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Abstract 

     Tubular structures with complex morphologies occur frequently in biomedical 

research, often at a scale which necessitates their large-scale comprehensive and 

computational analysis. In this thesis, we focus on two such structures, astrocytes and 

blood vessels. 

     The majority of the glial cells present in the brain are astrocytes which play critical 

roles in brain development, physiology and pathology. Astrocytes can be imaged as 

three-dimensional (3-D) objects in the brain tissue using fluorescence confocal 

microscopy. However, their vast number and the complexity of the patterns and 

mechanisms associated with their dynamics hinder an objective quantitative study. 

Therefore it is critical to develop automated computational methods facilitating 

comprehensive analysis of the astroglial networks. 

     Congenital cardiovascular defects are one of the most common diseases responsible 

for infant mortality. These defects are closely associated with development of 

embryonic yolk sac vasculature. Recently developed imaging techniques such as optical 

coherence tomography (OCT) allow non-invasive imaging of embryonic structures 

including blood vessels. However, the reconstruction of blood vessels as such is a non-

trivial task, mainly due to low signal-to-noise ratio (SNR). Therefore, it is critical to 

develop automated methods for longitudinal quantification of embryonic vascular 

networks as imaged using OCT. 

     Understanding the commonalities between these two diverse problems, we propose 

to investigate the use of sparse representations for reconstruction of tubular structures 
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from biological data. For astrocyte quantification, we propose a novel two-step 

approach. In the first step, we use a machine-learning method for detecting astrocyte 

root points while the second step is responsible for efficient tracing of astrocyte arbors. 

For OCT blood vessel reconstruction, we propose the use of anomaly detection from 

hyper-spectral imaging to handle the low SNR problem, followed by a smooth 

reconstruction using a parametric dictionary. Finally, we propose an integrated software 

framework for tracing, visualization, editing and feature-computation. 

     To the best of our knowledge, this is the first reported comprehensive framework for 

reconstruction of astrocyte arbors from confocal data. The proposed approach includes 

a robust method for astrocyte nuclei detection which has not been effectively 

addressed by the prior work. Additionally, we propose the parallel arbor reconstruction 

algorithm which has been specifically designed to address the challenges involved in 

tracing astrocyte arbors. With regards to OCT blood vessel reconstruction, the 

application of anomaly detection improves upon the reconstruction quality compared to 

the prior methods such as speckle variance. Additionally, this work also introduces the 

application of sparsity-based methods for analysis of tubular biological objects. Results 

demonstrate that the proposed methods can facilitate efficient large-scale automated 

analysis of these important biological structures. Validation of the results provides 

convincing evidence to substantiate this claim. To this end, the error rate for the 

proposed reconstruction method was found to be 3.2%, compared to the fast-marching 

method (FMM) which had an error rate of 9%. With regards to OCT vessel 

reconstruction, the proposed method resulted in reconstructions with overall higher 
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vesselness (0.8±0.09) compared to the standard speckle variance (SV) method which 

resulted in a vesselness of (0.6±0.2). The proposed methods, being integrated and 

distributed through FARSIGHT, an open source image analysis toolkit, can potentially 

have major contributions in two broad areas. Firstly, in advancing the state of the art 

understanding of the role of astrocytes in brain development, physiology and pathology 

and secondly, in advancing the longitudinal image-based quantification of embryonic 

yolk sac vascular development. 
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Chapter 1 

Introduction 

1.1 Astrocyte Arbor Reconstruction (Application 1) 

     Glial cells (including astrocytes, microglia and others), account for about 90% of cells 

in the human brain. Of these, more than 50% are astrocytes [1]. Astrocytes play a critical 

role in the development, physiology and pathology of the brain. Specifically, they 

critically affect, regulation of neuro, glio and synaptogenesis, development and 

regulation of the blood brain barrier, regulation of phagocytosis, regulation of neuro-

transmitters, responding to various kinds of brain insults, mediating several neuronal 

and other disease mechanisms including, but not limited to, acquired immunodeficiency 

syndrome (AIDS), depression, brain ischemia and oedema, epilepsy and dementia, and 

reacting to neuronal implants and other foreign particles in the brain [2]–[7]. These 

 

 

 

 

 

  

Figure 1: A cartoon showing astroglial functionality in the CNS. An astrocyte cell (in green) is shown to 
have formed connections with a blood vessel (in red) and a neuron synapse (in light blue). 
The figure demonstrates how astrocytes form functional connections with other cell-types in 
the CNS (Source: [100]). 
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critical functions are carried out by astrocytes by forming functional connections with 

other types of glial cells, neurons and blood vessels. Figure 1 shows the astroglial 

(another word used for astrocytes) functionality of the central nervous system (CNS) by 

illustrating such connections. 

     Astrogliosis (the reaction of astrocytes to brain injury/insult) is known to primarily 

occur through hypertrophy (increase in cell volume) and proliferation. However, newer 

roles of astrocytes in the brain functioning are still being discovered [6]. Therefore, in 

the past two decades, there has been a growing interest in understanding the role of 

astroglia in the above context [8]–[16]. For example, figure 2 shows the response of the 

brain cytoarchitecture (including astrocytes) to neuro-prosthetic device insertion. It can 

be seen that astrogliosis tends to become increasingly complex (in terms of arbor 

morphology and proliferation) as a function of time. 

 

  

Neurons Astrocytes Microglia Vascular  
elements 

Immediate injury 

t = 6 hr 

Early responses 

t = 1 wk 

Sustained responses 

t = 6 wk 

Figure 2: Response of the brain cytoarchitecture to neuro-prosthetic device insertion. Labeled 
components of the CNS are color coded. Longitudinal response is shown after 6 ℎ𝑜𝑢𝑟𝑠 (left), 
1 𝑤𝑒𝑒𝑘 (middle) and 6 𝑤𝑒𝑒𝑘𝑠 (right). It can be seen that the response tends to become 
increasingly complex as a function of time (Source: [49]). 
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     Astrocytes can be imaged as three dimensional objects in the brain tissue by means 

of fluorescence confocal microscopy, using a suitable stain such as glial fibrillary acidic 

protein (GFAP). We note that recent evaluations of the specificity of GFAP (Bushong et 

al., 2002; Morrens et al., 2012) for staining astrocytes demonstrate that GFAP labels 

stem cells apart from astrocytes and suggest the addition of astrocyte-specific markers 

such as S100𝛽. Whereas the proposed method can be easily adapted to incorporate the 

 

 

additional associative information which will be available by employing an astrocyte 

specific marker, within the scope of this thesis, we use the term “astrocyte” to indicate a 

“GFAP positive cell.” Figure 3 shows a GFAP labeled astrocyte cell with its components 

labeled. Red circle indicates the (usually relatively large) root region while green points 

indicate end feet of astrocyte arbors extending and subdividing starting from the root 

region. 

  

Figure 3: A GFAP labeled astrocyte cell with complex arbor morphology. The central part of the cell is 
known as the root region or simply root (in red). Multiple arbors extend out from this 
region. Basic notations about astrocyte morphology, used in this thesis are defined in this 
figure. 
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     The vast number of astrocytes present in brain tissue, their relatively large size as 

well as the complexity of the patterns and mechanisms associated with their dynamic 

interactions poses many formidable challenges for a comprehensive computational 

analysis of astrocyte cells. Figure 4 illustrates the numerous existing challenges in 

astrocyte analysis. These include, imaging noise (figure 4B, 4D), non-uniform staining 

(figure 4A, 4C), the complexity of astrocyte arbor morphology (figure 4A), their multi- 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

50 𝝁𝒎 

A 

20 𝝁𝒎 

D 

100 𝝁𝒎 

B 

50 𝝁𝒎 

C 

50 𝝁𝒎 

F 

50 𝝁𝒎 

E 

20 𝝁𝒎 

G 

Figure 4: Challenges in astrocyte quantification. (A-D) Imaging challenges (variable contrast – A, B and 
D and non-uniform staining – C) in astrocyte analysis. (E-G) Additional challenges in include 
structural similarity and spatial proximity to other cell types (G), complex and multi-scale 
morphological structures (E, F) and complex connectivity patterns with surrounding 
astrocytes (F), other cell types, vasculature (E) and foreign objects. In order to overcome 
these challenges, a systematic approach for astrocyte quantification is required. 
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scale structure (figure 4A, 4F), the fact that astrocyte roots and nuclei are imaged in 

separate channels (figure 4G), the structural similarity and spatial proximity with other 

types of cells (figure 4G), prolific alteration of morphology induced by activation states 

(figure 4E), complex patterns of connectivity with other astrocytes, other cell types and 

foreign objects (figure 4E, 4F). These challenges have only been partially addressed by 

previous works. Therefore it is critical to develop automated computational methods for 

comprehensive analysis of astroglial networks. 

1.2 OCT Vessel Reconstruction (Application 2) 

     Congenital cardiovascular defects are one of the most common diseases responsible 

for infant mortality. In the year 2010, as much as 26.6% of infants who died of birth 

defects had a heart defect [19]. These defects [20] primarily originate during the 

development of the heart inside the embryo. It has been shown that the development 

of embryonic yolk sac vasculature closely follows and affects development of the heart 

and that during embryonic development, vascular remodeling is induced by the 

hemodynamic force. Thus abnormal blood flow can potentially lead to heart defects 

[21]. 

 

 

 

 

 

  
Figure 5: Dynamic motions of the heart of a chick embryo: end-systole, early and end diastole and early 

systole, imaged using OCT at 8 fps. OCT thus enables non-invasive real-time 3-D imaging of 
embryonic structures (Source: [101]). 

1 𝒎𝒎 
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     Optical coherence tomography (OCT) is a non-invasive interferometry-based imaging 

system [22] which allows for real time structural and functional imaging of biological 

tissue. OCT has been extensively applied in several areas [23]–[27] including live 4-D (3-

D plus time) imaging of various parts of live mammalian embryos with resolutions 

ranging from 2 to 20 𝜇𝑚 and imaging depths of 1 to 5 𝑚𝑚. Figure 5 shows a single 

frame from OCT image of the cardiodynamics of a chick embryo. Figure 6 shows a 

spectral domain (SD-OCT) system which was used for imaging the mouse embryo data 

used in this study. It uses a swept laser source with 100 𝑛𝑚 bandwidth, axial resolution 

of 8 𝜇𝑚, transverse resolution of 15 𝜇𝑚 and imaging depth of 3 𝑚𝑚. 

     Structural OCT data is imaged using the above system wherein each pixel represents 

the total backscatter (speckle) from a single point. A single 2-D image of OCT data is 

called a B-scan which is made up of a series of column vectors (known as A-scans). Such 

spatially successive B-scans are grouped together to form a 3-D stack or C-scan. With 

Figure 6: A model for a swept-source OCT system. It is an interferometer-based imaging system using 
a broad band swept-source laser with 100 𝑛𝑚 bandwidth. The system has an axial 
resolution of 8 𝜇𝑚, transverse resolution of 15 𝜇𝑚 and imaging depth of 3 𝑚𝑚 (Source: 
[21]). 
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the purpose of reconstructing blood vessels, in this thesis, the speckle arising due to 

blood flow is treated as signal, while all other sources or speckle are treated as noise. A 

single A-scan 𝐴, can be reconstructed by computing the logarithm of the Fourier 

transform on the accumulated backscattered light as, 𝐴 = 20 𝑙𝑜𝑔10|�̃�| where, �̃� is the 

Fourier transform of the raw spectral signal with 𝑁 components given by 

�̃�𝒌 = ∑ 𝒙𝒏𝒆
−𝒋𝟐𝝅𝒌𝒏/𝑵𝑵−𝟏

𝒏=𝟎      𝒌 ∈ (𝟏,𝑵),    (1) 

where 𝑥 denotes the raw backscattered signal. 

     In this way, 4-D (3-D plus time) data with up to 10 B-scans per location was imaged at 

embryonic day (E) 8.5 and E 9.5. Figure 7A shows a single B-scan  from an E 8.5 dataset 

with solid arrow indicating the location of the blood signal embedded in background 

speckle. 

 

 

 

 

 

 

 

 

 

 

  

500 𝝁𝒎 

A 

500 𝝁𝒎 

B 

Figure 7. Challenges in OCT vessel reconstruction. (A) A representative B-scan from E 8.5 OCT data. (B) A 
representative B-scan from E 9.5 data. The challenges include, multi-scale vessel structures 
(solid arrows), the presence of small blood vessels with low speckle (arrowheads), weakly 
defined vessel morphology at E 8.5 (A), and scatter contributed by bulk tissue motion (dashed 
arrows). 
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     High quality three dimensional reconstruction of blood signal from speckle OCT data 

and computational analysis of the reconstructed blood vessels as such, is posed by 

several formidable challenges. These include (as demonstrated in figure 7), multi-scale 

vessel structures (solid arrows), the presence of small blood vessels with low speckle 

(arrowheads), weakly defined vessel morphology at E 8.5 (A), and scatter contributed by 

bulk tissue motion (dashed arrows). Moreover, the non-linear embedding of signal and 

noise makes it challenging to learn a model for signal or noise. This observation can be 

confirmed by analyzing the data at randomly chosen time-points for signal and noise, 

using Haar wavelets [28]. Any function 𝑓(𝑡) can be expanded using the wavelet basis as 

𝒇(𝒕) = ∑ ⟨𝒇,𝝍𝒋,𝒏⟩ 𝝍𝒋,𝒏
∞
𝒋,𝒏=−∞ ,   𝝍𝒋,𝒏(𝒕) =

𝟏

√𝟐𝒋
𝝍(

𝒏−𝟐𝒋𝒕

𝟐𝒋 ),  (2) 

where 𝑗, 𝑛 are dyadic dilation and translation variables respectively for the Haar basis 

function 𝜓 given by 

𝝍(𝒕) {
  𝟏     𝒊𝒇 𝟎 ≤ 𝒕 < 𝟎. 𝟓
−𝟏    𝒊𝒇 𝟎. 𝟓 ≤ 𝒕 < 𝟏
𝟎             𝒐𝒕𝒉𝒆𝒓𝒘𝒊𝒔𝒆.

     (3) 

Using equations (2) and (3), percentage energy distribution of the Haar coefficients for 

three levels was computed (figure 8). The corresponding average energy for each energy 

band is shown in table 1. If the signal and noise were linearly separable, we would 

expect at least one energy band to capture this relationship. However, the amount of 

overlap between signal and noise in all the energy bands (figure 8) confirms that signal 

and noise are non-linearly related (and therefore hard to model). These challenges have 

only been partially addressed by previous works. Therefore it is critical to develop 

automated methods for longitudinal quantification of embryonic vascular networks  
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using OCT data. 
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Blood Background 

Ea3 22.55% 19.66% 

Ed3 10.65% 9.30% 

Ed2 28.64% 28.72% 

Ed1 38.18% 42.32% 

B A 

D C 

Table 1. Average percentage energy of Haar coefficients in 3 bands. Blood and background signal have 
very similar average energy. 

Figure 8: Percentage energy distribution of Haar coefficients in three bands. Detail coefficients (A-C) 
and approximation coefficients (D) are demonstrated for randomly chosen time-points. It is 
evident that signal and noise have similar average energy in all the bands and therefore 
cannot be well-separated using wavelet decomposition. 
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1.3 Common Solution to Diverse Problems 

     Sparsity-based solutions to inverse problems have been proposed in mathematical 

literature since a long time [29]. However, only in recent years, increased computational 

power has made possible the application of sparse reconstruction for solving various 

signal processing and image processing problems [30]–[34]. These include, among 

others, image registration, denoising, classification, clustering, inpainting, compressed 

sensing and audio, video coding [35]–[43]. The basic idea in all these applications is to 

use (or learn) overcomplete representative dictionaries from the data and use them to 

efficiently reconstruct the data using very few (sparse) coefficients from the 

dictionaries. 

     Both the applications introduced above involve reconstruction of 3-D tubular 

structures from biological data which exhibit vast structural redundancy in the form of 

tubular structures at multiple scales and orientations. To the best of our knowledge, 

sparse reconstruction methods have not been applied to and integrated for 

reconstruction of 3-D tubular structures in biological data. Thus, the challenges in the 

above mentioned application will be partially addressed using sparse reconstruction 

methods. 

1.4 Objectives of the Thesis 

     The overall objective of this thesis is to develop computational methods for 

reconstruction of astrocyte arbors from 3-D confocal data and blood vessels from 4-D 

OCT data. Specifically, the astrocyte reconstruction (application 1) method should be 

able to perform automated detection of astrocyte roots and an efficient reconstruction 
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of the cell arbors. The blood vessel reconstruction (application 2) method should be 

robust to low SNRs, be able to generate high-quality reconstruction of capillaries and 

minimize the artifacts arising due to bulk tissue motion (BTM). The final output for both 

applications should be a comprehensive set of features which can facilitate quantitative 

comparisons for a wide variety of biological applications. 

1.5 Summary of Contributions 

     This thesis makes several important contributions which advance the state of the art 

in the area of arbor quantification and vessel reconstruction. To this end, we 

investigated the application of sparsity for reconstruction of tube-like structures from 

biological images. Specifically, a parametric dictionary was designed using 3-D solid 

cylinders at multiple scales and orientations. Reconstruction using this dictionary 

provides a probabilistic estimate for the centerline of the tubular structures leading to a 

high-quality reconstruction for low SNR regions. Additional contributions towards each 

application are given as follows. 

     Whereas prior work on astrocyte reconstruction has mainly focused on deriving 

global metrics for quantifying the amount of GFAP signal [44], [45], or using basic image 

processing tools for segmenting astrocyte arbors [46]–[48]; we propose a novel multi-

stage approach. Firstly, we detect astrocyte cell nuclei by training a machine learning 

algorithm on specialized associative measures derived after localizing the basal regions 

of astrocyte cells. The overall accuracy for nuclei detection, as measured across 20,000 

cells, was found to be 98.8%. Accurate detection of astrocyte cell nuclei can facilitate 

large-scale quantitative studies involving analysis of astrocyte cell populations. Second 
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part of astrocyte analysis involves morphological reconstruction of the arbors using an 

efficient local-priority based tracing (LPP) method. For this part, the error rate 

(percentage missing segments) was found to be 3.2% as compared to the fast marching 

method (FMM), which resulted in an error rate of 9.0%. Results indicate that, the 

proposed method enables efficient and accurate tracing of astrocyte arbors on a large 

scale. Overall, the proposed multi-stage approach allows for accurate localization of 

(GFAP positive) astrocyte cell nuclei and population-scale tracing of astrocyte cell arbors 

with variable morphological complexities. Furthermore, we compute large number of 

(about 150) morphological features from the tracing result, which enables quantitative 

exploratory and experimental analysis of astrocyte cell populations. To the best of our 

knowledge, this is the first reported work which presents a comprehensive approach for 

quantification of astrocyte cells. Finally, the proposed approach was also integrated into 

an open source image analysis toolkit, the FARSIGHT toolkit [49]. Large-scale application 

of the proposed method is expected to have a major contribution in advancing the 

understanding of the role of astrocytes in brain development, physiology and pathology. 

     For OCT vessel reconstruction, a novel anomaly detection-based method was 

developed. This improves upon the previously reported speckle variance algorithm [21], 

by providing a high quality reconstruction of small blood vessels and blood vessels in 

low SNR areas of OCT images. The proposed method is also able minimize the artifacts 

resulting from BTM. Additionally, a predefined parametric dictionary was used to 

enhance the reconstruction results. This helped in eliminating some of the singularities 

and discontinuities which may be present in the anomaly detection output. The error 
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rate for the proposed method was found to be 7.8% compared to traditional speckle 

variance which resulted in an error rate of 12.5%. The proposed method thus enables a 

robust and high-quality reconstruction of embryonic blood vessels imaged non-

invasively using OCT. This is especially so for E 8.5 data which tends to have a lower SNR 

compared to E 9.5, due to having lower number of well-formulated blood vessels. 

Finally, we compute multi-scale (node level to network level) features for blood vessels 

which facilitate in exploring longitudinal and other differences in vascular networks. 

Results indicate that the proposed method can substantially contribute towards 

advancing the quantitative image-based aspects of embryonic yolk sac vascular 

development and thereby in exploring its relationship with congenital heart defects. 

1.6 Organization of the Thesis 

     This chapter introduces the two proposed applications by presenting their 

background and significance. Chapter 2 briefly highlights the relevant previous 

approaches in the literature used to solve these problems. Chapter 3 describes the 

sparse reconstruction approach which is adopted in this work followed by chapter 4 and 

5 which provide the methods and results for astrocyte reconstruction and OCT vessel 

reconstruction respectively. Finally, chapter 6 presents the conclusions and future work.  
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Chapter 2 

Background and Related Literature 

2.1 Introduction 

This chapter draws relevant examples from the prior art related to the topics introduced 

in the previous chapter. Specifically, section 3.1 and 3.2 discuss the prior literature 

related to astrocyte arbor reconstruction and OCT vessel reconstruction respectively. 

These sections also provide detailed comparisons with prior work using summary tables, 

pointing out to their relative advantages and limitations and the necessity for 

developing a novel approach. 

2.2 Astrocyte Arbor Reconstruction 

     The first generation of methods for astrocyte analysis usually employed elementary 

image processing methods. Bushong et al. [48] were the first to use computational 

resources for astrocyte analysis. However, their method was mostly manual and the 

computational part was limited to visualization and computation of image histograms. 

Narayan et al. [46] proposed a method for efficiently calculating the number of 

astrocytes using MetaMorph software package [50]. They employed it for morphological 

filtering and thresholding. Hashemi et al. [51] presented a method for estimating 

astrocyte cell volume and nuclei detection based on the converging squares algorithm 

[52], guided by temporal derivatives of intensity. Same objectives were addressed by 

Benesova et al. [53], who employed edge-detection within the context of a semi-

automated approach. 



15 
 

50 𝝁𝒎 50 𝝁𝒎 50 𝝁𝒎 

     Recently, more advanced computational approaches have been applied to astrocyte 

quantification [54]–[57]. For example, Piciri et al. [45] proposed a thresholding-based 

method that quantifies astrocyte morphology using 2-D fractal dimensions [58] and 

classifies them into three morphological classes (figure 9). However, their method is 

highly sensitive to parameterization and it cannot account for complex 3-D arbor 

morphology without further modifications. Suwannatat et al. [47] introduced a semi-

automated method which used probabilistic maps derived by intensity-weighted 

random walks, starting from manually initialized centroids for each cell. Target cells are 

identified by maximum probability whereas uncertain regions are resolved with editing 

(figure 10). Budde et al. [44] estimated piece-wise orientation histograms using pixel - 

wise structure tensor (ST) analysis of ex vivo images obtained using diffusion tensor 

 

 

 

 

 

 

 

 

 

 

  
Figure 9: Fractal analysis of astrocyte arbors based on thresholding and skeletonization. Preliminary 

image processing methods were applied and astrocytes were classified into 3 classes based 
on their morphology (Source: [45]). 



16 
 

F 

G 

H 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

153 𝝁𝒎 

Figure 10: Tracing results using the random walks algorithm. Every pixel is color-coded using the 
probability of belonging to a specific cell. (Inset) Demonstration of uncertainty-based 
editing of the traces (circle area is proportional to the uncertainty). The authors introduced 
graphical editing and random walks for astrocyte tracing (Source: [47]). 

Figure 11: Structure tensor analysis on fluorescence images of Dil stained cortical tissue. (A-E) Piece-
wise ODFs are overlaid on the images. In all figures, hue, saturation and brightness indicate 
pixel-wise measures of orientation, anisotropy, and staining intensity, respectively. (F-H) ST 
analysis on immunofluorescent images of cortical tissue (for quantifying astrocyte arbor 
orientations). The authors introduced the use of ODFs for quantifying astrocyte 
morphology (Source: [44]). 
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imaging (DTI) (figure 11). Whereas their method can be easily extended to obtain 3-D 

orientation estimates, it does not provide pixel-wise orientation estimates for 

morphological analysis and requires the use of the DTI modality [59], [60]. Table 2 

summarizes the past literature on astrocyte quantification, pointing out their specific 

strengths and limitations. 

     In this thesis, a novel computational method is proposed for astrocyte root detection 

and arbor reconstruction. The proposed method employs active learning and parallel 

tree-based tracing to cope with the previously mentioned challenges related to 

astrocyte quantification. It is important to note that the proposed tracing method draws  

  

Algorithm Method 
Trace 
arbors 

2-D/3-D 
Nuclei 

detection 

Quantifies 
arbor 

morphology 

Computationally 
expensive 

Butt A. 
(1994) 

Manual No 2-D No Yes NA 

Bushong 
E. (2003) 

Manual No 2-D No Yes NA 

Narayan P. 
(2007) 

Automated – 
Thresholding 

No 2-D No No No 

Lin G. 
(2007) 

Kernel-based 
tracing 

Yes 3-D No No No 

Hashemi 
M. (2008) 

Automated – 
Marching squares 

Yes 2-D Yes No Yes 

Pirici D. 
(2009) 

Automated – 
Thresholding 

No 2-D No Yes No 

Benesova 
J. (2009) 

Semi-automated 
– edge detection 

Yes 3-D Yes No No 

Suwannat
at P. 

(2011) 

Semi-automated 
– Random walks 

Yes 2-D No No Yes 

Budde M. 
(2012) 

Structure tensor 
analysis 

No 3-D No Yes No 

Proposed 
Method 

Automated – 
Root analysis and 

tracing 
Yes 3-D Yes Yes Yes 

Table 2. A summary of prior work on astrocyte quantification. Comparisons with the proposed method 
are made with respect to relevant parameters. 
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from previous works in area of neuron tracing [61], [62]. For example, Al-Kofahi et al. 

[61] proposed the use of multi-orientation edge-based templates for neuronal arbor 

reconstruction. It can be derived from table 2 that the proposed method is a novel, 

comprehensive computational approach for astrocyte quantification. 

2.3 OCT Vessel Reconstruction 

     The prior work on detection reconstruction of blood vessels from OCT data can be 

broadly divided two categories: those which modify the imaging modality and post-

processing methods. Within the first category, Doppler OCT [63] is the traditional 

method which has been used for vascular reconstruction (figure 12). Whereas, this 

method can quantify blood flow, it has several limitations like, sensitivity to phase 

stability of the system, limits on the smallest resolvable capillary size, insensitivity to 

transverse component of blood flow and sensitivity to bulk tissue movement. Fingler et 

al. [64] proposed the use of phase variance for detecting motion contrast (which is an 

indicator of blood flow) (figure 12). Although their method is capable of quantifying 

both transverse and parallel components of blood flow, it is still subject to the other 

limitations of Doppler OCT. Wang et al. [65] proposed a method known as optical 

angiography in which they achieve higher contrast between static and moving targets by 

moving the reference mirror in the OCT system with constant velocity. This increases 

the phase stability of the system and allows quantification of blood flow (figure 13). 

However, the method is insensitive to the transverse component of blood flow. 

     In the second category, (that is, methods which are based on post-processing,) only a 

few approaches have been proposed so far. Enfield et al. [66] proposed a method  
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known as speckle correlation which achieves motion contrast using cross-correlation 

between successive B-scans imaged at the same location (figure 14). Considering the 

fact that variations in the scatter caused by moving targets is higher than that caused by 

the stationary ones, Sudheendran et al. [21] computed speckle variance (SV) across 

multiple time points to achieve motion contrast (figure 15). Although, their method 

provides good reconstruction quality for big vessels, it tends to reconstruct the  

Figure 12: (A) Doppler OCT of mouse brain. Colors represent flow direction either towards or away 
from the imaging direction. Major ticks correspond to 50 𝜇𝑚 [21]. (B, C) Phase contrast 
OCT images at 4 days post fertilization (dpf) of zebrafish tail. Arrows indicate the locations 
of phase contrast (Source: [64]). Both Doppler and phase variance OCT tend to be very 
sensitive to phase stability of the system. 

Figure 13: Optical angiography images of an adult mouse brain (with intact skull). Panel A is an x-y 
projection of the cerebro-vascular flow within the scanned volume while panel B is a 3-D 
rendering of that volume (Source: [65]). Although this method provides good quality 
reconstruction of blood vessels, it still remains insensitive to the transverse component of 
blood flow. 

A B C 
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capillaries with a relatively lower quality and is also sensitive to BTM. Table 3 

summarizes the past literature on OCT vessel reconstruction, pointing out their specific 

strengths and limitations. 

     In this thesis, a novel method based on speckle anomaly detection and sparsity-based 

reconstruction is proposed. This method incorporates the advantages of SV and 

overcomes its limitations. The proposed method uses anomaly detection from hyper-  

Figure 14: Speckle correlation OCT (cmOCT) image of an 8 𝑚𝑚 × 7 𝑚𝑚 region of the vascular network 
in the human volar forearm (Source: [66]). This method is able to generate high quality 
reconstruction results comparable to speckle variance OCT. 

Figure 15: Speckle variance OCT reconstruction of the vascular network of the mouse embryo yolk sac 
demonstrating vascular remodeling (Source: [21]). (A) Vessel reconstruction at E 8.5 and (B) 
E 9.5. Speckle correlation and speckle variance techniques have no dependence on the 
Doppler angle. 

A B 
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spectral imaging literature and sparse-reconstruction methods to cope with the 

previously mentioned challenges. It can be derived from table 3 that the proposed 

method is a novel computational approach for vessel reconstruction from 4-D OCT data. 

2.4 Chapter Summary 

     In this chapter we described the prior literature on astrocyte and vessel 

reconstruction. For astrocyte analysis, the major contribution is the development of a 

comprehensive multi-level algorithm for root detection and arbor tracing. For vessel 

reconstruction, our main contribution is the application of anomaly detection and 

sparse reconstruction. The following chapters describe these approaches in detail.  

Algorithm Method Estimation 
Direction 
invariant 

Quantifies 
blood 
flow 

Capillary 
reconstruction 

quality 

Fingler J. 
(2007) 

Phase 
variance 

2-D Yes Yes Poor 

Wang R. (2007) 
Optical 

angiogra
phy 

2-D No No Excellent 

Walther J. 
(2009) 

Doppler 
OCT 

1-D No Yes NA 

Sudheendran 
N. (2011) 

Speckle 
variance 

1-D Yes No Average 

Enfield J. 
(2011) 

Speckle 
correlati

on 
2-D Yes No Average 

Daly S. (2013) 
Dual 

beam 
OCT 

1-D Yes Yes Average 

Proposed 
method 

ADDR 3-D Yes No Excellent 

Table 3. A summary of prior work on OCT vessel reconstruction. Comparisons with the proposed 
method are made with respect to relevant parameters. 



22 
 

Chapter 3 

Sparse Reconstruction of Tubular Structures 

3.1 Introduction 

     Tubular structures frequently occur in biological images, often at a scale which 

necessitates automated computational analysis [67]–[71]. In this thesis, we deal with 

two kinds of tubular structures, astrocytes and blood vessels. This chapter describes the 

application of sparsity for reconstruction of these structures. Traditionally, such 

structures are computationally analyzed using image-based geometrical cues [61], [72]–

[77] (figure 16). In the proposed approach, we introduce sparsity to the computational 

analysis of tubular structures. This chapter describes the sparse reconstruction methods 

in detail. 

 

 

 

 

 

 

3.2 Overview of Sparse Reconstruction 

     It is known that astrocyte fibers and blood vessels are characterized by tube-like 

smooth structures and piece-wise constant texture [61], [78]. The question we try to 

answer here is, can we reconstruct the tubular structures by creating a sparse model 

based on this prior information? In the proposed approach, the image is divided into 

Figure 16: A typical approach used for tracing of tubular structures. Seed (or interest) points are 
extracted from the raw input image using algorithms such as SIFT [102]. These are then 
passed to tracing algorithms which form optimal connections between the points. Sparse 
reconstruction methods have not been a part of traditional methods used for tracing tubular 
structures. 

Image 
processing 

for 
extracting 

seeds 

Run tracing 

20 𝝁𝒎 
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overlapping 3-D patches and sparse codes are computed for each patch using a 

parametric dictionary which is computed offline. As an output of this step, pixel-level 

priors for centerline estimate, scale and orientation are obtained. This process is 

repeated for each patch (corresponding to each pixel). 

3.3 Detailed Implementation of Sparse Reconstruction 

     Using sparsity, it is possible to accurately represent a signal as a linear combination of 

very few non-zero coefficients of a dictionary. In this regard, we employed sparse 

reconstruction methods to reconstruct tubular structures using a concise parametric 

model. Figure 17 helps to illustrate how sparsity could be applied for processing electro 

cardiography (ECG) signals. It can be derived from the figure that, the signal in figure 

17A can be concisely represented and sparsely reconstructed using very few coefficients 

for the components in figure 17C. Figure 18 demonstrates the basic mathematical 

formulation for sparse signal representation of a signal with very few non-zero elements 

or atoms The dictionary 𝐷 forms the basis for sparse reconstruction. 

 

 

 

 

 

 

 

  

Figure 17: Application of sparse reconstruction to ECG data. (A) An ECG signal (Source: [103]). (B)The 
QRS complex. (C) A further decomposition of the QRS complex which potentially represents 
the atoms of the sparse model. The signal in (A) can be sparsely reconstructed using the 
components in (C). 
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     There are various ways to apply sparsity-type ideas for reconstructing tubular 

structures. These include, learning a discriminative dictionary from the image patches, 

using an off-the-shelf dictionary such as wavelets or curvelets or to create a simple 

parametric dictionary driven by a target task. We model astrocytes and blood vessels as 

3-D tubular structures with smooth curvature and piece-wise constant texture. These 

characteristics can be succinctly represented by a representative dictionary made up of 

simple parametric shapes. Therefore we selected the third approach and used 3-D solid 

cylinders at multiple scales and orientations to form this dictionary. This is a justified 

choice since it can represent the structure geometry well and enables reconstruction at 

multiple scales and orientations. Figure 19 shows a 2-D projection of all dictionary 

atoms and also shows a few atoms in 3-D (on right). Equation (4) describe the 

construction of the dictionary 𝐷 as 

𝑫(𝒙, 𝒚, 𝒛, 𝝈) ≡ 𝜴(𝝉[𝒙𝟐 + 𝒚𝟐 < 𝝈𝟐, |𝒛| < 𝒉])   (4a) 

𝒇𝒐𝒓 𝝈 ∈ (𝝈𝟏, 𝝈𝟐 …𝝈𝒏),  𝜴 ≡ 𝑵(𝟎, 𝝈),  𝝉 ≡ 𝒇(𝜽, 𝝋),  (4b)  

Figure 18: Basic conceptual formulation for sparse signal reconstruction. 𝜒 – Vectorized 1-D signal. 𝐷 – 
Dictionary (transformation matrix). The columns of 𝐷 are called atoms and form the basis 
for reconstruction. 𝛾 – Sparse representation of the signal 𝜒 with 𝑇 non-zero elements 
(highlighted with white boxes) where 𝑇 << 𝑁. 
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where 𝑥, 𝑦, 𝑧 are Cartesian coordinates, ℎ is the height of the cylinder which is set equal 

to the patch size (16 × 16 × 16 voxels). Multiple scales are selected using the function 𝛺 

which is a normal distribution with zero mean and standard deviation 𝜎 whereas 

multiple orientations are selected using 𝜏 which uniformly samples the azimuth angle 𝜑 

and inclination angle 𝜃. Along with the dictionary 𝐷, a dictionary of cylinder centerlines 

is created for reconstructing the centerline images as 

𝑫𝒄𝒆𝒏𝒕𝒆𝒓(𝒙, 𝒚, 𝒛) ≡ 𝝉[𝒙 = 𝟎, 𝒚 = 𝟎, |𝒛| < 𝒉].    (5) 

Figure 20 shows and example of how the dictionary is applied for reconstruction of 

image patches. The sparse codes for each patch are estimated by solving the matching 

pursuit (MP) problem, given by 

𝒂𝒓𝒈𝒎𝒊𝒏𝜸‖𝒙 − 𝑫𝜸‖𝟐   𝒔. 𝒕 |𝜸|𝟎 ≤ 𝑻,    (6)  

Figure 19: Maximum intensity projection images of all the dictionary atoms with multiple scales (4) 
and orientations (182). (Right) 3-D rendering of a few selected atoms of the dictionary. The 
proposed dictionary is composed of regular solid cylindrical shapes at multiple scales and 
orientations. 
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where 𝑇 is the number of dictionary atoms to be used for the reconstruction. Since our 

goal is not to necessarily obtain a perfect reconstruction, but to generate priors for 

tracing we selected a very low 𝑇 = 5. This problem is solved using the orthogonal 

matching pursuit (OMP) algorithm [79] which is a greedy algorithm that decomposes a 

given signal into a linear combination of waveforms that are selected from a redundant 

dictionary. The algorithm proceeds as follows: the first step is to select the atom which 

best matches the signal, second, given the used atoms, find the next one which best fits 

the residual at the same time making sure that the selected atoms are linearly  

 

 

 

 

 

 

  

Figure 20: Application of sparse reconstruction to a 3-D astrocyte images. Overlapping blocks of data 
(yellow) are extracted by raster-scanning the image. Sparse codes 𝜔, obtained using the 
dictionary 𝐷, for two sample blocks (blue) are shown on the right. Every patch of the image 
is thus sparsely reconstructed as a linear combination of cylinders at multiple scales and 
orientations. 

Figure 21: Detailed steps involved in OMP reconstruction. Initially, selected atoms, 𝑃 are initialized to 
null and the residual 𝑟 is equal to the signal to be reconstructed 𝑥. As the algorithm 
proceeds, sparse codes are continuously drawn from the dictionary 𝐷 such that the 
resulting set of sparse codes is always linearly independent. This is done until the residual 
falls below a certain threshold or a suitable stopping criterion is satisfied. OMP is thus a 
greedy algorithm which provides an orthogonal sparse reconstruction for a signal 𝑥 using a 
dictionary 𝐷. 
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independent and finally, stop when the required number of atoms have been used or 

when the residual error is below a certain threshold. A flowchart demonstrating these 

steps is shown in figure 21. This algorithm is applied to each positive patch (a patch with 

non-zero center pixel) in the image until the entire image is covered. 

     Followed by this, we extract a rich set of priors from the reconstruction result. Firstly, 

a centerline estimate is obtained by computing the weighted addition of cylinder 

centerline images corresponding to the sparsely selected dictionary atoms (that is, 

sparse codes) for each patch using the same weights as those generated for the sparse 

code. The centerline estimate is given by 

𝑷𝒄𝒆𝒏𝒕𝒆𝒓 = ∑
𝑫𝒄𝒆𝒏𝒕𝒆𝒓∗𝜸𝒑

𝑵𝒑𝒂𝒕𝒄𝒉
𝒑∈𝑷𝑻

,     (7) 

where 𝑁𝑝𝑎𝑡𝑐ℎ is the number of overlapping patches for each patch 𝑝 and 𝑃𝑇  is the set of 

all patches in an image. This is also illustrated using figure 22. 

     Secondly, we obtain a local scale estimate by averaging the scale corresponding to 

the local maxima of the sparse code cylinders which is computed as 

𝑷𝒔𝒄𝒂𝒍𝒆 =
𝟏

𝑵𝑳
∑ 𝑺(𝜸𝒑 > 𝟎, 𝜸′𝒑 = 𝟎)𝒑 ∈ 𝑷𝑻

,       (8) 

 

 

  
Figure 22: Centerline estimate derived from sparse reconstruction. Centerline patches corresponding 

to the sparse code patches are combined to form a centerline estimate image for each 
patch. The centerline estimate is designed to provide guidance for tracing algorithms. 
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where 𝑆 is the scale at patch 𝑝 and 𝑁𝐿 is the number of local maxima corresponding to 

patch 𝑝. Finally, we compute local orientation estimate as the orientation corresponding 

to the maxima and minima of the sparse code cylinders for each patch as 

𝑷𝒐𝒓𝒊−𝒕𝒂𝒏𝒈𝒆𝒏𝒕 = 𝑶(𝒂𝒓𝒈𝒎𝒂𝒙𝜸𝒑𝒂𝒕𝒄𝒉
𝜸−𝜸𝒎𝒂𝒙

)   (9a) 

𝑷𝒐𝒓𝒊−𝒏𝒐𝒓𝒎𝒂𝒍 = 𝑶(𝒂𝒓𝒈𝒎𝒊𝒏𝜸𝒑𝒂𝒕𝒄𝒉
𝜸),   (9b) 

where 𝑂 is the orientation function corresponding to patch 𝑝. These estimates are 

further demonstrated in figure 23 on an astrocyte image. 

 

 

 

 

 

 

 

 

 

 

  

Figure 23: Sparse reconstruction applied to astrocytes. (A) Astrocyte image with yellow blocks 
indicating its parcellation into patches. (B) Centerline estimate image (𝑃𝑐𝑒𝑛𝑡𝑒𝑟). This 
image acts as a prior for the tracing algorithm. (C) Scale estimate image 𝑃𝑠𝑐𝑎𝑙𝑒providing a 
scale estimate at each pixel. (D) Rendering of the tangent, 𝑃𝑜𝑟𝑖−𝑡𝑎𝑛𝑔𝑒𝑛𝑡  (green) and 

normal, 𝑃𝑜𝑟𝑖−𝑛𝑜𝑟𝑚𝑎𝑙  (red) orientation estimates for a patch (blue) from the image in (B). 
Sparse reconstruction is thus used to generate cues for centerline, scale and orientation 
which can be used for driving tracing algorithms. 
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3.4 Chapter Summary 

     In this chapter we described the motivation for applying sparsity-based methods for 

reconstruction of tubular structures. Specifically, we created a multi-scale parametric 

dictionary using a cylindrical model. The reconstruction was performed using the OMP 

algorithm. This result was used to compute estimates of scale, orientation and 

centerline likelihood for each pixel. 
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Chapter 4 

Astrocyte Reconstruction 

4.1 Introduction 

     This chapter describes the various steps involved in the astrocyte analysis pipeline. 

The major steps involved in astrocyte quantification and their inter-relationships are 

illustrated in figure 24. Following sections will explain each of them in detail. 

 

 

 

 

 

 

 

 

 

 

 

4.2 Tissue preparation and imaging 

Three serial sections from the medial prefrontal cortex of 24 rat brains were processed 

using multi-channel immunofluorescence to label cell nuclei (DAPI), microglia (Iba-1), 

vessels (lectin), neurons (NeuN), and astrocytes (GFAP) [80]. Eight tiles, in a 2×4 

Figure 24: Overview of methods for astrocyte reconstruction. The astrocyte reconstruction pipeline 
consists of multiple sequential steps. 
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rectangle covering a 775 𝜇𝑚 × 1550 𝜇𝑚 area, were imaged for each tissue section, 

resulting in 24 tiles for each animal. The tiles were imaged sequentially in five channels 

using the 405 𝑛𝑚, 488 𝑛𝑚, 560 𝑛𝑚, 594 𝑛𝑚, and 633 𝑛𝑚 laser lines of a Leica SP8 

upright confocal microscope using the 40× oil objective. The pixel format was set at 

1024 × 1024 (387.50 𝜇𝑚 × 387.50 𝜇𝑚), acquisition speed at 600 Hz, and the zoom 

factor at 0.75. The tiles were set to have 10% overlap, and z-stacks were taken 

encompassing the entire thickness of the tissue. After image acquisition, each channel 

was saved separately as tiff files for processing. 

4.3 Detection of Optimal Interest Points 

     In order to detect seed points, the astrocyte image was processed with a multi-scale 

Laplacian of Gaussian (LoG) [81] which is has been extensively applied for seed point 

detection from tubular structures. Seed points were detected as scale-space maxima on 

the LoG images as given by 

𝑳𝒐𝑮𝝈 = (
𝒙𝟐+𝒚𝟐+𝒛𝟐

𝝈𝟒 −
𝟑

𝝈𝟐) 𝒆
−

𝒙𝟐+𝒚𝟐+𝒛𝟐

𝟐𝝈𝟐 , 𝝈 ∈ (𝝈𝒎𝒊𝒏, 𝝈𝒎𝒂𝒙)  (10a) 

  𝒔𝒖𝒄𝒉 𝒕𝒉𝒂𝒕, 𝑳𝒐𝑮𝝈(𝒙) > 𝒂𝒗𝒈(𝑳𝒐𝑮𝝈(𝒚𝒎)),   (10b) 

where 𝜎 is the LoG scale which is logarithmically varied inside a range wide enough to 

capture the multi-scale arbor and root structures. The local maxima 𝑦𝑚 is selected using 

diametrically opposite points {𝑌𝑎, 𝑌−𝑎} in a local neighborhood, as 

 𝒚𝒎 = 𝐚𝐫𝐠𝐦𝐚𝐱𝒚,𝝈 𝑳𝒐𝑮𝝈(𝒚), 𝒚 ∈ {𝒀𝒂, 𝒀−𝒂}.   (11) 
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An example of seed point detection result is shown in figure 25. Although this method 

can generate precisely located seed points, it is highly sensitive to image contrast and 

imaging quality. This entails manual fine tuning of parameters for every image. 

     To overcome the challenges presented above, a coverage-based approach was used 

for optimal parameter selection [69]. The coverage metric was defined as a combination 

of intensity and vesselness of interest points which is given by 

𝑪 =
𝟏

𝑲
∑ 𝑷(𝒙)𝒙∈𝑭      (12a) 

𝒇𝒐𝒓 𝑷(𝒙) = 𝜶𝑰(𝒙) + 𝜷𝑽(𝒙), 𝑲 = 𝑰𝒔𝒊𝒛𝒆 ∗ 𝒂𝒗𝒈(𝑷(𝒙)), 𝒔. 𝒕 𝜶, 𝜷 ∈ [𝟎, 𝟏],  (12b) 

where 𝐹 is the foreground indicated by the detected interest points, 𝐾 is the mean 

coverage for the entire image proportional to the image size 𝐼𝑠𝑖𝑧𝑒, 𝐼(𝑥) is the intensity at 

location 𝑥and 𝑉(𝑥) is the vesselness [82] at location 𝑥. 

 

 

 

 

 

 

 

 

 

 

  

Figure 25: Interest points detected for a typical astrocyte image (Red: GFAP, blue: DAPI, yellow: 
interest points). Close-up (boxed region) illustrates this in detail. The LoG based interest 
point detection is sensitive to image contrast and also non-specific for the purpose of 
detecting dense interest points around astrocyte root regions. 

50 𝝁𝒎 
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     Vesselness 𝑉(𝑥) is given by 

𝑽(𝒙, 𝝈) = [𝒆𝒙𝒑(−
𝑹𝑩

𝟐

𝟐𝜷𝟐)] [𝟏 − 𝒆𝒙𝒑(−
𝑹𝑨

𝟐

𝟐𝜶𝟐)] [𝟏 − 𝒆𝒙𝒑 (−
𝑺𝟐

𝟐𝜸𝟐)],  (13) 

where 𝛼, 𝛽 and 𝛾 are manually fixed to be proportional to the maximum image intensity 

and 𝑅𝐴, 𝑅𝐵 and 𝑆 are given by 

  𝑹𝑨 =
|𝝀𝟐|

|𝝀𝟑|
,  𝑹𝑩 =

|𝝀𝟏|

√|𝝀𝟐𝝀𝟑|
, 𝑺 = √𝝀𝟏

𝟐 + 𝝀𝟐
𝟐 + 𝝀𝟑

𝟐.   (14) 

Equation (13) and (14) holds true if 𝝀𝟐, 𝝀𝟑 < 𝟎 and |𝝀𝟏| ≤ |𝝀𝟐| ≤ |𝝀𝟑|, where 𝜆1,2,3 are 

the Eigen values of the Hessian matrix given by 

𝑯𝝈(𝒙) = 𝛁𝟐(𝑰(𝒙) ∗ 𝑮𝝈(𝒙)),     (15) 

where 𝐺𝜎(𝑥) is a normal distribution at scale  𝜎. Finally the vesselness value was 

selected as the local scale-space maxima given by 

𝑽(𝒙) = 𝐦𝐚𝐱𝝈∈(𝝈𝒎𝒊𝒏,𝝈𝒎𝒂𝒙) 𝑽(𝒙, 𝝈).    (16) 

     Intuitively, the coverage metric captures the amount of foreground (in this case 

astrocyte arbors), covered by the seed points. Therefore it can act as a global bounded 

measure across images of varying contrast and imaging quality. The seed detection 

parameters were linearly varied until the coverage lies within these pre-determined 

bounds. Figure 26 shows some results for optimal interest point detection using 

coverage estimation for images with variable imaging quality. An ideal coverage 

estimator should be independent of the number of interest points in an image. To 

demonstrate the validity of this metric as a good estimator of coverage, we varied the 

contrast threshold of the seed point detector and graphed it across coverage and 

number of interest points in figure 27. It can be derived from figure 27 that as the 
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threshold decreases (left to right), the number of interest points increases exponentially 

whereas the coverage metric increases relatively linearly. Furthermore, the coverage 

metric also helps to preserve interest points close to the root region while discarding 
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Figure 26: Interest point detection after optimizing coverage for data with variable imaging quality 
(including low contrast images in the leftmost column). By using the coverage formulation, 
we are able to increase the specificity of the interest point detector by detecting more 
points near the astrocyte root regions. 

Figure 27 (A) Optimal coverage values for astrocyte images with variable imaging quality. For most of 
the images, the optimal coverage value is indeed bounded by ∆𝑪, as indicated by the points 
lying inside dotted lines. (B) Relatively linear increase in coverage value compared to # 
interest points demonstrates the usefulness of the coverage metric. 
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those in the periphery. This is illustrated in figure 28, wherein, figure 28A shows the 

interest points before computing coverage while figure 28B shows the result after 

optimizing the coverage 

4.4 Astrocyte Root Detection and Nuclei Classification 

     As demonstrated by the challenges outlined previously, detection of astrocyte root 

points is not a trivial problem. We designed a two-step machine learning approach for 

detection of astrocyte roots. The first step is to localize multiple root points within (and 

in close proximity of) the root region. This result is used as an input for the second step, 

which is designed for detecting astrocyte nuclei and localizing a single root point for 

each astrocyte cell. Following paragraphs will describe these steps in detail. 

     Input for the first step is the optimal interest points as described in the previous 

section. Based on observations of the morphological characteristics of astrocyte roots, 

descriptors were derived around these interest points. These included spatial scale, 

orientation diversity, local intensity statistics, local shape descriptors and multi-channel 

Figure 28: Optimal interest point detection. (A) Interest points without coverage optimization and (B) 
interest points after coverage optimization. Coverage optimization process is able to 
preserve the interest points which are more likely to lie on the astrocyte root regions. 

10 𝝁𝒎 

A B 
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associations. This is a representative list of features for root points, since we would 

expect root points to have (in general), a relatively large scale, high orientation diversity 

(since multiple arbors may originate from the region around this point), higher average 

brightness, a ball-like structure and close vicinity to a nuclei (since astrocyte nuclei lie in 

close proximity of the root region). Specifically, scale was estimated by fitting a sphere 

at every interest point by solving the minimization problem given by 

𝒂𝒓𝒈𝒎𝒊𝒏𝑳[𝜶𝑬𝒓𝒆𝒈𝒊𝒐𝒏(𝑳) + 𝜷𝑬𝑮𝑽𝑭(𝑳)]  𝒘𝒊𝒕𝒉 𝜶, 𝜷 ∈ [𝟎, 𝟏],        (17) 

where 𝐸𝑟𝑒𝑔𝑖𝑜𝑛 and 𝐸𝐺𝑉𝐹 are region-based and GVF-based energies for a region defined 

by contour 𝐿, as in [83]. The scale prior derived from sparse reconstruction, is used as an 

initial estimate to solve this problem. In order to compute orientation diversity, scale-

adaptive orientation distribution functions (ODFs) (which are histograms binned by local 

orientations) were computed using two methods, intensity-based [83] and spatial 

frequency-based as given by 

𝜳𝜎(𝜽)𝒕 = 𝜳𝜎(𝜽) ⊛ 𝜳𝜎(𝜽)𝒕−𝟏 ⊛ 𝜬(𝜽),    (18) 

where the current ODF 𝛹𝜎(𝜃)𝑡 is derived using the Gaussian-smoothed version of the 

previous ODF 𝛹𝜎(𝜃)𝑡−1 and 𝛲(𝜃) is the smoothing function. The ODF at each point is 

computed using a Gabor function 𝐺   convolved with an orientation-selection function. 

The orientation priors from sparse reconstruction are used to further smooth the ODF 

as 

𝜳𝜎(𝑷𝒐𝒓𝒊) → −𝜳𝜎(𝑷𝒐𝒓𝒊) ∗ 𝜸𝒐𝒓𝒊.    (19) 
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     Features representing orientation diversity such as, number of modes, mean and 

variance of the ODF, the energy and the number of local minima and maxima (after 

suitable thresholding) were computed from the ODF at each interest point. The 

orientation estimates derived from sparse reconstruction were embedded into the ODFs 

by proportionally enhancing or attenuating the ODF magnitude in the direction of 

tangential and normal components of the orientation priors respectively. Additionally, 

shape-based features such as ballness, plateness and vesselness were also computed at 

the local scale. Local intensity statistics included the intensity mean and variance within 

a window (proportional) to the scale of each interest point. Finally, across channel 

associations were measured by computing the distance to the closest segmented nuclei 

(from the DAPI channel) using a Voronoi-based distance transform algorithm [84]. 

Figure 29 shows a cartoon for astrocyte root feature computation.  

Figure 29: A cartoon for computing GFAP-DAPI associations. Green circles show nuclei centers, orange 
circles show local scale estimates and arrows indicate distance to the closest nuclei. Such 
features were specially meant for capturing the salient features of astrocyte morphology 
and their association with other channels. 
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     The features were used for learning a logistic classifier with a goal of differentiating 

between root points and other interest points. Active sampling techniques were used 

for training the classifier [85]. The use of active sampling is justified because the number 

of interest points generated for each image range from thousands to tens of thousands 

depending on the image size, number of scales selected and the imaging quality and 

therefore it is very inefficient and tedious to generate sufficient manual labels for each 

class. Active sampling techniques provide a workaround for this problem by sampling 

just enough number of labels which are required to draw the classification boundary 

with a certain pre-determined confidence. Figure 30 shows the result of applying the 

classifier for root point detection. It can be derived from figure 30B that the root 

detection algorithm is thus able to select interest points which lie close to the astrocyte 

root regions. 

  Figure 30: Root detection results obtained by training a logistic classifier using active learning. The 
model trained using interest points in (A) was applied to the image shown in (B). The root 
detection algorithm is thus able to select interest points which lie close to the astrocyte 
root regions. 
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     The goal of the next step is twofold, to detect astrocyte nuclei and to detect a single 

root point (or centroid point) for each cell (to be used further for tracing). Considering 

the fact that astrocyte nuclei are present in close proximity of their roots, descriptors for 

root-point proximity, intensity, texture, shape and multi-channel associations were 

extracted for each nucleus. Among these, the root-point proximity features 

(demonstrated using a cartoon in figure 31) were specifically designed for detecting 

astrocyte nuclei. They were computed as the mean and variance of the distance of a 

nuclei center from the root points detected in the previous step. In this regard, we 

would expect astrocyte nuclei to be more closely and (possibly) uniformly surrounded 

by root points compared to nuclei of other cell types. The multi-channel associations (or 

associative features [49]) helped to quantify the amount to signal from different 

channels present in a (pre-defined) vicinity of a nucleus. Rest of the features describe 

the basic characteristics of a nuclei and are known as intrinsic features. These combined 

Figure 31: A cartoon for root-point proximity features. Orange – root points. Green – nuclei centroids. 
Blue – Neighborhood used for computing the features. These features were designed to 
capture the spatial relationship between astrocyte root regions and their nuclei. 
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set of features were used to learn a logistic classifier using active sampling. This time the 

different classes correspond to different cell types, for example, astrocytes, microglia, 

neurons, endothelial cells and others. The number of cell types selected for 

classification depends on the number of channels available in the data. The classification 

result for astrocyte nuclei is shown in figure 32. The astrocyte nuclei shown in blue can 

be seen to be detected in close proximity of the root region as expected. 

     The final part of this step is to select a single centroid (among the root points), for 

each cell. This is done by locating the closest and largest (in terms of scale) root point to 

every nucleus classified as astrocyte. This result (shown in figure 33) is used as an input 

for the tracing algorithms. 

4.5 Astrocyte Tracing 

     It is known that astrocyte cell morphology can be modeled using a tree structure with 

the root point as a centroid and arbors as branches originating from the root point. The 

centroid obtained from the previous step is used here. Considering the formidable 

challenges for tracing astrocyte structures, several approaches were tested. As a first 

approach, we tested a microglia tracing algorithm (Fast Marching (FM)-based tracer) on 

astrocyte data. In this method, a minimum spanning tree (MST) is constructed for each 

cell by adapting Prim’s algorithm for image data and using the FM technique to find the 

shortest geodesic path. Specifically, it proceeds in two steps. Step one is to push the 

interest points (generated from optimal interest point detection) in a priority queue 

based on a cost. In the second step, the algorithm mentioned in figure 35 is run, 

resulting in a tree corresponding to every cell. Figure 34 shows the result of applying this  
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20 𝝁𝒎 

Figure 32: Result of astrocyte nuclei classification. Red – astrocyte arbors. Blue – nuclei classified as 
astrocyte nuclei. The algorithm is able to identify astrocyte nuclei in spite of them having 
little or no uniform association with the arbor channel (GFAP). 

Figure 33: Final centroids detected. Centroids (in yellow) are dilated for visualization purposes (close-
up illustrates this in detail). These points are used as starting points for the tracing 
algorithm. 

50 𝝁𝒎 
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algorithm for tracing a microglia cell. In this algorithm, the cost of adding a new point to 

a branch of a tree is inversely proportional to its contribution to the curvature of the 

branch and is given by 

𝝉𝑜𝑙𝑑 = 𝟏 − 〈(�⃗⃗� 𝒏𝒆𝒘 − �⃗⃗� 𝒍𝒆𝒂𝒇), (�⃗⃗� 𝒏𝒆𝒘 − �⃗⃗� 𝑙𝑜𝑐𝑎𝑙)〉   𝒇𝒐𝒓 ‖�⃗⃗� 𝒏𝒆𝒘 − �⃗⃗� 𝒍𝒆𝒂𝒇‖ > 𝜹, (20) 

where 𝑣  is a vector pointing to the location specified in the subscript and 𝛿 is minimum 

Euclidian distance after which this cost is applied. Thus traces with smooth curvature are 

 

 

 

 

 

 

 

 

 

Initialize: queue ← {𝑟𝑜𝑜𝑡𝑠, 𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝑝𝑜𝑖𝑛𝑡𝑠} 
while  𝒒𝒖𝒆𝒖𝒆 is not empty OR 𝝉 < 𝒔𝒕𝒐𝒑𝒑𝒊𝒏𝒈𝑪𝒐𝒔𝒕 
 𝒗𝒊 = 𝒒𝒖𝒆𝒖𝒆. 𝒑𝒐𝒑() 

 Select  𝒆𝒊𝒋 such that  𝒅𝒊𝒋 = 𝐚𝐫𝐠𝐦𝐢𝐧𝒗𝒋∈𝑽𝒑\𝒗𝒊
(𝒗𝒊, 𝒗𝒋) → 𝑺𝒐𝒍𝒗𝒆𝒅 𝒖𝒔𝒊𝒏𝒈 𝑭𝑴. 

 𝝉 = 𝒈𝒆𝒕𝑷𝒂𝒕𝒉𝑪𝒐𝒔𝒕(𝒆𝒊𝒋) 

 if  𝒅𝒊𝒋 >  𝝉   

  continue  

 endif 
 𝑽𝒌 ← 𝑽𝒌 ∪ 𝒗𝒋 

 𝑬𝒌 ← 𝑬𝒌 ∪ 𝒆𝒊𝒋 

end 

  

Figure 34: Result of the FM tracing algorithm for tracing Iba-1 labeled microglia. This algorithm is 
specifically designed to trace thin fiber-like structures like microglia arbors. 

Figure 35: Pseudo-code for the FM tracing algorithm. 
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encouraged while abrupt changes are discouraged. The tracer stops when an intensity-

based accumulated cost (known as 𝑠𝑡𝑜𝑝𝑝𝑖𝑛𝑔𝐶𝑜𝑠𝑡 or 𝐶𝑠𝑡) reaches a certain per-defined 

threshold. While this may be a necessary criterion for tracing astrocytes it is not a 

sufficient one. Specifically, the existing cost function, given by equation (20) does not 

provide an explicit mechanism to discourage the traces from leaking into neighboring 

cells and therefore a new cost formulation is warranted. This is further demonstrated by 

applying this algorithm to tracing astrocytes with different values of  𝐶𝑠𝑡 as shown in 

figure 36. From the figure, it is evident that as  𝐶𝑠𝑡 increases from figure 36A to 36C, the 

traces increasingly leak into the neighboring cells. 

     In an attempt to improve upon the limitations of the FM tracer, we modified its cost 

function by adding features specific to the astrocyte arbor morphology. Specifically, we 

know that astrocyte arbors are characterized by the following: a gradual monotonic 

decrease in thickness (as one moves away from the root), very smooth variation in 

curvature, gradual change from a vessel like structure to a thin hair-like fiber, extensive 

A B C 
𝑪𝒔𝒕 = 𝟐𝟎𝟎 𝑪𝒔𝒕 = 𝟒𝟎𝟎 𝑪𝒔𝒕 = 𝟔𝟎𝟎 

Figure 36: Results of the FM tracing algorithm for different values of 𝐶𝑠𝑡. The trace tree for every cell is 
randomly color coded. As 𝐶𝑠𝑡 increases from (A) to (C), it is evident that the traces 
increasingly leak into the neighboring cells. The tracer was initialized with six root points 
corresponding to each cell. The FM tracing algorithm is not directly suitable for tracing 
astrocyte arbors. 
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fiber lengths when hypertrophied and complex interconnections with vasculature and 

other cell types. The cost function was reformulated accordingly to include these cues. 

This new cost function includes a cost for curvature, scale, vesselness, saliency, length 

and distance to the nearest vessel and is given by 

𝝉𝒏𝒆𝒘 = (𝝉𝒔𝒄 + 𝝉𝑠𝑎𝑙 + 𝝉𝒗𝒆𝒔𝒔𝒆𝒍 + 𝝉𝒄𝒖𝒓𝒗 + 𝝉𝒍𝒆𝒏𝒈𝒕𝒉 + 𝜏𝑑𝑣𝑒𝑠𝑠𝑒𝑙)  (21a) 

𝒇𝒐𝒓 �⃗⃗� 𝒊 = �⃗⃗� 𝒏𝒆𝒘 − �⃗⃗� 𝒍𝒆𝒂𝒇, �⃗⃗� 𝒋 = �⃗⃗� 𝒏𝒆𝒘 − �⃗⃗� 𝒓𝒐𝒐𝒕, ‖�⃗⃗� 𝒊 − �⃗⃗� 𝒋‖ ≥ 𝜹 𝒂𝒏𝒅 𝝃 ∈ 𝑻𝒌,  (21b) 

where 𝜉 is proportional to the path length from the destination node to the root node 

of the tree under consideration, 𝑇𝑘. The scale-based cost discourages large changes in 

scale and is given by 

𝝉𝒔𝒄 = 𝟏 −
𝟏

𝜉
∑ |𝒗𝒊𝒔𝒄 − 𝒗𝒋𝒔𝒄|𝒊,𝒋∈𝝃 .   (22) 

Similarly, saliency-based (derived using the saliency of sphere fitting) cost and the 

vesselness–based cost discourage tracing in areas of low saliency and vesselness 

respectively and are given by 

𝝉𝑠𝑎𝑙 = 𝟏 −
𝟏

𝜉
∑ 𝒗𝒊𝑠𝑎𝑙

∗ 𝒗𝒋𝑠𝑎𝑙𝒊,𝒋∈𝝃    (23) 

and 

𝝉𝒗𝒆𝒔𝒔𝒆𝒍 = 𝟏 −
𝟏

𝜉
∑ 𝒗𝒊𝒗𝒆𝒔𝒔𝒆𝒍

∗ 𝒗𝒋𝒗𝒆𝒔𝒔𝒆𝒍𝒊,𝒋∈𝝃 .  (24) 

The curvature-based cost discourages abrupt changes in curvature and is given by 

𝝉𝒄𝒖𝒓𝒗 = √
𝟏

𝜉
∑ 𝐜𝐨𝐬−𝟏〈�⃗⃗� 𝒊, �⃗⃗� 𝒋〉 − 𝝁𝜽𝒊,𝒋∈𝝃 ,  (25) 

where 𝜇𝜃 is the mean included angle between successive traces. The length-based cost 

is used to discourage the tracer from wandering into the background and is given by 
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𝝉𝒍𝒆𝒏 =
𝜉

𝚪
,       (26) 

where Γ is the maximum allowable length of a single trace. Finally the distance to vessel 

based cost discourages complex traces close to the vessel. This cost is used whenever 

the vessel channel is available and is given by 

𝝉𝑑𝒗𝒆𝒔𝒔𝒆𝒍 = 𝟏 − 𝜹𝑑𝒗𝒆𝒔𝒔𝒆𝒍.     (27) 

Figure 37 illustrates the result of applying the new cost function within the FM tracing 

framework. It is evident that, the new cost function is able to discourage the traces to 

some extent from leaking into adjacent cells and background regions. However, the 

leakages cannot be completely avoided due to dependence on intensity-based gradients 

which are sensitive to noise. Other inherent limitations of the FM tracer include its 

dependence on the parameter, 𝐶𝑠𝑡 which is sensitive to image quality and its use of 

priority queuing which limits the scaling capacity of the algorithm. 

     Considering the aforementioned issues with the FM-based tracer, we propose a GA-

based (LPP) tracer which is an improvement over the vessel tracing work in [83]. We 

 

 

 

 

 

 

  

Figure 37: Results of the FM tracing algorithm with the new cost metric for different values of 𝐶𝑠𝑡. 
Compared to the earlier results, the new cost metric is able to discourage the traces to a 
certain extent from leaking into neighboring cells. However, the result is still heavily 
dependent on the stopping cost. 

A B C 
𝑪𝒔𝒕 = 𝟒𝟎𝟎 𝑪𝒔𝒕 = 𝟐𝟎𝟎 𝑪𝒔𝒕 = 𝟔𝟎𝟎 
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improve upon those ideas by adapting the algorithm for tracing of astrocyte arbors. The 

basic steps involved in astrocyte tracing are as follows: 

     Initial population: This is generated by detecting optimal interest points (nodes) as 

described before. Weak interest points are eliminated based on a standard likelihood 

cost [83]. 

     Fitness function: A secondary population is generated at this stage using the ODFs 

[83]. The cost for generating new population is based on the detailed characteristics of 

astrocyte arbors (similar to the modified FM tracer cost) and is given by 

𝝉𝑳𝑷𝑷 = 𝝉𝒄𝒖𝒓𝒗𝒂𝒕𝒖𝒓𝒆 + 𝝉𝒗𝒆𝒔𝒔𝒆𝒍 

+𝝉𝒍𝒆𝒏𝒈𝒕𝒉(𝝉𝒐𝒅𝒇 + ∑ − 𝒍𝒐𝒈𝒗𝒊𝒍𝒊𝒌𝒆𝒍𝒊𝒉𝒐𝒐𝒅
−𝒍𝒐𝒈𝒗𝒊𝒗𝒆𝒔𝒔𝒆𝒍𝒏𝒆𝒔𝒔

− 𝒍𝒐𝒈𝒗𝒊𝒄𝒆𝒏𝒕𝒆𝒓𝒍𝒊𝒏𝒆
+ ∆𝒊𝒔𝒄𝒂𝒍𝒆𝒊∈𝝃 ),(28) 

where all component costs have same formulations as given in equations (21) through 

(27). Additionally, the cost function for this tracer also includes a component which is 

proportional to the value of the centerline estimate, 𝑣𝑖𝑐𝑒𝑛𝑡𝑒𝑟𝑙𝑖𝑛𝑒
. 

     Trace selection: The cost mentioned in equation (28) is locally accumulated for all 

nodes belonging to a single cell and globally for all the unlabeled nodes. Tracing for each 

cell is propagated in parallel. To this end, 𝑁 + 1 threads are used where 𝑁 is the 

number of cells to be traced in the image. One thread is reserved for each cell and all 

the unlabeled population of interest points at any given time is managed using a single 

thread. A combined history of past traces and their labels is maintained using a suitable 

data structure. 
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     Trace merging: In this step, traces are merged and relabeled when hit by another 

labeled or unlabeled trace. As time progresses, more and more nodes turn from the 

unlabeled thread to the labeled threads. 

     Termination: The tracing stops when adding new points no longer adds significantly 

to the global fitness or when the maximum number of iterations is reached. 

     The LPP tracing algorithm is demonstrated using a flowchart in figure 38. Figure 39 

shows a preliminary result of the GA tracer in comparison with the modified FM tracer. 

Ovals in figure 39A indicate the areas where the FM tracer has leaked into adjacent cells 

or background under optimal parameter settings whereas figure 39B shows that the GA 

tracer is able to avoid such errors. 

 

 

 

 

 

 

 

 

 

 

  
     Figure 38: Overview of the GA-based tracing method. This method, which has been originally 
proposed for tracing vessels was reformulated to suit the requirements of tracing astrocyte arbors. 
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Figure 39: Results for the modified FM tracer (𝐶𝑠𝑡 = 400) (A) and the GA tracer (B). In (B), colors 
indicate trees corresponding to each cell (also indicated using numbers 1-6) which were 
traced in parallel along with other unlabeled traces. Same applies to (A). Both the tracers 
were run with the same initial centroids (six, corresponding to each cell). Yellow ovals in 
(A) indicate the areas where the FM tracer has leaked into adjacent cells or background 
under optimal parameter settings. The result in (B) shows that the new tracer is able to 
avoid such errors (inset 3-D rendering of cell number 2, further illustrates this point). 
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4.6 Results and Validation 

     The primary technique used for validation of different parts of the astrocyte analysis 

pipeline is edit-based validation. Specifically, for validating astrocyte cell classification, 

the NucleusEditor software, which is a part of the FARSIGHT toolkit [86], was used by a 

biomedical expert to count the number of errors. An accuracy measure was derived 

using this count, as given by 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑜𝑡𝑎𝑙 # 𝑐𝑒𝑙𝑙𝑠
,    (29) 

where 𝑇𝑃 stands for true positives, 𝐹𝑃 stands for false positives and 𝑇𝑁 stands for true 

negatives. Across 15 datasets, the average accuracy for astrocyte nuclei classification 

was found to be 98.8%. Detailed plot for accuracy for the different datasets is shown in 

figure 40. The datasets used in this analysis were obtained from the Behavioral 

Neuroscience Lab (Dr. Leasure) at the University of Houston, TX. 

 

 

 

 

 

 

 

 

 

  

Figure 40: Accuracy measurement for astrocyte nuclei detection. The average accuracy was found 
to be 98.8%. 
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     A through performance analysis of an algorithm typically involves testing on datasets 

acquired under independent imaging settings. To this end, we tested our algorithm 

using 3-D multiplexed confocal data, which was independently acquired at the Center 

for Integrative Brain Research, University of Washington, WA. Across three datasets, the 

precision and recall rate for astrocytes were found to be 83.8% and 95.8% respectively. 

Separate validation was performed for the root detection method. The precision and 

recall rates were found to be 95.0% and 89.3% respectively. These results and figure 40 

demonstrate that the performance of the astrocyte root detection and nuclei 

classification is satisfactory across multiple datasets. Corresponding results for some of 

the challenging datasets are shown in figure 41 and 42. Overall, these results 

demonstrate that the proposed methods are able to successfully overcome the 

previously mentioned challenges in astrocyte root detection and nuclei classification. 

     Edit-based validation was used for validating the astrocyte arbor tracing result as 

well. To this end, the TraceEditor software [87] was modified. The original software was 

developed for visualization and editing of tree-based morphologies such as those 

resulting from tracing of microglial cells. The data structure was improved in order to 

support graph-based structures and user-friendly editing functions were added for 

adding and deleting vessel segments to the traced data. Using this method, the number 

(and type) of edits required to reach a satisfactory accuracy were counted. The types of 

edits were restricted to, i) adding a missing segment and ii) deleting a false segment. In 

this way, edit-based validation helped to establish the relative accuracy of the tracing 

methods in a relatively short time frame compared to the traditional method of making  
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50 𝝁𝒎 

Figure 41: Results for astrocyte root detection (A) and nuclei classification (B) on a dataset with multi-
scale root structures. The proposed method is robust to the typical variegatedness found in 
the structure of astrocyte root regions. 
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50 𝝁𝒎 

Figure 42: More results for astrocyte root detection (A) and nuclei classification (B). 
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comparisons with manually created ground truth. Percentage missing segments were 

defined as the ratio of the number of segments added during editing to the total 

number of segments whereas percentage false segments was defined as the ratio of the 

number segments deleted to the total number of segments. We compared the 

performance of FM and GA tracing algorithms using this technique. Across 12 datasets, 

the average missing segments for the FM and GA method were found to be 20.8% and  

Figure 43: Comparative results of the FM and GA tracing methods showing percentage missing 
segments (A) and percentage false segments (or jumps) (B). On average, the GA method 
was found to outperform the FM method. 
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Figure 44: Comparative visual results for the FM (A) and the GA (B) tracing methods. Ovals highlight 
some of the areas where the proposed method outperformed FM. Enlarged figures in 
panels (1) and (2) illustrate areas where the proposed tracer could successfully avoid 
merging with neighboring cells whereas the FM tracer could not. 
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17.7% respectively while the average false segments were found to be 9. 0% and 3.2% 

respectively. Detailed comparative results shown in figure 43 demonstrate the superior 

performance of the GA method (LPP). This is visually confirmed by figures 44 and 45. 

Specifically, ovals in these figures illustrate examples where the proposed tracer is able 

to avoid leaking into neighboring cells and is also able to trace cells which are missed by 

the FM method. Overall, these results demonstrate that the proposed method is able to 

overcome the previously mentioned challenges in astrocyte tracing. 

4.7 Chapter Summary 

     This chapter presented the various methods involved in astrocyte reconstruction in 

detail. A coverage-based idea was used for detecting seed points in images with varying 

contrast. This was followed by the root analysis for detection of astrocyte nuclei. Finally 

the tracing was performed using a GA-based parallel tracing algorithm. The root analysis 

and tracing methods were evaluated using edit-based validation. We demonstrated the 

application of the proposed approach by running it on a large number of images (about 

650). Accuracy measurements for root analysis and tracing were found to be 

satisfactory.  
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Figure 45: More comparative visual results for the FM (A) and the GA (B) tracing methods. Ovals 
highlight some of the areas where the proposed method outperformed FM. Enlarged 
figures in panels (1-3) highlight areas where the proposed tracer could successfully avoid 
merging with neighboring cells compared to the FM tracer. Oval (4) demonstrates the 
ability of the proposed tracer to trace additional cells which are missed by FM. 
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Chapter 5 

OCT Vessel Reconstruction 

5.1 Introduction 

     This chapter describes various steps involved in the OCT vessel reconstruction 

pipeline, which is mainly comprised of: anomaly detection and sparse reconstruction. 

Flowchart for this pipeline is illustrated in figure 46. The following sections will explain 

each of them in detail. 

5.2 Speckle Anomaly Detection 

     Recalling from speckle OCT literature, we know that dynamic scatterers (moving 

parts, including blood) have faster decorrelation compared to static scatterers 

(stationary parts, including background). As evident from the data, blood vessels are 

typically very small and rare compared to other tissue structures and background. 

Therefore, the time-domain blood signal can be treated as a target or an anomaly and 

everything else can be treated as background. 

     Anomaly detection has been traditionally applied in the area of hyperspectral image 

processing [88]. Figure 47 shows one such example where thermal hotspots are 

detected as anomalies in hyperspectral data. Anomaly detection algorithms are typically 

used when no prior information about the spectrum of the signal is available. Such is 

indeed the case with time domain OCT data, since (as shown earlier) signal is non-

linearly embedded in noise. For the purpose of applying anomaly detection, we consider 

the number of spectral components equal to the number of samples obtained at each 

point.  
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     The Reed-Xiaoli (RX) algorithm [89] is a benchmark method for anomaly detection in 

hyperspectral images. In RX, the hyper-spectral data is modeled as a Gaussian non-

stationary multivariate random process with a space-varying mean and covariance 

matrix. We adapt this algorithm for detecting anomalies (blood signal) in OCT data. 

Specifically, the anomaly detection (AD) method computes a weighted sum of the 

squared Mahalanobis distance between the target signal and its local background and  

Figure 47: A false-color hyperspectral image of the WTC (A). Location of thermal hotspots used as 
ground truth for validating the RX result (B) with arrows indicating the anomalies present. 
Anomalies detected by the RX algorithm are circled in (C) (Source: [88]). Anomaly 
detection has been classically applied in hyperspectral imagery to detect anomalies under 
different settings. 

Figure 46: Overview of the methods for OCT vessel reconstruction. The proposed approach combines 
speckle variance with anomaly detection for detecting blood vessels and refines the vessel 
reconstruction using sparse reconstruction. 
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the speckle variance of the target signal (across time). This AD metric is given by 

𝑺𝑨𝑫(𝒙) ≡ 𝒅(𝒙,𝑵(𝒙)) = 𝜶(
(𝒙−𝝁𝒙)

𝑻𝜮𝒙
−𝟏(𝒙−𝝁𝒙)

𝟏−
𝟏

𝑵𝑷
(𝒙−𝝁𝒙)𝑻𝜮𝒙

−𝟏(𝒙−𝝁𝒙)
)

𝟐

+ 𝜷
𝟏

𝑳
∑ (𝒙𝒊 − 𝝁𝒙)

𝟐𝑳
𝒊=𝟎 , (30) 

where 𝛼 and 𝛽 are weights which lie between 0 and 1, 𝑁𝑃 is the total number of voxels 

in a patch of the image with mean 𝜇𝑥 covariance 𝛴 and center pixel value 𝑥 and 𝐿 is the 

number of B-scans at the same location. 

5.3 Sparse Reconstruction 

     Anomaly detection methods (such as the one used in this work) are not specifically 

designed for reconstructing tubular structures. Since the AD method derives pixel-wise 

estimates, the reconstruction does not result into smooth vessel surfaces. Additionally, 

pixel-level singularities may be detected as anomalies in some cases. Therefore a post-

processing method tailor-made for vessel-like structures is required for obtaining a 

smooth reconstruction result. In this regard, we applied a parametric dictionary of 3-D 

solid cylinders at multiple scales and orientations, to obtain a smooth reconstruction, 

𝑆𝑆𝐴𝐷. 

5.4 Results and Validation 

     The proposed algorithm was applied to OCT images of live mouse embryos. Figure 48 

shows the vessel reconstruction results on a E 8.5 dataset wherein figures 48A and 48B 

depict the 3-D reconstructed vasculature using the SV and SSAD methods respectively. A 

side-view rendering of SV and SSAD results respectively is shown in figures 48(C-F). 

Arrowheads point to locations where the proposed method is able to detect vessel 

segments which are partially or completely missed by SV. Solid arrows indicate locations  
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where SSAD results in higher quality reconstruction compared to SV, in terms of 

continuity and smoothness of the vessel structures. Dashed arrows highlight locations 

where SSAD is able to minimize the artifacts arising from BTM, in comparison with SV.  

C D

E F

G

Figure 48: Demonstrating the 3-D vessel reconstruction results on a dataset at E 8.5. (A) A 3-D rendering 
of the SV result. (B) SSAD result rendered with the same specifications. Scale bars in (A, B) 
correspond to 500 𝜇𝑚. (C, D) A side-view rendering of SV and SSAD results respectively. (E, F) 
Another side-view rendering of SV and SSAD results respectively. Scale bars in (C-F) 
correspond to 250 𝜇𝑚. Arrowheads point to locations where the proposed method is able to 
detect vessel segments which are partially or completely missed by SV. Solid arrows indicate 
locations where SSAD results in higher quality reconstruction compared to SV, in terms of 
continuity and smoothness of the vessel structures. Dashed arrows highlight locations where 
SSAD is able to minimize the artifacts arising from BTM, in comparison with SV. (G) Intensity 
profile corresponding to the dashed line in (A, B). The relative magnitudes of local maxima in 
these plots demonstrate that the proposed method provides high contrast reconstruction of 
blood vessels compared to SV. Overall, figure illustrates the comparative improvements 
resulting from SSAD reconstruction. 
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Figure 49: Demonstrating the 3-D vessel reconstruction results on a dataset at E 9.0. (A) A 3-D 
rendering of the SV result. (B) SSAD result rendered with the same specifications. Scale 
bars in (A, B) correspond to 250 𝜇𝑚. (C, D) A side-view rendering of SV and SSAD results 
respectively. (E, F) Another side-view rendering of SV and SSAD results respectively. Scale 
bars in (C-F) correspond to 100 𝜇𝑚. Arrowheads point to locations where the proposed 
method is able to detect vessel segments which are partially or completely missed by SV. 
Solid arrows indicate locations where SSAD results in higher quality reconstruction 
compared to SV, in terms of continuity and smoothness of the vessel structures. Dashed 
arrows highlight locations where SSAD is able to minimize the artifacts arising from BTM, in 
comparison with SV. (G) Intensity profile corresponding to the curve in (A, B). The relative 
magnitudes of local maxima in these plots demonstrate that the proposed method 
provides high contrast reconstruction of blood vessels compared to SV. Overall, figure 
illustrates comparative improvements resulting from SSAD reconstruction. 
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Figure 48G shows the intensity profile corresponding to the dashed line in figure 48(A, 

B). The relative magnitudes of local maxima in these plots demonstrate that the 

proposed method provides high contrast reconstruction of blood vessels compared to 

SV. Overall, figure illustrates the comparative improvements resulting from SSAD 

reconstruction. Similar results on a E 9.5 dataset are shown in figure 49. 

     Figure 50 summarizes the comparison between SSAD and SV reconstructions using 

confocal data as the baseline. To this end, figure 50A shows the maximum intensity 

projection of the confocal image of a E9.0 yolk sac in which the vessels are labeled using 

a membrane targeted fluorescent protein, mCherry. The arterial section of the yolk sac, 

as indicated by the box, is expanded in figure 50B, wherein it is aligned for facilitating 

comparisons with the corresponding SV figure 50C and SSAD figure 50D reconstructions. 

The corresponding vessel segments in figure 50 (B-D) are marked with the same color. 

The red arrows in figure 50 (B-D) point to the vessel segments that are detected by SSAD 

but are partially or completely missed by SV, whereas the white arrows indicate 

segments that are reconstructed with a comparatively higher contrast. The 

corresponding locations for these segments, as marked in figure 50B, indicate that these 

structures in figure 50D indeed correspond to vessel segments (dashed lines) that are 

visible in the confocal data. Figure 50 thus corroborates the ability of the SSAD 

algorithm to detect valid vessel segments that might be missed or weakly reconstructed 

by current state-of-the-art methods such as SV. This is further confirmed by evaluating 

the SV, SSAD and confocal images using a standard active-contour based tracing 

algorithm (44). To this end, figure 51 shows a sample result obtained after applying this  
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algorithm to the SSAD output, wherein the vessel centerlines estimated by the active-

contour based tracing algorithm [71] are shown in yellow. Based on application of the 

tracing algorithm, figure 52 compares the number of detected segments for SV, SSAD  

B

A 

500 𝝁𝒎 

C 

D 

Figure 50: Comparison of SSAD reconstruction result with corresponding confocal data. (A) Maximum 
intensity projection of the confocal image of E 9.0 embryo (Fig. 3). Highlighted region 
corresponds to the part of the yolk sac which is imaged using OCT. (B) Cropped section 
corresponding to the highlighted region in (A). (C) A 3-D rendering of the SV result. (D) A 3-
D rendering of the SSAD reconstruction result. Scale bars in (C, D) correspond to 250 𝜇𝑚. 
Corresponding vessel segments in (B-D) are highlighted with the same color. Red arrows in 
(C, D) point to the vessel segments which are detected by SSAD but are partially or 
completely missed by SV, while white arrows indicate the segments which are 
reconstructed with a comparative higher quality. Corresponding locations, as pointed in 
(B), confirm that these structures indeed correspond to vessel segments (dashed lines) 
which are present in the confocal data. Figure validates the ability of the proposed method 
to perform robust detection of blood vessels from OCT data. 
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and confocal images. As shown in figure 52 for a sample dataset, the tracing algorithm 

could detect more vessel segments in the SSAD image compared to SV image due to the 

higher reconstruction quality of the prior. Additionally, tracing of the corresponding 

area from the confocal image resulted in the detection of a relatively large number of 

vessel segments which include the segments missed by both SV and SSAD 

reconstructions due to the resolution limits of OCT. Figure 52 thus quantifies the 

aforementioned improvements resulting from the SSAD reconstruction. 

In addition to the tracing-based quantification, we employ the standard multi-scale 

“vesselness” metric (Eq. 16 - 19) to provide a global morphological measure for vessel 

reconstruction quality. Figure 53 summarizes the vesselness values for SSAD and SV 

reconstruction for 𝑁 = 6 datasets. It can be noticed that, the SSAD reconstruction 

resulted in an overall higher vesselness value (0.8± 0.09) compared to SV (0.6 ± 0.2), 

 

 

 

 

 

 

 

  

Figure 51: Demonstrating the result of applying an active contour-based tracing algorithm on the SSAD 
reconstruction of a E 9.0 dataset. Yellow lines correspond to the centerlines detected by the 
algorithm. Scale bar corresponds to 250 𝜇𝑚. The tracing result is used in subsequent 
analysis to count the number of vessel segments and can facilitate the computation of rich 
morphological measurements for quantifying embryonic yolk sac vasculature. 
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indicating an overall higher reconstruction quality. 

     Our results demonstrate that SSAD has significant advantages over the state-of-the-

art SV method. Specifically, SSAD is able to reconstruct some of the vessel segments 

that are partially missed or weakly reconstructed by SV while providing an overall high- 

quality reconstruction, in terms of the smoothness, continuity and contrast of the vessel 

structures. Additionally, the SSAD reconstruction also results in minimization of artifacts 

arising due to BTM. While this encouraging, it should also be noted that SSAD is a 

computationally expensive method due to the analysis of a large neighborhood region 

around every pixel. Specifically, the SSAD run-time for a representative dataset is ~6 

hours compared to SV which takes ~2 hours on the same dataset. In order to address 

this concern, the SSAD method has been implemented with contemporary multi-core  

Figure 52: Comparing the number of vessel segments in SV, SSAD and confocal images as detected by 
an active-contour based tracing algorithm using optimal parameter settings. As expected, 
the algorithm could detect more number of vessel segments in SSAD (376) compared to SV 
(348) due to the higher reconstruction quality. Additionally, tracing of the corresponding 
area from confocal image resulted in the detection of a relatively large number of vessel 
segments (888) which include the segments which are missed by both SV and SSAD due to 
the resolution limits of OCT. 
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computers in mind, and with increasing availability of computing cores, this limitation 

will be easily overcome. 

5.5 Chapter Summary 

     This chapter presented the details for various methods involved in vessel 

reconstruction from OCT images. Anomaly detection was combined with speckle 

variance for differentiating between speckle due to blood and that from other sources. 

Followed by this, a parametric dictionary was applied to smooth the reconstruction 

result. The quality of reconstruction, as measured using the vesselness metric was found 

to be satisfactory over datasets from both E 8.5 and E 9.5 groups. 

  

Figure 53: Quantification of the overall reconstruction quality of the SSAD and SV images (𝑁 = 6) 
using the vesselness metric. Vesselness value provides a global morphological measure for 
vessel reconstruction quality. Higher values are better. SSAD reconstruction resulted in a 
higher vesselness (0.8± 0.09) compared to SV (0.6 ± 0.2), indicating overall higher 
reconstruction quality. 
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Chapter 6 

Conclusions and Future Work 

6.1 Conclusions 

     This thesis presented a framework for automated reconstruction of tube-like 

structures from biological images. Specifically, robust and comprehensive methods were 

developed for reconstruction of astrocyte arbors from 3-D confocal images and blood 

vessels from 4-D OCT data. 

     Astrocyte arbor reconstruction was performed using a novel two-step approach. The 

first step involved using machine-learning for detecting astrocyte nuclei. The detection 

accuracy was found to be 98.8% on datasets acquired at multiple independent 

laboratories. The ability to accurately localize astrocyte (GFAP positive) nuclei from 

GFAP and DAPI images is one of the unique contributions of the proposed approach. 

Step two consisted of a parallel GA-based reconstruction method. The error rate for this 

method was found to be 3.2% compared to the FMM tracer which had an error rate of 

9.0%. Furthermore, large number of morphological features were computed from the 

arbor tracing result which provide the input for exploratory clustering algorithms. This is 

in contrast to the prior work in astrocyte analysis [44], [46], [47], [51], which primarily 

deals with generating global metrics of GFAP expression using simple image processing 

methods. Results indicate that the proposed method can facilitate accurate 

quantification of astrocyte cell nuclei and reconstruction of the cell arbors on big 

datasets. Finally, the proposed method was integrated into the FARSIGHT toolkit which 

facilitates its large-scale distribution and application in order to effectively contribute in 
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the critical understanding of the role of astrocytes in brain development, physiology and 

pathology. To the best of our knowledge, this is a first method reported for 

comprehensive analysis of GFAP-stained astrocyte images. 

     For OCT vessel reconstruction, a novel anomaly detection-based method was 

proposed which improves upon the speckle variance method [21], by enhancing the 

reconstruction quality for small blood vessels and blood vessels in low SNR areas in the 

image. Additionally, the proposed method also involved sparse reconstruction using a 

pre-defined parametric dictionary for obtaining a smooth 3-D reconstruction for blood 

vessels. Application of the dictionary also resulted in elimination of singularities and 

discontinuities which may be present the anomaly detection result. Additionally, the 

proposed method is also able to minimize artifacts arising due to BTM. The proposed 

method lead to an overall higher vesselness (0.8± 0.09) compared to SV (0.6 ± 0.2). 

Results indicate that the proposed method provides a high-quality 3-D reconstruction of 

embryonic yolk sac vasculature. This is especially so for E 8.5 data which tends to have a 

lower SNR compared to E 9.5, due to having lower number of well-formulated blood 

vessels. Finally, we computed a comprehensive set of multi-scale features for 

quantifying differences in vascular networks. Overall, this forms a novel framework for 

robust reconstruction of blood vessels from OCT data and has a substantial potential in 

advancing the image-based quantitative aspects of embryonic yolk sac vascular 

development and thereby in understanding its relationship with congenital heart 

defects. 
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6.2 Future Work 

     Following future directions are proposed for the work presented in this thesis. For 

the astrocyte analysis module, using an astrocyte basal marker such as S100B [93] can 

help in improving the root detection accuracy by providing for additional associative 

measures. Along similar lines, an end-feet marker such as aquaporin-4 [93] can help to 

accurately localize and quantify cell-cell and cell-vessel connections for astrocytes. For 

vessel reconstruction module, the AD-based reconstruction method can be enhanced by 

using a shape adaptive anomaly detector. This will be specifically useful for analysis of 

longitudinal vascular datasets across multiple embryonic days. 

 

 

 

 

 

 

 

 

 

 

     An efficient batch-editing software tool is desirable for facilitating user-friendly 

editing of the tracing results. This will help in correction of tracing errors which 

inevitably result from the application of any generic tracing method. To this end, figure 

Figure 54: Semi-automated editing of the tracing result. (A) Result of the vessel tracing algorithm on a 
3-D confocal vascular image (rendered using perspective projection) (green). Blue lines are 
the traced centerlines. (B) Suggested edits (yellow) for the traces shown in (A) derived 
using the game-theoretic approach. The user will only be asked to delete the falsely 
identified gaps. 

A B 
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54 demonstrates preliminary work in this direction. A semi-automated editing algorithm 

was developed based on evolutionary game theoretic principles [94]–[99]. Figure 54A 

shows vessel tracing results on a sample dataset while suggested edits (in yellow) are 

shown in figure 54B. Further refinement of this approach will help to reduce the amount 

of edits required by the user and also in achieving efficient edit-based validation. 

  



71 
 

References 

[1] A. Verkhratsky and A. Butt, Glial Neurobiology. John Wiley & Sons, 2007. 

[2] M. Sidoryk-Wegrzynowicz, M. Wegrzynowicz, E. Lee, A. B. Bowman, and M. 

Aschner, “Role of Astrocytes in Brain Function and Disease.,” Toxicol. Pathol., vol. 

39, no. 1, pp. 115–23, Jan. 2011. 

[3] A. V Molofsky, R. Krenick, E. Ullian, H. Tsai, B. Deneen, W. D. Richardson, B. A. 

Barres, and D. H. Rowitch, “Astrocytes and Disease: A Neurodevelopmental 

Perspective.,” Genes Dev., vol. 26, no. 9, pp. 891–907, May 2012. 

[4] J. X. Wilson, “Antioxidant Defense of the Brain : A Role for Astrocytes,” Can. J. 

Physiol. Pharmacol., vol. 1163, pp. 1149–1163, 1997. 

[5] M. R. Hernandez, “The Optic Nerve Head in Glaucoma: Role of Astrocytes in 

Tissue Remodeling,” Prog. Retin. Eye Res., vol. 19, no. 3, pp. 297–321, May 2000. 

[6] M. López-Hidalgo and J. Schummers, “Cortical Maps: A Role for Astrocytes?,” 

Curr. Opin. Neurobiol., vol. 24C, pp. 176–189, Jan. 2014. 

[7] Y. Li, Z. Liu, H. Xin, and M. Chopp, “The Role of Astrocytes in Mediating Exogenous 

Cell-based Restorative Therapy for Stroke,” Glia, vol. 62, no. 1, pp. 1–16, Jan. 

2014. 

[8] T. Kang, D. Kim, S. Kwak, J. Kim, M. H. Won, D. Kim, S. Choi, and O. Kwon, 

“Epileptogenic Roles of Astroglial Death and Regeneration in the Dentate Gyrus of 

Experimental Temporal Lobe Epilepsy,” Glia, vol. 271, no. May, pp. 258–271, 

2006. 



72 
 

[9] C. Fages, G. Le Prince, M. Didier-Bazes, B. Rolland, H. Hardin, and M. Tardy, “Long-

term Astroglial Reaction to Serotonergic Fiber Degeneration,” Brain Res., vol. 639, 

no. 1, pp. 161–6, Mar. 1994. 

[10] C. Girardet, B. Lebrun, M.-J. Cabirol-Pol, C. Tardivel, A.-M. François-Bellan, D. 

Becquet, and O. Bosler, “Brain-derived Neurotrophic Factor/TrkB Signaling 

Regulates Daily Astroglial Plasticity in the Suprachiasmatic Nucleus: Electron-

microscopic Evidence in Mouse,” Glia, vol. 61, no. 7, pp. 1172–7, Jul. 2013. 

[11] H. Tanigami, T. Okamoto, Y. Yasue, and M. Shimaoka, “Astroglial Integrins in the 

Development and Regulation of Neurovascular Units,” Pain Res. Treat., Jan. 2012. 

[12] U. Pannasch, M. Derangeon, O. Chever, and N. Rouach, “Astroglial Gap Junctions 

Shape Neuronal Network Activity,” Commun. Integr. Biol., vol. 5, no. 3, pp. 248–

254, 2012. 

[13] J. R. Gee and J. N. Keller, “Astrocytes: Regulation of Brain Homeostasis via 

Apolipoprotein E,” Int. J. Biochem. Cell Biol., vol. 37, no. 6, pp. 1145–50, Jun. 

2005. 

[14] M. V Sofroniew, “Molecular Dissection of Reactive Astrogliosis and Glial Scar 

Formation,” Trends Neurosci., vol. 32, no. 12, pp. 638–47, Dec. 2009. 

[15] R. Kanski, M. E. van Strien, P. van Tijn, and E. M. Hol, “A Star is Born: New Insights 

into the Mechanism of Astrogenesis,” Cell. Mol. Life Sci., vol. 71, no. 3, pp. 433–

47, Feb. 2013. 



73 
 

[16] A. S. Falcão, R. F. M. Silva, A. R. Vaz, C. Gomes, A. Fernandes, A. Barateiro, C. 

Tiribelli, and D. Brites, “Cross-Talk Between Neurons and Astrocytes in Response 

to Bilirubin: Adverse Secondary Impacts,” Neurotox. Res., 2013. 

[17] E. A. Bushong, M. E. Martone, Y. Z. Jones, and M. H. Ellisman, “Protoplasmic 

Astrocytes in CA1 Stratum Radiatum Occupy Separate Anatomical Domains.,” J. 

Neurosci., vol. 22, no. 1, pp. 183–92, Jan. 2002. 

[18] J. Morrens, W. Van Den Broeck, and G. Kempermann, “Glial Cells in Adult 

Neurogenesis.,” Glia, vol. 60, no. 2, pp. 159–74, Feb. 2012. 

[19] A. S. Go, D. Mozaffarian, V. L. Roger, E. J. Benjamin, J. D. Berry, W. B. Borden, D. 

M. Bravata, S. Dai, E. S. Ford, C. S. Fox, S. Franco, H. J. Fullerton, C. Gillespie, S. M. 

Hailpern, J. A Heit, V. J. Howard, M. D. Huffman, B. M. Kissela, S. J. Kittner, D. T. 

Lackland, J. H. Lichtman, L. D. Lisabeth, D. Magid, G. M. Marcus, A. Marelli, D. B. 

Matchar, D. K. McGuire, E. R. Mohler, C. S. Moy, M. E. Mussolino, G. Nichol, N. P. 

Paynter, P. J. Schreiner, P. D. Sorlie, J. Stein, T. N. Turan, S. S. Virani, N. D. Wong, 

D. Woo, and M. B. Turner, “Heart Disease and Stroke Statistics--2013 Update: A 

Report from the American Heart Association,” Circulation, vol. 127, no. 1, pp. e6–

e245, Jan. 2013. 

[20] B. Källén, “Cardiovascular Defects,” Epidemiol. Hum. Congenit. Malformations, 

2014. 

[21] N. Sudheendran, S. H. Syed, M. E. Dickinson, I. V. Larina, and K. V. Larin, “Speckle 

Variance OCT Imaging of the Vasculature in Live Mammalian Embryos,” Laser 

Phys. Lett., vol. 8, no. 3, pp. 247–252, Mar. 2011. 



74 
 

[22] D. Huang, E. A. Swanson, C. P. Lin, J. S. Schuman, W. G. Stinson, W. Chang, M. R. 

Hee, T. Flotte, K. Gregory, C. A. Puliafito, and J. G. Fujimoto, “Optical Coherence 

Tomography,” Am. Assoc. Adv. Sci., vol. 254, no. 5035, pp. 1178–1181, 1991. 

[23] C. P. Fleming, J. Eckert, E. F. Halpern, J. A Gardecki, and G. J. Tearney, “Depth 

Resolved Detection of Lipid using Spectroscopic Optical Coherence Tomography,” 

Biomed. Opt. Express, vol. 4, no. 8, pp. 1269–84, Jan. 2013. 

[24] C. Magnain, J. C. Augustinack, M. Reuter, C. Wachinger, M. P. Frosch, T. Ragan, T. 

Akkin, V. J. Wedeen, D. A Boas, and B. Fischl, “Blockface Histology with Optical 

Coherence Tomography: A Comparison with Nissl staining,” Neuroimage, vol. 84, 

pp. 524–33, Jan. 2014. 

[25] M. Mogensen, T. Lotter, C. Banzhaf, S. Marschall, P. E. Andersen, and G. B. E. 

Jemec, “Optical Coherence Tomography,” Ski. Cancer Curr. Clin. Pathol., pp. 257–

266, 2014. 

[26] M. C. Liang, R. A. Vora, J. S. Duker, and E. Reichel, “Solid-Appearing Retinal Cysts 

in Diabetic Macular Edema: A Novel Optical Coherence Tomography Finding,” 

Retin. Cases Brief Rep., vol. 7, no. 3, 2013. 

[27] B. J. Vakoc, D. Fukumura, R. K. Jain, and B. E. Bouma, “Cancer Imaging by Optical 

Coherence Tomography: Preclinical Progress and Clinical Potential,” Nat. Rev. 

Cancer, 2012. 

[28] Rice University, “Haar Wavelet”: www.cnx.org/content/m11150/latest/, 2014. 

[29] S. G. Mallat and Z. Zhang, “Matching Pursuits with Time-Frequency Dictionaries,” 

IEEE Trans. Signal Process., vol. 41, no. 12, 1993. 



75 
 

[30] M. Elad, M. A. T. Figueiredo, and Y. Ma, “On the Role of Sparse and Redundant 

Representations in Image Processing,” Proc. IEEE, vol. 98, no. 6, pp. 972–982, Jun. 

2010. 

[31] M. Zibulevsky and M. Elad, “L1-L2 Optimization in Signal and Image Processing,” 

IEEE Signal Process. Mag., pp. 76–88, 2010. 

[32] A. Mohammad-Djafari, “Bayesian Approach with Prior Models which Enforce 

Sparsity in Signal and Image Processing,” EURASIP J. Adv. Signal Process., vol. 

2012, no. 1, p. 52, 2012. 

[33] M. Elad, Sparse and Redundant Representations: From Theory to Applications in 

Signal and Image Processing. Springer, 2010. 

[34] S. Mallat, A Wavelet Tour of Signal Processing - The Sparse Way. Elsevier, 2008. 

[35] W. Liu, D. Tao, J. Cheng, and Y. Tang, “Multiview Hessian Discriminative Sparse 

Coding for Image Annotation,” Comput. Vis. Image Underst., vol. 118, pp. 50–60, 

Jan. 2014. 

[36] J. Wright, Y. Ma, J. Mairal, G. Sapiro, T. S. Huang, and S. Yan, “Sparse 

Respresentation for Computer Vision and Pattern Recognition,” Proc. IEEE, vol. 

117576, 2010. 

[37] G. Aggarwal, S. Biswas, P. J. Flynn, and K. W. Bowyer, “A Sparse Representation 

Approach to Face Matching across Plastic Surgery,” IEEE Work. Appl. Comput. Vis., 

2012. 



76 
 

[38] L. Zhang, M. Yang, and X. Feng, “Sparse Representation or Collaborative 

Representation : Which Helps Face Recognition?,” IEEE Int. Conf. Comput. Vis., pp. 

471–478, 2011. 

[39] M. Elad and M. Aharon, “Image Denoising via Sparse and Redundant 

Representations over Learned Dictionaries,” IEEE Trans. image Process., vol. 15, 

no. 12, pp. 3736–45, Dec. 2006. 

[40] K. Dabov, A. Foi, V. Katkovnik, and K. Egiazarian, “Image Denoising by Sparse 3-D 

Transform-domain Collaborative Filtering,” IEEE Trans. image Process., vol. 20, 

no. 1, pp. 268–70, Jan. 2011. 

[41] J. Mairal, M. Elad, and G. Sapiro, “Sparse Representation for Color Image 

Restoration,” IEEE Trans. image Process., vol. 17, no. 1, pp. 53–69, Jan. 2008. 

[42] M. W. Spratling, “Image Segmentation using a Sparse Coding Model of Cortical 

Area V1,” IEEE Trans. image Process., vol. 22, no. 4, pp. 1631–43, Apr. 2013. 

[43] S. Agarwal and D. Roth, “Learning a Sparse Representation for Object Detection,” 

ECCV: Lecture Notes in Computer Science, 2002, pp. 113–127. 

[44] M. D. Budde and J. A. Frank, “Examining Brain Microstructure using Structure 

Tensor Analysis of Histological Sections,” Neuroimage, vol. 63, no. 1, pp. 1–10, 

Oct. 2012. 

[45] D. Pirici, L. Mogoanta, O. Margaritescu, I. Pirici, V. Tudorica, and M. Coconu, 

“Fractal Analysis of Astrocytes in Stroke and Dementia,” Rom. J. Morphol. 

Embryol., vol. 50, no. 3, pp. 381–90, Jan. 2009. 



77 
 

[46] P. J. Narayan, H. M. Gibbons, E. W. Mee, R. L. Faull, and M. Dragunow, “High 

Throughput Quantification of Cells with Complex Morphology in Mixed Cultures,” 

J. Neurosci. Methods, vol. 164, no. 2, pp. 339–49, Aug. 2007. 

[47] P. Suwannatat, G. Luna, B. Ruttenberg, R. Raviv, G. Lewis, S. K. Fisher, and T. 

Hollerer, “Interactive Visualization of Retinal Astrocyte Images,” IEEE Int. Symp. 

Biomed. Imaging From Nano to Macro, pp. 242–245, 2011. 

[48] E. A. Bushong, M. E. Martone, and M. H. Ellisman, “Examination of the 

Relationship between Astrocyte Morphology and Laminar Boundaries in the 

Molecular Layer of Adult Dentate Gyrus,” J. Comp. Neurol., vol. 462, no. 2, pp. 

241–51, Jul. 2003. 

[49] B. Roysam, R. Padmanabhan, Y. Xu, Y. Lu, J. Luisi, M. Savelonas, B. Busse, V. 

Somasundar, N. Rey-Villamizar, P. Kulkarni, H. Cheung, A. Cheong, L. Carin, C.-L. 

Tsai, K. Trett, C. Harris, P. Chong, and W. Shain, “FARSIGHT: A Computational 

Toolkit for Quantitative Three-dimensional Multiparameter Profiling of 

Gliovascular Brain Tissue Surrounding Implanted Neuroprosthetic Devices,” 

Society for Neuroscience, 2012. 

[50] Molecular Devices, LLC, “MetaMorph Software Application Modules”: 

www.moleculardevices.com/systems/metamorph-research-imaging/metamorph- 

microscopy-automation-and-image-analysis-software, 2014. 

[51] M. Hashemi, M. Buibas, and G. A. Silva, “Automated Detection of Intercellular 

Signaling in Astrocyte Networks using the Converging Squares Algorithm,” J. 

Neurosci. Methods, vol. 170, no. 2, pp. 294–9, May 2008. 



78 
 

[52] L. O’Gorman and A. C. Sanderson, “The Converging Squares Algorithm: An 

Efficient Method for Locating Peaks in Multidimensions,” IEEE Trans. Pattern 

Anal. Mach. Intell., vol. 6, no. 3, pp. 280–8, Mar. 1984. 

[53] J. Benesova, M. Hock, O. Butenko, I. Prajerova, M. Anderova, and A. Chvatal, 

“Quantification of Astrocyte Volume Changes during Ischemia in situ Reveals two 

Populations of Astrocytes in the Cortex of GFAP/EGFP Mice,” J. Neurosci. Res., vol. 

87, no. 1, pp. 96–111, Jan. 2009. 

[54] M. M. Sami, Y. Tamura, C. Yilong, H. Kikuchi, and Y. Kataoka, “In-vitro Cell 

Quantification Method based on Depth Dependent Analysis of Brain Tissue 

Microscopic Images,” IEEE Eng. Med. Biol. Soc. Conf., vol. 2011, pp. 4913–6, Jan. 

2011. 

[55] L. A. Hansen, D. M. Armstrong, and R. D. Terry, “An Immunohistochemical 

Quantification of Fibrous Astrocytes in the Aging Human Cerebral Cortex,” 

Neurobiol. Aging, vol. 8, no. 1, pp. 1–6, 1987. 

[56] V. Matyash and H. Kettenmann, “Heterogeneity in Astrocyte Morphology and 

Physiology,” Brain Res. Rev., vol. 63, no. 1–2, pp. 2–10, May 2010. 

[57] C. S. Bjornsson, G. Lin, Y. Al-kofahi, A. Narayanaswamy, K. L. Smith, W. Shain, and 

B. Roysam, “Associative Image Analysis: A Method for Automated Quantification 

of 3D Multi-parameter Images of Brain Tissue,” J. Neurosci. Methods, vol. 170, no. 

1, pp. 165–178, 2009. 

[58] R. Lopes and N. Betrouni, “Fractal and Multifractal Analysis: A Review.,” Med. 

Image Anal., vol. 13, no. 4, pp. 634–49, Aug. 2009. 



79 
 

[59] D. S. Tuch, “Q-ball Imaging,” Magn. Reson. Med., vol. 52, no. 6, pp. 1358–72, Dec. 

2004. 

[60] D. K. Jones and A. Leemans, “Diffusion Tensor Imaging,” Magnetic Resonance 

Neuroimaging - Methods in Molecular Biology, 2011, pp. 127–144. 

[61] K. A. Al-kofahi, S. Lasek, D. H. Szarowski, C. J. Pace, G. Nagy, J. N. Turner, and B. 

Roysam, “Rapid Automated Three-Dimensional Tracing of Neurons from Confocal 

Image Stacks,” IEEE Trans. Inf. Technol. Biomed., vol. 6, no. 2, pp. 171–187, 2002. 

[62] J. A. Tyrrell, E. di Tomaso, D. Fuja, R. Tong, K. Kozak, R. K. Jain, and B. Roysam, 

“Robust 3-D Modeling of Vasculature Imagery using Superellipsoids,” IEEE Trans. 

Med. Imaging, vol. 26, no. 2, pp. 223–37, Mar. 2007. 

[63] J. Walther, G. Mueller, H. Morawietz, and E. Koch, “Analysis of in vitro and in vivo 

Bidirectional Flow Velocities by Phase-resolved Doppler Fourier-domain OCT,” 

Sensors Actuators A Phys., vol. 156, no. 1, pp. 14–21, Nov. 2009. 

[64] J. Fingler, D. Schwartz, C. Yang, and S. E. Fraser, “Mobility and Transverse Flow 

Visualization using Phase Variance Contrast with Spectral Domain Optical 

Coherence Tomography,” Opt. Express, vol. 15, no. 20, pp. 12636–53, Oct. 2007. 

[65] R. K. Wang, S. L. Jacques, Z. Ma, S. Hurst, S. R. Hanson, and A. Gruber, “Three 

Dimensional Optical Angiography,” Opt. Express, vol. 15, no. 7, pp. 4083–97, Apr. 

2007. 

[66] J. Enfield, E. Jonathan, and M. Leahy, “In Vivo Imaging of the Microcirculation of 

the Volar Forearm Using Correlation Mapping Optical Coherence Tomography ( 

cmOCT ),” Biomed. Opt. Express, vol. 2, no. 5, pp. 1184–1193, 2011. 



80 
 

[67] R. Dickie, G. Hamarneh, and R. Abugharbieh, “Live-Vessel : Interactive Vascular 

Image Segmentation with Simultaneous Extraction of Optimal Medial and 

Boundary Paths,” Med. Image Comput. Comuter Assist. Interv., pp. 1–30, 2007. 

[68] D. Mayerich, C. Bjornsson, J. Taylor, and B. Roysam, “NetMets: Software for 

Quantifying and Visualizing Errors in Biological Network Segmentation,” IEEE 

Symp. Biol. Data Vis., vol. 13, no. Suppl 8, p. S7, Jan. 2011. 

[69] M. A. A. Karim, “Automated Paremeter Selection for Segmentation of Tube-like 

Biological Structures using Optimization Algorithm and MDL,” PhD dissertation, 

Rensselaer Polytechnic Institute, New York, USA, 2005. 

[70] X. Yuan, J. T. Trachtenberg, S. M. Potter, and B. Roysam, “MDL Constrained 3-D 

Grayscale Skeletonization Algorithm for Automated Extraction of Dendrites and 

Spines from Fluorescence Confocal Images,” Neuroinformatics, vol. 7, no. 4, pp. 

213–32, Dec. 2009. 

[71] Y. Wang, “A Broadly Applicable 3-D Neuron Tracing and Reconstruction 

Framework based on Deformable Models and Software System with Parellel GPU 

Implementation,” PhD dissertation, Rensselaer Polytechnic Institute, New York, 

USA, 2011. 

[72] K. K. Delibasis, A. I. Kechriniotis, C. Tsonos, and N. Assimakis, “Automatic Model-

based Tracing Algorithm for Vessel Segmentation and Diameter Estimation,” 

Comput. Methods Programs Biomed., vol. 100, no. 2, pp. 108–22, Nov. 2010. 



81 
 

[73] Q. Li, J. You, L. Zhang, D. Zhang, and P. Bhattacharya, “A New Approach to 

Automated Retinal Vessel Segmentation using Multiscale Analysis,” International 

Conference on Pattern Recognition, 2006, pp. 18–21. 

[74] M. M. Fraz, P. Remagnino, A. Hoppe, B. Uyyanonvara, A. R. Rudnicka, C. G. Owen, 

and S. A. Barman, “Blood Vessel Segmentation Methodologies in Retinal Images- 

A Survey,” Comput. Methods Programs Biomed., vol. 108, no. 1, pp. 407–33, Oct. 

2012. 

[75] D. Lesage, E. D. Angelini, I. Bloch, and G. Funka-Lea, “A Review of 3D Vessel 

Lumen Segmentation Techniques: Models, Features and Extraction Schemes.,” 

Med. Image Anal., vol. 13, no. 6, pp. 819–45, Dec. 2009. 

[76] W. Liao, S. Wörz, and K. Rohr, “Vessel Segmentation using an Iterative Fast 

Marching Approach with Directional Prior,” Med. Imaging, vol. 8314, pp. 831426–

831426–7, Feb. 2012. 

[77] Y. Rouchdy and L. D. Cohen, “Retinal Blood Vessel Segmentation using Geodesic 

Voting Methods,” IEEE International Symposium on Biomedical Imaging, pp. 744–

747, 2012. 

[78] W. T. Norton, D. A Aquino, I. Hozumi, F. C. Chiu, and C. F. Brosnan, “Quantitative 

Aspects of Reactive Gliosis: A Review.,” Neurochem. Res., vol. 17, no. 9, pp. 877–

85, Sep. 1992. 

[79] Y. C. Pati, R. Rezaiifar, and P. S. Krishnaprasad, “Orthogonal Matching Pursuit: 

Recursive Function Approximation with Applications to Wavelet Decomposition,” 

in Asilomar Conference on Signals, Systems and Computers, 1993, pp. 40–44. 



82 
 

[80] M. E. Maynard and J. L. Leasure, “Exercise Enhances Hippocampal Recovery 

following Binge Ethanol Exposure.,” PLoS One, vol. 8, no. 9, p. e76644, Jan. 2013. 

[81] G. E. Sotak and K. L. Boyer, “The Laplacian-of-gaussian Kernel: A Formal Analysis 

and Design Procedure for Fast, Accurate Convolution and Full-frame Output,” 

Comput. Vision, Graph. Image Process., vol. 48, no. 2, pp. 147–189, Nov. 1989. 

[82] A. F. Frangi, W. J. Niessen, K. L. Vincken, and M. A. Viergever, “Multiscale Vessel 

Enhancement Filtering,” Med. Image Comput. Comput. Assist. Interv., 1998. 

[83] A. Mukherjee, “Methods for Automated Analysis of Curvilinear Structures in 

Three - Dimensional and Spatio-temporal Microscopy Images using Orientation 

Distribution Functions,” PhD dissertation, Rensselaer Polytechnic Institute, New 

York, USA, 2011. 

[84] C. R. Maurer, R. Qi, and V. Raghavan, “A Linear Time Algorithm for Computing 

Exact Euclidean Distance Transforms of Binary Images in Arbitrary Dimensions,” 

IEEE Trans. Pattern Anal. Mach. Intell., vol. 25, no. 2, pp. 265–270, 2003. 

[85] R. K. Padmanabhan, “Active and Transfer Learning Methods for Computational 

Histology,” PhD dissertation, University of Houston, Texas, USA, 2012. 

[86] G. Lin, Y. Kofahi, J. Tyrrell, C. Bjornsson, W. Shain, and B. Roysam, “Automated 3-

D Quantification of Brain Tissue at the Cellular Scale From Multi-Parameter 

Confocal Microscopy Images,” IEEE Int. Symp. Biomed. Imaging From Nano to 

Macro, pp. 1040–1043, 2007. 

[87] J. Luisi, A. Narayanaswamy, Z. Galbreath, and B. Roysam, “The FARSIGHT Trace 

Editor: An Open Source Tool for 3-D Inspection and Efficient Pattern Analysis 



83 
 

Aided Editing of Automated Neuronal Reconstructions.,” Neuroinformatics, vol. 9, 

no. 2–3, pp. 305–15, Sep. 2011. 

[88] J. M. Molero, A. Paz, E. M. Garzón, J. A. Martínez, A. Plaza, and I. García, “Fast 

Anomaly Detection in Hyperspectral Images with RX method on Heterogeneous 

Clusters,” J. Supercomput., vol. 58, no. 3, pp. 411–419, Mar. 2011. 

[89] I. S. Reed and X. Yu, “Adaptive Multiple-Band CFAR Detection of an Optical 

Pattern with Unknown Spectral Distribution,” IEEE Trans. Acoust. Speech Signal 

Process., vol. 38, no. October, 1990. 

[90] F. Aptel, R. Sayous, V. Fortoul, S. Beccat, and P. Denis, “Structure–Function 

Relationships using Spectral-Domain Optical Coherence Tomography: Comparison 

With Scanning Laser Polarimetry,” Am. J. Ophthalmol., vol. In Press, 2010. 

[91] M. Ruggeri, H. Wehbe, S. Jiao, G. Gregori, M. E. Jockovich, A. Hackam, Y. Duan, 

and C. A. Puliafito, “In Vivo Three-Dimensional High-Resolution Imaging of Rodent 

Retina with Spectral-Domain Optical Coherence Tomography,” Invest. 

Ophthalmol., pp. 1808–1814, 2007. 

[92] I. Gadjanski, S. K. Williams, K. Hein, M. B. Sättler, M. Bähr, and R. Diem, 

“Correlation of Optical Coherence Tomography with Clinical and 

Histopathological Findings in Experimental Autoimmune Uveoretinitis.,” Exp. Eye 

Res., May 2011. 

[93] N. El-Khoury, A. Braun, F. Hu, M. Pandey, M. Nedergaard, E. F. Lagamma, and P. 

Ballabh, “Astrocyte End-feet in Germinal Matrix, Cerebral Cortex, and White 

Matter in Developing Infants.,” Pediatr. Res., vol. 59, no. 5, pp. 673–9, May 2006. 



84 
 

[94] W. Saad, Z. Han, M. Debbah, A. Hjorungnes, and T. Basar, “Coalitional Game 

Theory for Communication Networks,” IEEE Signal Processing Magazine, no. 

September, pp. 77–97, 2009. 

[95] M. Pavan and M. Pelillo, “Dominant Sets and Pairwise Clustering,” IEEE Trans. 

Pattern Anal. Mach. Intell., vol. 29, no. 1, pp. 167–72, Jan. 2007. 

[96] A. Albarelli, E. Rodolà, F. Bergamasco, and A. Torsello, “A Non-cooperative Game 

for 3D Object Recognition in Cluttered Scenes,” 2011 Int. Conf. 3D Imaging, 

Model. Process. Vis. Transm., pp. 252–259, May 2011. 

[97] W. Saad and Z. Han, “Network Formation Games for Distributed Uplink Tree 

Construction in IEEE 802 . 16J Networks,” pp. 1–6, 2008. 

[98] N. Nisan, T. Roughgarden, E. Tardos, and V. Vazirani, Algorithmic Game Theory. 

Cambridge University Press, 2010. 

[99] W. Saad, Z. Han, M. Debbah, and A. Hjørungnes, “A Distributed Merge and Split 

Algorithm for Fair Cooperation in Wireless Networks,” IEEE International 

Conference on Communication Workshops, 2008. 

[100] Zone-Reflex, “Astrogliail Functionality in the CNS”: www.zone-reflex.blogspot.com 

/2011/03/neural-communication-outside-synapses-i.html, 2011. 

[101] T. M. Yelbuz, “Optical Coherence Tomography: A New High-Resolution Imaging 

Technology to Study Cardiac Development in Chick Embryos,” Circulation, vol. 

106, no. 22, pp. 2771–2774, Nov. 2002. 

[102] D. G. Lowe, “Distinctive Image Features from Scale-Invariant Keypoints,” Int. J. 

Comput. Vis., vol. 60, no. 2, pp. 91–110, Nov. 2004. 



85 
 

[103] Angus citizens Advice Bureau, “Free Math Interactive ECG”: www.anguscab.org.u 

k/az-free-math-interactive-ecg/index.html, 2009. 

  



 
 

 


