registration errors.

In OCT, several imaging methods have recently been proposed to solve the propaga-

tion of registration errors. In [32] and [86], instead of using sequences acquired in parallel

planes, the sections are acquired in a star-like geometry, so as to share one common line

that provides an intrinsic signal to which all sequences are synchronized. However, these

methods require careful operator choice of the central line so as to correctly intercept the

beating heart. Also, since the data is collected on a cylindrical, rather than Cartesian

grid, resolution degrades away from the central axis. Alternatively, Liu et al. [27], have

proposed to adjust the phase lags between recursively-synchronized slices acquired in
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parallel planes, by acquiring a slice orthogonal to the original series of parallel slices and

adjusting the temporal shifts based on the signal at the intersection of the orthogonal

plane with each of the image planes. This method, however, requires manual selection

of the orthogonal intersecting plane and, depending on the orientation of the heart,

no single such plane may feature the beating heart in each intersecting line to provide

a reliable dynamic signal, making the technique dependent on a good choice of the

intersecting plane.

In this chapter, we propose a technique to temporally register parallel 2D+time OCT

slice-sequences that mitigates the cumulative registration errors by spatio-temporal reg-

istration of slices in two sets of parallel 2D+time slice-sequences acquired perpendic-

ularly to each other. Our method minimizes an objective criterion that depends on

the similarity between the data at the intersection between the slices, then co-registers

and fuses the datasets to yield a high-resolution 3D+time reconstruction of the beating

heart.

This chapter is organized as follows. Section 4.2 explains the proposed reconstruction

algorithm. Section 4.3 describes the validation experiments on a dynamic synthetic

heart-tube phantom and presents separation results for a 3D+time experimental OCT

datasets acquired on beating embryonic mouse and rat hearts. Section 4.4 discusses the

features and limitations of the method. Finally, Section 4.5 concludes the chapter.
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Figure 4.2: Top-level block diagram showing the stages of the algorithm. The notation
is explained in the text.
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Figure 4.3: Spatial organization of the slices in the X- and Y- datasets for two different
values of Θ = (x1, y1,∆x,∆y), where the origin (x1, y1) and spacing between slices ∆x
and ∆y are only known approximately in the two 3D+time datasets IYi and IXj . The

z-axis is perpendicular to the viewing plane and is indicated with a cross. Y-dataset IYi ,
i = 1, 2, . . . , Ny spans [xmin, xmax] and X-dataset IXj , j = 1, 2, . . . , Nx spans [ymin, ymax].
The slices from the two datasets intersect along lines parallel to z-axis (indicated with
crosses). The shaded region indicates the domain X .
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4.2 The Reconstruction Algorithm

4.2.1 Image Acquisition Model and Reconstruction Problem

We consider a dynamic sample whose local, scalar, scattering intensity I(x, y, z, t)

we wish to recover, where (x, y, z) denotes the 3D-space coordinates and t the time. We

further assume that this intensity is periodic with period 0 < T < ∞, i.e.,

I(x, y, z, t) = I(x, y, z, t+ T ), ∀t ∈ R. (4.1)

The imaging protocol proceeds by sequentially collecting 2D+time image sequences

(we assume all pixels in one 2D section are acquired simultaneously) corresponding to

fixed sections through the sample. We first acquire a collection of 2D+time sequences

IYi (x, z, t), i = 1, 2, . . . , Ny, in Ny planes perpendicular to the y-axis and equidistantly

spaced (they intersect the y-axis at locations yi = y1+(i−1)∆y, where ∆y is the distance

between sections). Each slice sequence spans x ∈ [xmin, xmax] and z ∈ [zmin, zmax] in

space and t ∈ [0, L) in time (that is, 0 ≤ t < L), where L is the acquisition duration.

The measurement process can be modeled as follows, based on the ideal intensity I:

IYi (x, z, t) =

∫∫∫
I(x′, y′, z′, vYi (t))

hY(x− x′, yi − y′, z − z′)dx′dy′dz′, (4.2)
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where hY(x, y, z) is the 3D point spread function (PSF) of the OCT system and the

vYi : R → R, t 7→ vYi (t) are continuous and monotonically increasing warping functions

(i.e. when t1 < t2, vYi (t1) < vYi (t2)). These functions represent the fact that the

sequences in each section are acquired one after the other (temporal offset) and also

model local variations in the heart beat dynamics (slower or more rapid heartbeat). We

assume that the extent of these variations is limited such that:

1

1 + α
<

vYi (t+ T )− vYi (t)

T
<

1

1− α
, 0 < α < 1 (4.3)

for all i = 1, 2, . . . , Ny and for all t ∈ [0, L). This assumption implies, in particular,

that the heartbeat length in the measured sequences remains within [Tmin, Tmax], with

Tmin = (1 − α)T and Tmax = (1 + α)T . An example of warping function is a simple

offset in the absence of variations in the heartbeat rhythm, i.e. vYi (t) = tY,0
i + t, where

tY,0
i is the time at which the acquisition of the ith sequence is started.

Next, a second dataset with sections perpendicular to the x-axis (i.e. in planes

parallel to the yz-plane) and equispaced along the x-axis is measured as:

IXj (y, z, t) =

∫∫∫
I(x′, y′, z′, vXj (t))

hX(xj − x′, y − y′, z − z′)dx′dy′dz′, (4.4)

where y ∈ [ymin, ymax], z ∈ [zmin, zmax], xj = x1 + (j − 1)∆x, j = 1, 2, . . . , Nx, x1 is the

initial x-position, ∆x is the x-spacing, hX(x, y, z) is the PSF of the OCT system for this
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configuration, Nx is the number of X-slices acquired over times t ∈ [0, L), and vXj are the

temporal warping functions defined similarly to the vYi . We note that the two PSFs, hY

and hX are related by a coordinate change, hX(y, x, z) = hY(x, y, z). The OCT imaging

setup is illustrated in Fig.4.1. We note that the frame rate at which individual 2D

sections can be acquired does not depend on their orientation. Specifically, the frame

rate is the same whether the sections are oriented perpendicularly to the x- or the y-axis.

In the following text, we refer to
{
IYi
}

i=1,2,...,Ny
as the Y-dataset and

{
IXj

}

j=1,2,...,Nx

as

the X-dataset. The reconstruction problem is to estimate the inverse warping functions

[vYi ]
−1 and [vXj ]

−1 for each slice, so as to recover an estimate of I(x, y, z, t).

(a) (b)

(c)

(d)

(e) (g)

(f)

(i)

(h) (j)

(k)
x

y

z

Figure 4.4: Still image of a synthetic heart phantom. (a) Reference phantom. (b and c)
Sequentially acquired slices of Y- and X-datasets, respectively. (d) Y-dataset after in-
dependent intra-volume synchronization. Dotted line in (b) indicates the reference slice
used for synchronization. (e) X-dataset after independent intra-volume synchronization.
Dotted line in (c) indicates the reference slice used for synchronization. (f) Absolute
difference between frames in (d) and (a). (g) Absolute difference between frames in (e)
and (a). (h and i) Y- and X-datasets, respectively, after inter-volume synchronization.
(j) Absolute difference between frames in (h) and (a). (k) Absolute difference between
frames in (i) and (a). Also see Movies 1 and 2 [87].
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4.2.2 Spatial Alignment

The above imaging geometry results in a set of xz-planes intersecting a set of yz-

planes in lines that are parallel to the z-axis (Fig. 4.3). In our experimental OCT setup

the orientations of the slices are known reliably (they are 90 degrees apart), however,

their positioning and spacings are not. Specifically, we assume that the parameters

Θ = (x1, y1,∆x,∆y) are only known approximately and refine them using a method we

will now describe.

First, to simplify the problem of spatially adjusting the positions of the slices, we

convert our time-series in each section to a single image by averaging each sequence over

one cardiac period,

ĪYi (x, z) =
1

T

∫ T

0
IYi (x, z, t)dt, i = 1, 2, . . . , Ny and

ĪXj (y, z) =
1

T

∫ T

0
IYj (y, z, t)dt, j = 1, 2, . . . , Nx. (4.5)

These images are time independent and do not depend on the fact that the sequences

were acquired starting at arbitrary phases in the cardiac cycle. Note that the above

average is computed only over t ∈ [0, T ) and all frames corresponding to t > T are

ignored. The period T can either be estimated visually (the algorithm only requires a

rough estimate of the period to operate) or automatically computed using an algorithm

we have previously described in [9]. For a given parameter vector Θ′ = (x′1, y
′
1,∆x′,∆y′),
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we then interpolate the slice-stacks as:

ĪY(x, y, z; Θ′) =

Ny∑

i=1

ĪYi (x, z) ϕ
n
Int

(
y − (y′1 + (i− 1)∆y′)

∆y

)
,

ĪX(x, y, z; Θ′) =

Nx∑

j=1

ĪXj (y, z) ϕ
n
Int

(
x− (x′1 + (j − 1)∆x′)

∆x

)
, (4.6)

where ϕn
Int are interpolating functions, e.g. cubic cardinal splines [88]. We estimate the

optimal parameters Θ∗ = (x∗1, y
∗
1,∆x∗,∆y∗) by minimizing the mean absolute difference

(MAD) between the interpolated datasets as:

Θ∗ = arg min
Θ′

1

|X |

∫∫∫

X

∣∣∣ĪY(x, y, z; Θ′)−

ĪX(x, y, z; Θ′)
∣∣∣ dx dy dz, (4.7)

where X denotes the region over which the Y- and X-datasets overlap, see Fig. 4.3,

X =
{
(x, y, z)

∣∣∣x ∈ [x̃min, x̃max], y ∈ [ỹmin, ỹmax],

z ∈ [zmin, zmax]
}
, (4.8)
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and |X | = (x̃max − x̃min)(ỹmax − ỹmin)(zmax − zmin), with

x̃min = max(xmin, x
′
1), x̃max = min(xmax, x

′
Nx

)

ỹmin = max(ymin, y
′
1), ỹmax = min(ymax, y

′
Ny

).

(4.9)

4.2.3 Intra-volume synchronization

First, the slices in the Y-dataset are recursively synchronized to each other (without

taking into account the slices in the X-dataset) using a technique previously described

in [60]. Briefly, we determine the warping functions wY
i , that are estimates of the inverse

warping functions [vYi ]
−1(t), as the solutions to the minimization problem,

wY
i = arg min

w∈M

∑

k∈Ki

[

(1− λ)

∫ xmax

xmin

∫ zmax

zmin

∫ L

0

∣∣∣IYk (x, z, wY
k (t))−

IYi (x, z, w(t))
∣∣∣dt dz dx +

λ

∫ L

0

∣∣∣
d

dt
w(t)− 1

∣∣∣dt
]
, (4.10)

whereKi is the slice neighborhood of i such that any element k therein satisfies |i−k| ≤ 2,

0 < k < Ny and wY
k has been previously determined (we align each slice only to the

already aligned slices in its neighborhood), 0 ≤ λ < 1, is the regularization parameter
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Figure 4.5: Temporal registration errors (TRE) accumulate with intra-volume synchro-
nization at increasing distances from the reference slice. The proposed inter-volume syn-
chronization limits the extent of these errors. (a) Y-dataset TREs, with inset showing a
representative reference volume. (b) X-dataset TREs, inset shows reference volume. (c)
TREs for Y-dataset with speckle multiplied, inset shows a speckle volume (left) and the
generated reference volume with speckle (right). (d) TREs for X-dataset with speckle
multiplied, inset shows a speckle volume (left) and the generated reference volume with
speckle (right). (e) TREs for heart phantom X-dataset with fixed spatial resolution and
varying temporal resolution measured in frames per period (fpp). (f) TREs for heart
phantom X-dataset with fixed temporal resolution and varying spatial resolution sam-
pled as Nx ×Ny ×Nz voxel dataset. In all plots, each point corresponds to the average
absolute value of the registration error for one image sequence, obtained by averaging
the absolute errors over all the time points. Error bars correspond to standard deviation
over 100 simulations, divided by

√
100. For (a)(c) Y-dataset was of 41× 21× 41 voxels

at 19 fpp, for (b)(d) X-dataset was of 21 × 41 × 41 voxels at 19 fpp, for (e) X-dataset
was of 21× 41× 41 voxels, and for (f) X-dataset had temporal resolution of 19 fpp.
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to favor either good matching between warped and reference sequences (λ = 0) or

the temporal integrity of the warped sequence (λ → 1), and the set M is defined

below. We initialize the algorithm with wY
i0
(t) = t, where i0 is the reference slice.

Subsequent warping functions wY
i are determined by recursively aligning neighboring

slices by first proceeding in increasing slice order of i = i0 + 1, i0 + 2, . . . , Ny and then

in decreasing slice order of i = i0 − 1, i0 − 2, . . . , 1. In the minimization, we constrain

the warping functions to be within the set of continuous, non-negative, and strictly

increasing functions bounded by L, the length of the sequences, and defined over the

interval [0, T ), that is, wi ∈ M : [0, T ) → [0, L), t 7→ wY
i (t), where M = {w ∈

C1([0, T )) | 0 ≤ w(t) < L and w(t1) < w(t2), t1 < t2}. To ensure that we can match at

least one complete cardiac cycle that is in phase with the reference slice, our algorithm

requires that vYi (L) − vYi (0) > 2T . In the most unfavorable case of temporal warping

(see Eq. 4.3), the heartbeat is slowed by a factor (1 + α) and the period lengthened

accordingly to Tmax = T (1 + α), leading to the requirement that the acquisition length

L be at least Lmin = 2Tmax = 2(1+α)T to cover two periods.The minimization problem

in Eq. (4.10) is solved efficiently in a dynamic programming framework in which we

quantize the possible values of the warping function, making the problem equivalent to

a lowest cost path search, whose solution we described previously in [9, 10, 26]. Once

the estimates wY
i are determined, we define the warped Y-dataset as:

ĨYi (x, z, t) = IYi (x, z, w
Y
i (t)), t ∈ [0, T ), i = 1, 2, . . . , Ny. (4.11)
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Slices in the X-dataset are processed in a manner analogous to the Y-dataset to de-

termine wX
j , j = 1, 2, . . . , Nx. However, we first ensure the reference slice (indexed by

j0) in the X-dataset matches the reference slice from the Y-dataset (indexed by i0) as

follows. The data along the line of intersection between the i0th and the j0th slices are

extracted in the IYi0 and IXj0 slice-sequences, as:

LY
i0,j0(z, t) = IYi0(x

∗
j0 , z, t), and

LX
i0,j0(z, t) = IXj0(y

∗
i0 , z, t), (4.12)

respectively, where x∗j0 = x∗1 + (j0 − 1)∆x∗ and y∗i0 = y∗1 + (i0 − 1)∆y∗ are the slice

positions determined in Eq.(4.7). The initial warping function for the X-dataset that

matches IXj0 to IYi0 is then found as:

wX
j0 = arg min

w∈M

[

(1− λ)

∫ zmax

zmin

∫ L

0

∣∣∣LY
i0,j0(z, t)−

LX
i0,j0(z, w(t))

∣∣∣dt dz +

λ

∫ L

0

∣∣∣
d

dt
w(t)− 1

∣∣∣dt
]
, (4.13)

which is a special case of the minimization in Eq. (4.10) and that we therefore solve

using the same approach. Finally, after all wX
j ’s are determined by solving a problem
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similar to Eq. (4.10) for the X-dataset, we can define the warped X-dataset as:

ĨXj (y, z, t) = IXj (y, z, w
X
j (t)), t ∈ [0, T ), j = 1, 2, . . . , Nx. (4.14)

4.2.4 Inter-volume synchronization

For each slice in the Y-dataset, ĨYi , we define the (theoretical) mean difference

between the estimated inverse warping functions wY
i to the true inverse function [vYi ]

−1

over all times t ∈ [0, T ] as:

dYi = min
k∈Z

1

T

∫ T

0

∣∣∣wY
i (t)−

[
vYi
]−1

(t+ kT )
∣∣∣ dt. (4.15)

This difference is defined as the minimum over all integers k to accommodate the under-

lying periodicity of the signal I(x, y, z, t), which leads to multiple possible solutions for

wY
i (the error is computed over the best acceptable solution). dYi corresponds to an av-

erage constant shift in time mismatch, which we empirically observed on simulated data

(for which the true warping functions are known and dYi can be explicitly computed) to

be nonzero on average and increasing for slices far away from the reference slice, due to

error accumulation inherent to our recursive approach in synchronizing slice sequences

(Fig. 4.5). To mitigate this error accumulation, we set out to find constant corrective
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terms εYi , ε
X
j ∈ [0, T ) that we use to correct the warping functions as:

w̃Y
i (t) = wY

i

(
WT

(
t+ εYi

))
and

w̃X
j (t) = wX

j

(
WT

(
t+ εXj

))
, (4.16)

where WT : R → [0, T ) denotes the wrapping operation:

WT (t) = t−
⌊
t

T

⌋
T, (4.17)

with ⌊ ⌋ the floor operation. The wrapping in the argument of the original estimate

wY
i and wX

j ensures that only available data at time-points in [0, L) are accessed. This

corrective operation corresponds to circularly shifting the wY
i - and wX

j -warped datasets

in time by a constant.

We use the fact that the time-signals at the intersections between the slices in the

Y- and X-datasets match-up in order to estimate the corrective terms ǫYi and ǫXj for

the Y- and X-datasets, respectively. Using the starting slice location and slice-spacing

determined in the spatial alignment step, the data on the line of intersection between

the ith and the jth slice are extracted as:

LY
i,j(z, t) = ĨYi

(
(x∗1 + (j − 1)∆x∗), z, t

)
, and

LX
i,j(z, t) = ĨXj

(
(y∗1 + (i− 1)∆y∗), z, t

)
. (4.18)
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The data in the Y- and X-datasets on these intersecting lines parallel to the z-axis are

compared using the cost function

Qi,j(s) =

∫

z

∫ T

0

∣∣∣LX
i,j(z, t)− LY

i,j(z,WT (t− s))
∣∣∣
2
dt dz, (4.19)

where s ∈ R is a constant shift in time. The relative shift si,j between slice ĨYi and slice

ĨXj is determined by minimizing the above cost function to find the best shift,

si,j = arg min
s∈[0,T )

Qi,j(s), (4.20)

by correlating the two signals [9]. We then determine the absolute shifts εY = [εY1 , ε
Y
2 , . . . , ε

Y
Ny

]T

and ε
X = [εX1 , ε

X
2 , . . . , ε

X
Nx

]T by considering their relation to the above determined rela-

tive shifts si,j ,

si,j = WT (ε
Y
i − εXj ), with i = 1, 2, . . . , Ny and

j = 1, 2, . . . , Nx. (4.21)
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For Ny slices in the Y-dataset intersecting the Nx slices in the X-dataset, we rewrite

Eq.(4.21) in matrix form as:

WT







[e1n×1]
T

E1
Nx×Ny

−INx×Nx

...

E
Ny

Nx×Ny
−INx×Nx




︸ ︷︷ ︸
D




ε
Y

ε
X




︸ ︷︷ ︸
ε




=




0

s1

s2

...

sNy




︸ ︷︷ ︸
s

, (4.22)

where matrix D is of size m×n, with m = NxNy+1 and n = Nx+Ny, vector ε has n ele-

ments, vector s has m elements, WT

(
M
)
is the element-wise wrapping operation on the

matrixM, ein×1 = [. . . , 0, 1, 0, . . .]Tn×1 is an n-element column vector with the ith element

being 1 and all other elements being zero and Ei
m×n = [. . . ,On×1,1n×1,On×1, . . .]m×n

an n-column matrix with its ith column being 1n×1 = [1, 1, . . . , 1]T , an n-element col-

umn vector with all elements being 1, and all other columns being On×1 = [0, 0, . . . , 0]T ,

an n-element column vector with all zeros, −I is a Nx × Nx negative identity matrix,

and si = [si,1, si,2, . . . , si,Nx ]
T . For example, for a system with Ny = 2 and Nx = 3 Eq.
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(4.22) would be:

WT







1 0 0 0 0

1 0

1 0

1 0

−1 0 0

0 −1 0

0 0 −1

0 1

0 1

0 1

−1 0 0

0 −1 0

0 0 −1




︸ ︷︷ ︸
D




εY1

εY2

εX1

εX2

εX3




︸ ︷︷ ︸
ε




=




0

s1,1

s1,2

s1,3

s2,1

s2,2

s2,3




︸ ︷︷ ︸
s

. (4.23)

Given that the εYi and εXj are in [0, T ), their differences are confined to (−T, T ) and we

(a) (b)

Figure 4.6: xy-section from the time-averaged experimental OCT Y- and X-datasets⋆

at z = 211, false-colored magenta and green, respectively. (a) Misalignment (along the
solid and dashed curves) between the datasets when they are interpolated using Θ. (b)
Datasets show good spatial alignment (along the solid curve) after they are interpolated
using the refined Θ∗. Scale bar is 100 µm. Also see Movie 3 [87].
⋆ Raw dataset provided by I.V. Larina, M.E. Dickinson, Baylor College of Medicine, TX, and

K.V. Larin, University of Houston, TX.
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can rewrite the wrapping operation in Eq.(4.22) as:

Dε = s− kT, (4.24)

with k ∈ {0, 1}m (that is, each of the m elements of vector k can be either 0 or 1). We

further recast Eq. (4.24) into the matrix form:

[
D I

]

︸ ︷︷ ︸
A




ε
′

k




︸ ︷︷ ︸
x

= s′︸︷︷︸
b

, (4.25)

where I is an identity matrix of size m × m, A is of size m × (n + m), x is of size

(n + m) × 1, b is of size m × 1, ε′ = ε/T and s′ = s/T . This problem usually has

no exact solution since the measured relative shifts in b are themselves estimates. Our

strategy is therefore to seek an approximate solution to this problem in the ℓ1-sense,

i.e.,

x̂ = arg min
x

‖Ax− b‖, (4.26)

which is equivalent to the minimization problem:

x̂ = arg min
x,y

m∑

i=1

yi , s.t − y ≤ Ax− b ≤ y,

O(n+m)×1 ≤ x ≤ 1(n+m)×1, (4.27)
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with the lowerm elements of x (corresponding to k) being binary integers, Op×1 a vector

with p zeros and p×1 a vector with all its p elements being 1. The above problem is a

mixed integer linear programming (MILP) problem and can be re-written as:

x̂ = arg min
x̃

c̃T x̃, s.t Ãx̃ ≤ b̃,

x̃ =




x(n+m)×1

ym×1


 , c̃ =




O(n+m)×1

1m×1


 ,

O(n+2m)×1 ≤ x̃ ≤ 1(n+2m)×1,

Ã =




Am×(n+m) −Im×m

−Am×(n+m) −Im×m


 ,

b̃ =




bm×1

−bm×1


 , (4.28)

where the subscripts indicate the size of the matrices. The absolute shifts are confined

to the real interval [0, T ] and are given by ε̂ = ε̂
′T , where ε̂

′ corresponds to the first n

elements of x̂, while the binary integers k are the next m elements. Eq.(4.28) has the

form of a generic minimization problem that can be solved efficiently using state-of-the-

art optimization packages, such as the CPLEX Optimization Studio software [89]. The
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corrective shifts ε̂ are then applied to the slices in the Y- and X-datasets to get:

ÎYi (x, z, t) = ĨYi (x, z,WT

(
t− ε̂Yi

)
), and

ÎXj (y, z, t) = ĨXj (y, z,WT

(
t− ε̂Xj

)
), t ∈ [0, T ),

i = 1, 2, . . . , Ny, j = 1, 2, . . . , Nx. (4.29)

Finally, the two resulting datasets are spatially interpolated and fused (by averaging

pixels across the datasets in regions of overlap), to get a single 3D+time reconstruction

of the heart.

4.2.5 Data Fusion

The two datasets obtained in Eq. (4.29) are interpolated as follows.

ÎY(x, y, z, t; Θ) =

Ny∑

i=1

ÎYi (x, z, t) ϕ
n
Int

(
y − yi
∆y

)
,

x ∈ [xmin, xmax], z ∈ [zmin, zmax], t ∈ [0, T )

y ∈ [ỹmin, ỹmax] = [max(ymin, y1),min(ymax, yNy)] (4.30)

ÎX(x, y, z, t; Θ) =

Nx∑

j=1

ÎYj (y, z, t) ϕ
n
Int

(
x− xi
∆x

)
,

y ∈ [ymin, ymax], z ∈ [zmin, zmax], t ∈ [0, T )

x ∈ [x̃min, x̃max] = [max(xmin, x1),min(xmax, xNy)] (4.31)
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In above equations Θ = Θ∗ as computed in Eq.(4.7). The above datasets are zero-

padded to make both datasets span the same space {[xmin, xmax], [ymin, ymax], [zmin, zmax]}.

◦

IY(x, y, z, t) =





ÎY(x, y, z, t; Θ), y ∈ [ỹmin, ỹmax],

0, y ∈ {(ỹmin, ymin] ∪ (ỹmax, ymax]}

x ∈ [xmin, xmax], z ∈ [zmin, zmax], t ∈ [0, T ) (4.32)

◦

IX(x, y, z, t) =





ÎX(x, y, z, t; Θ), x ∈ [x̃min, x̃max],

0, x ∈ {(x̃min, xmin] ∪ (x̃max, xmax]}

y ∈ [ymin, ymax], z ∈ [zmin, zmax], t ∈ [0, T ) (4.33)
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The two zero-padded, interpolated datasets are combined to get the reconstructed

dataset as

Ĭ(x, y, z, t) =





1
2

[ ◦

IY(x, y, z, t) +
◦

IX(x, y, z, t)
]
, x ∈ [x̃min, x̃max],

y ∈ [ỹmin, ỹmax],

◦

IX(x, y, z, t), x ∈ [x̃min, x̃max],

y ∈ {(ỹmin, ymin] ∪ (ỹmax, ymax]} ,

◦

IY(x, y, z, t), x ∈ {(x̃min, xmin] ∪ (x̃max, xmax]} ,

y ∈ [ỹmin, ỹmax],

0, x ∈ {(x̃min, xmin] ∪ (x̃max, xmax]} ,

y ∈ {(ỹmin, ymin] ∪ (ỹmax, ymax]} ,

z ∈ [zmin, zmax], t ∈ [0, T ). (4.34)

The datasets can also be combined as a multichannel dataset

Î(x, y, z, c, t) =





◦

IY(x, y, z, t), c = 0

◦

IX(x, y, z, t), c = 1,

, t ∈ [0, T )

(x, y, z) ∈ {[xmin, xmax], [ymin, ymax], [zmin, zmax]}. (4.35)
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(a) (c)

(b) (d)

Figure 4.7: Synchronization results on experimental OCT dataset⋆ at time t = 252 ms.
(a) Dual-channel volumetric dataset containing Y-dataset (false-colored magenta) and
X-dataset (false-colored green) after independent intra-volume synchronization. When
the XY-datasets are in-sync their colors add up to produce gray. (b) Absolute difference
between the X- and Y-datasets with slices in X- and Y-volumes synchronized indepen-
dently. (c) XY-datasets after inter-volume synchronization. (d) Absolute difference
between the X- and Y-datasets after inter-volume synchronization. The dotted rect-
angles show areas that exhibit improved alignment after inter-volume synchronization.
The dotted circles indicate areas near the outflow tract where the Y- and X-datasets
are mismatched due to sample movement between their respective acquisition. Scale
bar is 100 µm. Also see Movie 4 [87].
⋆ Raw dataset provided by I.V. Larina, M.E. Dickinson, Baylor College of Medicine, TX, and

K.V. Larin, University of Houston, TX.

4.3 Experiments and Results

4.3.1 Synthetic Dataset

We evaluated the reconstruction accuracy of the proposed method using a previously

described synthetic heart tube phantom [9], that is briefly presented here. A parametric,

analytic equation describes the intensity of the static tube at a given point (x, y, z) in

3D space. Evaluating this parametric equation at different spatial coordinates gives
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the complete static heart-tube phantom. For deforming this heart-tube periodically,

the spatial coordinates are subjected to an affine transform defined by a matrix whose

coefficients are a weighted sum of sinusoidal and cosinusoidal functions at harmonic

frequencies. The data acquisition on this periodically deforming heart-tube phantom is

then simulated by evaluating the phantom values sequentially for different Y-slices to

get a synthetic Y-dataset (IYi , Eq. (4.2)) and for different X-slices to get a synthetic X-

dataset (IXj , Eq. (4.4)). A different random time shift drawn from a uniform distribution

of U(−T, T ) is used to generate a linear warping function (time-offset) for each acquired

image sequence, similar to the approach in [9]. The spatial resolution of the heart tube

phantom Y-dataset was Nx ×Ny ×Nz = 41× 21× 41 voxels and that of X-dataset was

21× 41× 41 voxels. The temporal resolution of both datasets was 19 frames per period

(fpp) and each of the slice sequences was of length L = 40 frames.

We reconstructed the simulated heart tube phantom data using our proposed method.

The reconstructed volumes and absolute difference with the ground truth phantom

are shown after we independently synchronized the Y- and X-datasets (Fig.4.4(d-g))

and after we jointly synchronized the Y- and X-datasets using our proposed technique

(Fig.4.4(h-k)). Using only a single orientation to synchronize the slices leads to increased

error accumulation for slices at increasing distance from the reference slice (Fig.4.4(f,g)).

Conversely, when the slices from both orientations are co-registered simultaneously, er-

ror accumulation is mitigated (Fig.4.4(j,k)).
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We quantified the accuracy of our approach as follows. The weights of the sine

and cosine functions in the affine transform were selected randomly (from a zero mean

normal distribution with σ = 0.1) up to the third harmonic (higher harmonics were set to

zero) to generate 100 dynamic reference phantoms as well as corresponding sequential

parallel slice measurements (Y- and X-datasets) with acquisition starting at random

time-shifts (drawn from U(−T, T )) for each slice-sequence. We then reconstructed the

two datasets in each of the above 100 simulations and compared the ground-truth shifts

with the corresponding reconstruction shifts of every slice before and after inter-volume

synchronization (specifically, the error in the estimated time-offset was computed by

comparing the ground truth time offset with the constant component of the estimated

warping function). The mean error between estimated and ground truth time-offset

(Fig.4.5(a),(b)) indicate that the inter-volume synchronization of the slices mitigates

the registration error accumulated during the recursive inter-volume synchronization

of the slices. The gain is particularly important for slices that are furthest from the

reference slice.

In order to investigate the sensitivity of our method to speckle, we generated 100

dynamic time-evolving (non-stationary) speckle volumes that emulated the speckle ob-

served during OCT imaging [90] with identical sampling as in the simulations above. We

scaled the speckle intensities to the interval [0.1, 0.9] and multiplied the speckle volumes

voxel-by-voxel with the dynamic heart phantoms, to generate the phantom datasets with

speckle (see insets in Fig. 4.5(c),(d)). We then repeated the reconstruction experiment
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with the datasets containing speckle. Fig. 4.5(c),(d) shows that our reconstruction

method performed similarly well in this case as in the speckle-free simulation. This

robustness is likely due to the fact that our algorithm solves the registration problem

over the entire dataset, globally, limiting the influence of local intensity changes.

We further investigated the influence of temporal sampling on the performance of

our algorithm. We generated a series of dynamic heart phantoms for a given spatial

resolution and cardiac period but captured at different frame-rates (16, 32, 64, and 128

frames per period (fpp)). Again we gathered reconstruction results over 100 simula-

tions. The registration errors after independent intra-volume synchronization increased

when the number of frames per period decreased. The inter-volume synchronization

successfully compensated for the accumulated registration errors in all tested temporal

samplings (Fig. 4.5(e)).

Finally, we investigated the influence of spatial sampling on the reconstruction ac-

curacy. The dynamic heart phantom was sampled at spatial resolution of Nx×Ny ×Nz

voxels and temporal resolution of 19 fpp. The Nx, Ny and Nz values were varied to sim-

ulate changing spatial resolution, and in each case the registration results were plotted

over 100 simulations. The registration error after independent intra-volume synchro-

nization phase increased with the coarser sampling of the phantom. However, as seen

in Fig. 4.5(f), the inter-volume synchronization step was able to overcome these regis-

tration errors further demonstrating the effectiveness of our algorithm in reconstructing

4D volumes.
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4.3.2 Experimental OCT Dataset

To evaluate the feasibility of our method in practice, we acquired image sequences

of a live E9.5 mouse and an E10.5 rat embryo using a swept-source OCT (SS-OCT)

system as previously described by Larina et al. [91]. Briefly, the experimental system

was customized from a Thorlabs SL1325-P16 system which utilizes a broadband swept-

source laser with a central wavelength of λ0 = 1325 nm, a bandwidth of ∆λ = 110 nm,

an output power P = 12 mW, and an A-line scanning frequency of 16 kHz (leading to

an effective frame rate of 51 2D-frames per second). An interferogram is detected by

a balanced-receiver configuration that reduces source intensity noise as well as auto-

correlation noise from the sample (Thorlabs, PDB140C) and is digitized using a 14-bit

digitizer. A Mach-Zehnder interferometer (MZI)-based optical frequency clock was used

to calibrate the OCT interference signals from the optical time-delay domain in the fre-

quency domain before application of fast Fourier transform (FFT) algorithms. An FFT

was used to reconstruct an in-depth profile A-scan of OCT intensity from a single scan

over the operating wavelength range.

We sequentially acquired two perpendicular OCT data sets from the beating heart of

an E9.5 mouse and E10.5 rat embryos. The embryos were cultured on the imaging stage

according to previously described protocols [24, 25]. The OCT datasets were acquired

with 10 µm steps between sections.

In the E9.5 mouse dataset, each of the Ny = 63 slice-sequences in the Y-dataset

and Nx = 78 slice-sequences in the X-dataset consisted of 150 frames of 256 × 512
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pixels (256 A-scans, each with 512 pixels) acquired at 51 frames per second (fps). We

implemented our algorithm in MATLAB R2011b. The algorithm required about 10

hours for reconstructing the OCT dataset (containing two volumes of 256×256×512×30

voxels each (T = 30) or about 8.5 GB in total starting from the two datasets of size

256 × 63 × 512 × 150 and 78 × 256 × 512 × 150 voxels or about 11 GB in total)) on

a Windows 64-bit machine, equipped with a dual-core Intel Xeon 3.4 GHz CPU and

16 GB RAM. Specifically, the spatial alignment step using MATLAB’s fminsearch

routine took 1 hour, the intra-volume synchronization step took 3.5 hours, the inter-

volume synchronization step took 1.5 hours (with the MILP optimization needing 30

minutes) and the final interpolation and fusion step took 4 hours. The resulting dataset

was visualized using Bitplane Imaris software. The OCT system hardware provided an

initial estimate Θ = (−0.62 mm,−0.54 mm,+0.01 mm,+0.01 mm) that our algorithm

refined to Θ∗ = (−0.583 mm,−0.457 mm,+0.008 mm,+0.008 mm). Visual inspection

of the reconstructed dynamic volumes (Fig.4.6 and Movie 3 [87]) shows the improvement

in the match between the two sets when using Θ∗. Fig. 4.7 and Movie 4 [87] show the

results after intra-volume and inter-volume synchronization of the OCT dataset. Since

a successful synchronization of the X- and Y-datasets should result in two identical (up

to the effect of the non-isotropic PSF) datasets, our approach allows directly visualizing

the quality gained over using only a single dataset directly: any discrepancy is visible

in the difference image and could therefore be used as a local map of reconstruction

confidence. This could, for example, be useful to identify regions where the heart does
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PA

H

OFT

AT
VT

A

PS

Figure 4.8: 3D-visualization of the reconstructed and fused experimental OCT dataset⋆

from a E9.5 mouse embryo showing different cardiac structures. PS - pericardial sac, A
- amnion, OFT - outflow tract, H - head, PA - pharyngial arch, AT - atrium and VT -
ventricle are marked. Scale bar is 100 µm. Also see Movie 5 [87].
⋆ Raw dataset provided by I.V. Larina, M.E. Dickinson, Baylor College of Medicine, TX, and

K.V. Larin, University of Houston, TX.

not conform to the quasi-periodicity assumptions. Fig. 4.7(d) illustrates the improved

alignment between the XY-datasets after inter-volume synchronization. Finally, the

fused volume is shown in Fig. 4.8.

In the E10.5 rat dataset, the Y-dataset consisted of Ny = 63 slice-sequences and

the X-dataset of Nx = 56 slice-sequences, with each sequence consisting of 400 frames

of 128 × 512 pixels acquired at 91 fps (T = 72). The OCT system hardware produced

Θ = (−0.30 mm,−0.61 mm,+0.01 mm,+0.01 mm) which our spatial alignment refined

to Θ∗ = (−0.291 mm,−0.603 mm,+0.008 mm,+0.008 mm). We also acquired a dataset

in the STAR geometry [32] which consisted of 60 image sequences, each with 400 frames

of 128 × 512 pixels acquired at 91 fps. The angle between the neighboring sequences
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was set to 3◦ and the axis of imaging plane rotation (central line) was positioned over

the highly moving structure to ensure good reference signal for synchronization. The

acquired Y- and X-datasets were recontructed using the proposed method and the STAR

dataset was reconstructed following Larina et al. [32]. Fig. 4.9(a) and (b) show that

our method improves on previous single parallel dataset reconstructions. While both

the STAR and our proposed method produce reconstructions that are less prone to

error accumulation, Fig. 4.9(b) and (c) show that our proposed method has isotropic

resolution unlike the STAR method, whose resolution decreases away from the center

due to the cylindrical sampling geometry.

To verify that our method was not sensitive to the precise choice of reference slices

used to initialize the reconstruction, we kept the Y-dataset reference slice fixed at the

middle slice IYj0 , j0 = 32 and reconstructed the volumes for five different choices of the

X-dataset reference slice IXi0 , which resulted in similar reconstructions each time (Fig

4.10).

4.4 Discussion

Methods for 4D reconstruction that only use one set of parallel slice-sequences and

recursively register the neighboring slices starting from a reference slice lead to error

accumulation that can be most severe for slices that are furthest from the reference.

One way to correct these errors is to use the information from an additional orthogonal

plane acquired to intersect all the other parallel planes [27]. However, the position of
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(b) (c)(a)

Figure 4.9: Comparison of reconstructions of a E10.5 rat embryo heart⋆ using different
techniques. (a) Reconstruction using only one set of parallel slices (Y-dataset after
intra-volume synchronization). The lower inset shows a residual difference between (a)
and the (self-validating) fused dataset obtained in (b). (b) Fused dataset obtained
using two orthogonal sets of parallel slices (proposed method). The lower inset shows
the difference in the boxed region between the (matching) inter-volume synchronized
Y- and X-datasets. (c) Reconstruction using STAR method [32]. The upper insets
show the isotropic resolution produced by parallel slice based methods (a,b) while the
cylindrical geometry is visible in the STAR method (c). Scale bar is 100 µm.
⋆ Raw dataset provided by I.V. Larina, M.E. Dickinson, Baylor College of Medicine, TX, and

K.V. Larin, University of Houston, TX, K. Furushima, and R.R. Behringer, University of Texas,

MD Anderson Cancer Center.

the orthogonal plane needs to be manually chosen so as to contain the beating heart in

all the intersecting lines. A second way to avoid these registration errors is to acquire

the slice-sequences in a star-geometry so that the sections intersect along one common

line and temporally register them based on data on this line [32, 86]. However, this

results in variable resolution due to the required transformation from cylindrical to

cartesian geometry. Our proposed technique takes advantage of the multi-view geometry

to synchronize slices and mitigates the registration errors while not depending on the

sole manual selection of an orthogonal slice position and while ensuring homogenous
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(a)

(f))

(b)

(g)

(c)

(h)

(d)

(i)

(e)

(j)

Figure 4.10: Reconstruction results for the E10.5 rat embryo dataset⋆ with Ny = 63
slices and Nx = 56 slices. Different reference slices, IXj0 , were chosen in the X-dataset

while keeping the reference slice for the Y-dataset, IYi0 , fixed at the middle slice (i0 =
32) for the reconstructions. (a)-(e) Stills from the volumes obtained after only intra-
volume synchronization. The circle indicates regions with misalignment between the X-
and Y-datasets. (f)-(j) Corresponding stills from volumes obtained after inter-volume
synchronization. The circles mark region that show improved alignment between the
X- and Y-datasets. (a)(f) j0 = 3, (b)(g) j0 = 17, (c)(h) j0 = 28, (d)(i) j0 = 40, and
(e)(f) j0 = 54. The locations of the reference slices in each dataset are indicated by the
dashed planes. Scale bar is 100 µm.
⋆ Raw dataset provided by I.V. Larina, M.E. Dickinson, Baylor College of Medicine, TX, and

K.V. Larin, University of Houston, TX, K. Furushima, and R.R. Behringer, University of Texas,

MD Anderson Cancer Center.
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resolution of the reconstructed, fused volume. It is also self-validating, since whenever

the two reconstructed datasets coincide, one can be confident that the true object has

been recovered (Fig. 4.7(d) and Movie 4 [87]).

Considerable gains in computation time could likely be obtained by employing faster

interpolation routines, parallel processor cores and GPUs. The algorithm could further

benefit from the use of fast solid-state hard drives for data storage and retrieval.

Some of the shortcomings or our algorithm are discussed below. The spatial align-

ment step of our algorithm registers the two datasets by translation and scaling in the

xy-plane only. In particular, any global sample drifts or rotation that occur over the

acquisition of the sample are not compensated for by our method. In our experimental

dataset, such a spatial change appears to occur in one region of the heart, the out-

flow tract, where the spatial registration, a global, homogeneous transform, does not

correct for the local spatial dissimilarities. (Fig. 4.7 dotted circles). Finally, though

our approach does not require any manual selection of a specific orthogonal slice for

correction, it requires one to choose the reference slices in the two datasets (i0 and j0

in Eq. (4.13)) in such a manner that they intersect the beating heart. Typically in our

imaging geometry it is straightforward to make this choice, since there exist many such

pairs of slice-sequences intersecting within the beating heart.
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4.5 Conclusion

We have presented a technique for reconstruction of an 3D+time cardiac dataset

from two orthogonal sets of non-gated OCT slice-sequences. We validated the tech-

nique using a synthetically generated dynamic heart-tube phantom and characterized

its effectiveness in reducing the errors accumulated during temporal registration of the

slice-sequences separately in each perpendicular dataset. We demonstrated the applica-

bility of our technique in practice by reconstructing a 3D+time cardiac volume of E9.5

mouse and E10.5 rat embryos. We expect our approach to be particularly relevant for

the morphological and functional cardiac analysis in embryos.
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Conclusion and Outlook

The contributions of this thesis towards achieving the primary goals of embryonic

cardiac imaging are threefold.

1. A motion-based 3D+time separation algorithm to improve specificity

in high-speed cardiac BF microscopy images: This technique allows dynamic

multi-color visualizations of the heart, with the different cardiac structures like the red

blood cells and the heart wall clearly “labelled”. Previously, creation of such multi-color

datasets would require double or triple transgenic zebrafish, and expensive fluorescence

microscopes that can simultaneously acquire multiple channels, but at the cost of re-

duced frame-rates. In our case, the visualizations are created using high resolution

(256 × 256 × 20 voxels), 1000-3000 fps cardiac sequences acquired on common bright-

field microscopes on wild-type zebrafish embryos. These improvements are highlighted

in Table 5.1. To the best of our knowledge, this is the highest temporal resolution at
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which a embryonic zebrafish cardiac volume has ever been reconstructed. The high

frame-rates possible with label-free imaging, coupled with higher degree of specificity

in the separated sequences has enabled improved quantification of cardiac dynamics as

demonstrated by the detection of optical flow in the range 750-1700 µm/s in zebrafish

embryo hearts.

Table 5.1: Improvement in BF microscopy specificity by motion-based separation of
static, periodic, and transient cardiac structure channels spanning one heartbeat cycle
(best is in bold).

Confocal FL Widefield FL Brightfield Brightfield +
Chapter 2

Contrast
Source

Fluorescent
probes

Fluorescent
probes

Light
absorption

Light
absorption +

cardiac
motion

Axial (z)
Resolution

1.0 µm > 10.0 µm > 10.0 µm > 10.0 µm

Lateral (x, y)
Resolution

≈ 0.3 µm 1.0 µm 1.0 µm 1.0 µm

Frame-rates
Possible

0.1–120 fps 10–50 fps 30–3000 fps 30–3000 fps

Penetration
Depth

150 µm 150 µm 150 µm 150 µm

Recovered:Acquired

channels ratio
1 : 1 1 : 1 1 : 1 3 : 1

Recovered:Acquired

cardiac cycles
ratio

1 : 1 1 : 1 1 : 1 ≤ 1 : 5

2. A multi-cycle denoising method for cardiac OCT images: Cardiac OCT

imaging allows for imaging the heart deep (1-2 mm) in embryonic mice and rats, but the

images suffer from poor SNR, especially at higher frame-rates (> 50 fps) as indicated

in Table 5.2. Our multi-cycle noise reduction technique takes advantage of the periodic
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movement of the cardiac structures and denoises the OCT images over multiple phase-

locked cardiac cycles. The method preserves both temporal and spatial resolution,

and makes no assumptions on the spatial smoothness, organization, or shape of the

structures being imaged. It enables volumetric 3D reconstruction of the embryonic

heart with good resolution (256× 512× 63 voxels) and a peak SNR improvement of up

to 10 dB as shown in Table 5.2.

Table 5.2: Transient noise reduction in cardiac OCT images based on multi-cycle phase-
locked denoising method. The resulting cardiac cycle shows improved peak SNR value
while preserving temporal and spatial resolution (best is in bold).

OCT OCT + Chapter 3

Contrast
Source

Light reflection and scattering Light reflection and scattering
reduced transient noise

Axial (z)
Resolution

> 2.0 µm > 2.0 µm

Lateral (x, y)
Resolution

> 1.0 µm > 1.0 µm

Frame-rates
Possible

20–150 fps 20–150 fps

Penetration
Depth

2000 µm 2000 µm

Peak SNR
(Fig. 3.1)

17.92 dB 27.00 dB

Recovered:Acquired

cardiac cycles
ratio

1 : 1 ≤ 1 : 5

3. A reconstruction technique for creating dynamic 3D volumes from two

orthogonal sets of non-gated 2D OCT slice-sequences: Table 5.3 compares exist-

ing methods for creation of 3D+time cardiac datasets with our method from Chapter 4.

Current retrospective post-acquisition temporal synchronization techniques for creation
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of 3D+time datasets recursively register multiple high-speed 2D+time sequences and

hence result in accumulation of registration errors. Our technique mitigates these regis-

tration errors by using a second set of 2D+time sequences acquired orthogonally to the

first set. By globally minimizing an objective criterion that depends on the similarity

between the data present at the intersecting slices, the two sets are registered and fused

to obtain a high-speed (50–100 fps), high isotropic resolution (256 × 256 × 512 voxels)

3D+time reconstruction of the embryonic mouse heart.

Table 5.3: Comparison of techniques for creation of 3D+time cardiac datasets (best is
in bold). Method legend is as follows:
Direct: Direct 3D+time acquisition [92, 93],
Gating: Prospective gating based acquisition [5–8],
2D+time Sync: Post-acquisition retrospective synchronization of acquired 2D+time se-
quences [9–11,26],
STAR: Sequential Turning Acquisition and Reconstruction (STAR) method [32],
2D+time Sync (two sets): Post-acquisition retrospective synchronization of two sets of
orthogonally acquired 2D+time sequences using the technique in Chapter 4.
As indicated, our technique mitigates the accumulation of registration errors while re-
taining isotropic resolution, allowing high frame rates, and requiring no gating signals.
However, it requires two sets of sequences acquired at orthogonal orientations.

Method Are gating
signals

required?

Is temporal
synchro-
nization
required?

Do
registration

errors
accumulate?

Do results
have

isotropic
resolution?

Number
of orienta-

tions

Possible
Frame rates

Direct No No No Yes 1 < 8 fps

Gating Yes No No∗ Yes 1 10-100 fps

2D+time
Sync

No Yes Yes Yes 1 20-150 fps

STAR No Yes No No ≥ 36 20-150 fps

2D+time
Sync

(two sets)

No Yes No Yes 2 20-150 fps

∗ Depending on how precise the gating signals are, errors could accumulate [5–8]
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We believe that our methods will be particularly relevant to the study of interactions

between cardiac tissue development and blood flow in embryos and help reach a better

understanding of cardiac morphology and function.

5.1 Outlook for Future Research

The research presented here opens several interesting possibilities for further inves-

tigation that could be explored. Some of them are listed below.

Mapping Cardiac Shear Stress: Shear stress has been shown to play an impor-

tant role for the expression of genes in vivo and in vitro [3]. The flow maps derived in

Chapter 2 could be use to build precise maps of shear stress and coupled to the geometry

of the heart wall and fluid viscosity. Such maps, in turn could help link results from in

vitro studies to in vivo studies.

3D+time reconstruction from more than two viewpoints: The resolution

of the 3D+time reconstructions in Chapter 4 can be increased by incorporating data

from additional viewpoints that could possibly be non-orthogonal. Therefore we could

explore an extension of our reconstruction technique in Chapter 4, which would be non-

trivial due to increased computational complexity and issues with handling extremely

large datasets (> 16 GB). The added benefits could include improvements in isotropic

resolution.

Inferring 3D flow from 2D flows: Motion of cardiac structures is a 3D phe-

nomenon. Acquisition of 3D+time cardiac dataset as a series of parallel 2D+time
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sequences, captures only the 2D-projections of this 3D flow onto the imaging planes. In

addition, 3D flow algorithms such as [94] cannot be applied directly to the output of our

3D+time reconstruction algorithm from Chapter 4, since different slices show transient

structures from different heartbeat cycles. Therefore, to estimate the true 3D-motion of

the cardiac structures, we could explore the possibility of combining 2D-flow projections

acquired on different heartbeat cycles from multiple imaging planes.

Exploring the above options will further the relevance of techniques developed in

this thesis for the study of embryonic cardiac development and dynamics.
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