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ABSTRACT

Collateral connections in the brain, also known as Leptomeningeal Anastomoses, are

connections between blood vessels originating from di�erent arteries. Despite limited knowl-

edge, they are suggested as an important contributor to cerebral stroke recovery that allows

additional blood �ow through the a�ected area. However, few databases and algorithms

exist for this speci�c task of locating them. In this paper, a MATLAB program is developed

to �nd these connections and detect strokes to replace manual labeling by professionals. The

limited data available for this study are 23 2D microscopy images of mice cerebral vascular

structures highlighted by dyes. In the images, strokes are shown to diminish the pixel count

of vessels below 80% compared to the healthy brain. Stroke classi�cation error is greatly

reduced by narrowing the scope from comparing the entire hemisphere to one smaller region.

A novel way of �nding collateral connections is utilizing connected components. Connected

components organize all adjacent pixels into a group. All collateral connections can be found

on the border of two neighboring arterial �ow regions, and belong to the same group of con-

nected components with the arterial source from each side. Along with �nding collateral

connections, a newly created coordinate system allows regions to be de�ned relative to the

brain landmarks, based on the brain's center, orientation, and scale. The method newly

proposed in this paper combines stroke detection, brain coordinate system extraction, and

collateral connection detection in stroke-a�ected mouse brains using only image processing

techniques. This allows a simpler, more explainable result on limited data than other tech-

niques such as supervised machine learning. In addition, the new method does not require

ground truth and high image count for training. This automated process was successfully

interpreted by medical experts, which allows for further research into automating collateral

connection detection in 3D.
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1. INTRODUCTION

Each year, 795,000 people in the United States su�er a stroke and about 87% of which

are ischemic strokes[ 1 ]. In 2020, stroke is the �fth leading cause of death in the United

States, responsible for the deaths of 159,000, and has seen an age-adjusted increase from

2019 as well[ 2 ]. Research shows that an ischemic stroke causes blood vessel blockage, the

cerebral vascular system is essential as the blood �ow carries oxygen and nutrients to the

brain and relays signals. The restriction of blood �ow caused by the blockage triggers a

series of vascular changes inside the brain. Over time, the blood �ow through the brain can

improve, most likely by establishing collateral connections from vessels less a�ected by the

stroke. There are two types of collateral connections created in this process. Arteriogenesis

is responsible for the connection made between arteries, while angiogenesis is responsible

for the connections made between capillaries. These collateral connections can be crucial

to understanding the stroke recovery process, indicating recovery progress, and developing

more e�ective therapies [ 3 ]. However, the understanding of these collateral connections for

stroke recovery is not yet complete and lacks quantitative data[ 3 ].

To further study collateral connections with more data, images of the cerebral vascular

structure need to be labeled with their exact locations. Currently, labeling of the aforemen-

tioned collateral connections is done manually by medical professionals' subjective visual

inspection in low quantities[ 4 ][ 5 ]. Collateral connections made in capillaries are quite nu-

merous and random for thorough manual labeling. Automating this process would greatly

improve productivity, provide more information about collateral connections, and allow for

wider utilization of the data. Supervised machine learning with a classi�er would be a good

way for automating this process.

However, automating the labeling process with supervised machine learning is challenging

because training the classi�er requires large datasets that have the ground truth labeled,

which currently can only be done manually and subjectively. This still incurs a signi�cant

upfront investment of labor from medical research professionals. Adding to this challenge,

no dataset is made available to the public thus researchers are required to conduct their own

experiments, imaging, and labeling processes. Recent machine learning techniques to locate
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collateral connections have been applied to a dataset of 125 CBCT(Cone-Beam Computerized

Tomography) images with the ground truth labeled by a radiologist and the data set is not

made available to the public[ 6 ].

The alternative to machine learning would be simpler image-processing techniques. Vessel

pixels in the image are all adjacent to each other, and one of the image-processing techniques

that shows promise is connected component labeling, which would group all adjacent pixels

and label them in the same group. Connected component labeling is well-established and fun-

damental to the �eld of computer vision and image processing. The same methodology in 2D

can expand to three dimensions using neighboring voxels (pixels with the additional height

making it a cube) as well. Connected component labeling is used in character recognition

from images[ 7 ] and videos[ 8 ], road sign reading for autonomous driving[ 9 ], and segmentation

and analysis of retina vessels[ 10 ] and brain tissues[ 11 ]. These applications in di�erent �elds

show the adaptability of the connected component labeling with varying methods of imaging

from camera and microscope to MRI.

The connected component method proposed in this paper for detecting collateral �ow

is much simpler than supervised machine learning[ 6 ]. Supervised machine learning requires

ground truth for each image that has to be labeled by professionals, and in huge quantities

as training and validation datasets to avoid over-training and biases. This paper used 100

images for training and another 25 images for testing, all meticulously labeled by their

radiologist, while ours are developed from 23 images without ground truth. The strong

emphasis on pixel-to-pixel connections by the connected component method adheres to the

de�nition and working principle of collateral �ow and guarantees each collateral �ow connects

to two di�erent arterial sources of interest. This also provides a greater scope than the

local texture or shape features extracted from a moving window used by [ 6 ]. In addition,

machine learning techniques, including arti�cial neural networks(ANN) and support vector

machines(SVM), are not always explainable with clear logic and reasoning behind how they

classify. Bias can still be present in training and validation images because 125 images is

still a fairly small number for making generalizations. The connected component method is

a simpler image processing technique based on pixel-to-pixel "Yes or No" connections; thus
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leaving no ambiguity to randomized initial weight and biases existing in the image it trained

on.

Likewise, doctors in the medical �eld also use their visual inspection on various brain

scans for stroke diagnoses. Such experience and knowledge in this speci�c domain is highly

specialized and automating the process will help alleviate the workload for them and future

research. Stroke detection neural networks for MRI and CT scans have been proposed and

implemented[ 12 ][ 13 ], as well as for retinal microscopic images, by training them with labeled

datasets. However, such a dataset isn't available for microscopic images on cerebrovascular

structures, thus poses a major roadblock for using Machine Learning for automation.

Based on the blood-�ow-blocking nature of the ischemic stroke, brain images with stroke

have less visible vessels in the a�ected area. This translates to lowered intensity and pixel

counts of the blood vessels, which can be easily collected by image processing. Most stroke

is caused by a blood clot large enough to cause blockage to one section of the brain, which

causes the symptom of loss of motor control on one side of the body. This unevenness

can be observed in the microscope image when comparing the pixel count of the left and

right hemispheres as a ratio, and is most pronounced when comparing only the area that

is a�ected on one side but una�ected on the other. This one-sidedness reduces the need

to quantitatively compare the image before the incident to account for variations between

samples or in image capture variations. The ratio between the left and right side can also

be used as a metric to quantify the severity of the stroke for further analysis.

Because of the limitations of supervised machine learning and there no current work

using connected component solution for this stroke problem, this paper develops new image

processing procedures built upon connected components to meet the goals that healthcare

professionals and researchers in the �eld demand. These goals include stroke detection,

based on either the entirety of the left and right hemispheres of the brain or only one region

of interest from each side of the brain, and locating collateral connections between two

speci�ed arterial networks. Without machine learning, the need to arduously label ground

truth enough for training and validation is no longer necessary, and the criteria and logic for

selection can be explained.
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The convention for image processing of vascular structure starts with image preprocessing

to remove defects, and vessel segmentation to isolate pixels of vessels from the background, as

seen in the study[ 6 ]. The vessel segmentation and disease detection from vascular structure

have been applied to the retina, heart, and brain vessels. Many techniques, neural networks,

and databases have been published for 3D and other imaging methods such as MRI(Magnetic

Resonance Imaging), MRA(Magnetic Resonance Angiography), or CTA(Computed Tomog-

raphy Angiography), along with other organs' vascular structures, especially the retina[ 14 ].

However, very few databases are comparable to the 2-dimensional microscopy images of

mouse brains provided by the laboratories (Drs. Khanna and Sen, personal communication,

August 18, 2021)[ 15 ]. Although perfect for the purpose of conventional research, for neural

network training, labeled ground truth and additional images would be even more helpful.

This research combines stroke detection, brain coordinate system extraction, and collat-

eral connection detection into one automated tool using only image processing techniques.

Chapter  2 explains the detail of the test images; Chapter 3 includes the methods and results

to detect stroke by comparing blood vessel pixel counts on each side of the brain; Chapter

 4 includes the methods and results to normalized brain coordinate system extraction and

collateral connection detection; Chapter 5 concludes the paper and discusses future works.
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2. DATA SOURCE

2.1 Image Information

This research is provided with 23 microscopic MIP(Maximum Intensity Projection) im-

ages (Drs. Khanna and Sen, personal communication, August 18, 2021)[ 15 ]. 

1
 15 images

of the mouse brain had a stroke induced on one side, and as a control group, 8 images of

healthy brains were included. The dimensions of the images are 5038 by 5038. The view is

in the horizontal plane.

Table 2.1. Image Format

Format TIFF
Image Size 5038*5038

Color Space RGB
View Plane Horizontal
Non-Stroke 8

Stroke 15

2.2 Experiment Procedure

Vessel painted mouse brain Images: C57BL/6 mice (8-10 weeks old): No stroke

C57BL/6 mice (8-10 weeks old): Stroke (MCAO, 60 min)

Experiment Procedure: Mice were �rst subjected to a middle cerebral artery occlusion

(MCAO) for 60 minutes to restrict middle cerebral artery (MCA) blood �ow. The vessel

painting process was done according to previous studies[ 4 ][ 16 ]. An Anticoagulant (heparin)

and a vasodilator (sodium nitroprusside) were injected 5 minutes before euthanization. After

euthanization, blood was �ushed out of the vascular system. Subsequently, the vascular

structure was stained using DiI dye (1,1'-dioctadecyl-3,3,3',3'-tetramethylindocarbocyanine

perchlorate). Fixed brains were then imaged at 5x using an inverted 880 Zeiss confocal

microscope (Drs. Khanna and Sen, personal communication, August 18, 2021)[ 15 ].

1
 "  Any subsequent references to images refers to this set of image
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