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Abstract

Aim: Neurovascular abnormalities are extremely complex, due to the multitude of factors acting
simultaneously on cerebral hemodynamics. Cerebral Arteriovenous Malformation (CAVM) hemo-
dynamic in one of the vascular abnormality condition results changes in the vessels structures and
hemodynamics in blood vessels. The challenge is segmenting accurate vessel region to measure
hemodynamics of CAVM patients. The clinical procedure is in-vivo method to measure hemody-
namics. The catheter-based procedure is difficult, as it is sometimes difficult to reach vessels sub-
structures. Methods: In this paper, we have proposed adaptive vessel segmentation based on
threshold technique for CAVM patients. We have compared different adaptive methods for vessel
segmentation of CAVM structures. The sub-structures are modeled using lumped model to meas-
ure hemodynamics non-invasively. Results: Twenty-three CAVM patients with 150 different vessel
locations of DSA datasets were studied as part of the adaptive segmentation. 30 simulated data has
been evaluated for more than 150 vessels locations for sub-segmentation of vessels. The segmen-
tation results are evaluated with accuracy of 93%. The computed p-value is smaller than the signi-
ficance level 0.05. Conclusion: The adaptive segmentation using threshold based produces accu-
rate vessel segmentation, results in better accuracy of hemodynamic measurements for DSA im-
ages for CAVM patients. The proposed adaptive segmentation helps clinicians to measure hemo-
dynamic non-invasively for the segmented sub-structures of vessels.
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1. Introduction

Cerebral Arteriovenous Malformation (CAVM) is one of the neurovascular disease conditions, which changes
the cerebral angioarchitecture and hemodynamics changes in the flow and pressure level in blood vessels.
CAVM vessels are made of tangled abnormal vessels, which form a complex vessels structure called Nidus. The
invasive procedure to measure hemodynamics near Nidus is risky. Figure 1 shows the CAVM complex struc-
ture. The studies show that various phase of acquisition of DSA images is used for analysis of vessel segmenta-
tion in cerebrovascular patients [1], but limited to complex structures. The literature shows the recursive track-
ing techniques to detect the vessel network, which has limitation [2] such as handling of structural variations.
The author Nong Sang [3] studied the vessel segmentation of DSA image. However, drawback of his study is
thresholding method for non-overlapping sub images is not considered.

In the present study, we have used adaptive threshold based segmentation technique to sub-segment various
structures of vessels using DSA images of CAVM. We propose a novel approach for adaptive methodology to
segment each variation of vessels. The hemodynamics measurements are modeled for various threshold tech-
niques of segmentation.

2. Methodology

This section describes method for segmenting the Digital Subtraction Angiogram (DSA) images. The data is
obtained from KMC Manipal. The input image is preprocessed using Gaussian noise and Hessian matrix based
filtering is applied to angiogram images, to detect the tubular structures of vessels using eigenvalues [5]. Figure
2 shows adaptive segmentation technique methodology. The preprocessed image is segmented using OTSU
segmentation to create an initial vessel segment as shown in Figure 3. The length and diameter of vessel is cal-
culated using the ROI tools on the vessel segment [6] [7]. The diameter of the initial part of segmented region
set as reference node-P1. The diameter is calculated for every small change of the vessel. The sub segment of
vessel is created, whenever there is an increase of 10% of diameter of newer segment more than reference di-
ameter, which is shown as segment-P2 as shown in Figure 4. The entire vessel is segmented into smaller sub-
structures for variation in diameter with comparison to reference diameter. This is repeated for entire vessel
structure. This leads to different combinations of sub-segments of vessels.

The adaptive segmentation technique is modified by changing threshold to 5%. The number of sub segmenta-
tion results of vessels is more than threshold by 10%, because diameter variation for angiogram images is more
than other modalities. The segmented images are modeled using lumped model to measure hemodynamic para-
meters such as cerebral pressure, cerebral flow, and cerebral velocity [8] [9]. These parameters are recorded
non-invasively, which is used by clinicians for diagnosis.
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Figure 1. Cerebral arteriovenous malformation (CAVM). Source: KMC Manipal [4].
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Figure 4. Vessel diameter measurement. Source: KMC manipal [10].

3. Results

Twenty-three CAVM patients obtained from Cathlab, Kasturba Medical College (KMC) Manipal from the study
population. The study received ethical clearance from KMC Manipal and written informed consent was obtained
from all individuals prior to enrollment in the study. All clinical investigations have been performed according
to the principles expressed in the declaration of KMC Manipal.

The adaptive segmentation of threshold based adaptive segmentation for CAVM patients is implemented us-
ing MATLAB. Figure 5 shows various segment sub-division based on the threshold factor. The adaptive seg-
mentation using 5% produces more sub-segment and with more accurate in hemodynamics measurements.
Twenty-three CAVM patients with 150 different vessel location of DSA datasets were studied as part of the
adaptive modeling and 30 simulated data are created with equivalent complexity of DSA, has been evaluated for
more than 150 vessels locations for sub-segmentation of vessels.

3.1. Evaluation of Segmentation Results

The number of segments created for the threshold based 10% segmentation is lesser than 5% segmentation me-
thod, because vessel structure has variation for every 5% diameter. Table 1 shows comparison analysis between
the adaptive segmentation results of DSA image. The result shows that accuracy is improved by nearly 50%
with our study. Each sub-segment is modeled independently to measure hemodynamics parameters. The seg-
mented results were evaluated using performance indices such as accuracy, texture-based and shape-based
measures [11]. The accuracy measure determines how different the threshold based segmented image from ref-
erence image. In our study, we took threshold of 10% segmented output is considered as reference.

The vesselness response function V(x,y;o) for segmented images is obtained using following Equation (1),
where ¢ is the scalar function, T represents transformation function [12]. The maximum vesselness response is
obtained using different ranges for minimum and maximum scales. The ranges used are the weighted scales for
our analysis.

1—exp(—T2(X(':wo-)], if 2,(x.¥;0)>0 (1)

0 overelse,

V(x,yo)=

3.2. Statistical Analysis

The analysis of segmented results is compared for various statistical parameters such as entropy, standard devia-
tion, mean, orientation, circularity and solidity. Table 2 shows comparative analysis between threshold methods
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that highlight segmentation accuracy of both proposed adaptive threshold methods. All statistical analyzes were
performed using SPSS for Windows (SPSS Inc., Chicago), version 17 [13]. The segmentation results using 5%
are evaluated with accuracy of 93%, using hemodynamics measurements and computed p-value is smaller than
the significance level 0.05.

10% Segmentation

5% Segmentation

Figure 5. Adaptive threshold—10 and 5 percentage vessels segments. Source:

KMC Manipal.
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Table 1. Pressure measurement for each segment.

Vessel segment Pressure measurement Percentage-pressure measurement

Segment 1: 5%

P1 0.0752 75.2

P2 0.07 70
Segment 1: 10%

P1 0.0752 75.2
Segment 2: 5%

P3 0.0948 94.8

P4 0.089 89
Segment 2: 10%

P2 0.071 71
Segment 3: 5%

P5 0.059 59
Segment 3: 10%

P3 0.07 70
Segment 4: 5%

P6 0.057 57

P7 0.0563 56.3
Segment 4: 10%

P4 0.068 67.8
Segment 5: 5%

P8 0.0553 55.3

P9 0.055 55
Segment 5: 10%

P5 0.0675 67.5
Segment 6: 5%

P10 0.0553 53.3

P11 0.051 51
Segment 6: 10%

P6 0.066 66
Segment 7: 5%

P12 0.0506 50.6

P13 0.0503 50.3
Segment 7: 10%

p7 0.0635 63.5
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Continued

Segment 8: 5%

P14 0.0498 49.8
P15 0.0497 49.7
Segment 8: 10%

P8 0.062 62
Segment 9: 5%

P16 0.0495 495
P17 0.049 49
Segment 9: 10%

P9 0.06 60

Table 2. Comparative analysis of segmentation techniques.

Statistical parameters Threshold 1% - 10% Threshold 2% - 5%
Entropy 9.9 10.137
Standard deviation 1.2 1.02
Mean 24 2.3

4. Discussion

The clinical interest in 2D & 3D vascular segmentation creates research interests to biomedical community. In
this study, a novel method to sub-segment DSA images of CAVM using adaptive segmentation is presented.
The method is based on threshold-based techniques. The use of a priori knowledge on the vessel geometry and
structures of the angiogram is important in determining robustness and accuracy of segmentation. The clinical
angiographic applications requires combinations of manual and automatic segmentation for analysis, such as our
proposed approach of threshold based segmentation, helps clinicians to use segmented image for diagnosis or
therapeutic decision. The previous study shows that segmentation of angiograms by Lorenz et al. (2003), ana-
lyzed three level of segmentation, but limited to low-level appearance hypotheses [14]. The study by Socher et
al., (2008), using a hierarchical marginal space paradigm, trained by vessel positions, widths and lengths is li-
mited by performance [15]. The research studies shows [16] [17]; achieve very good specificity but not compet-
itive sensitivity and lies far below the ROC curve of the proposed method.

5. Conclusion

The adaptive segmentation using threshold based produces accurate vessel segmentation. This results in better
accuracy of hemodynamic measurements of DSA images for CAVM patients. The proposed adaptive segmenta-
tion helps clinicians to measure hemodynamic non-invasively for the segmented sub-structures of vessels. The
proposed segmentation and non-invasive measurement address the clinical problem, where clinicians find diffi-
cult to insert catheter into sub-structures, to measure hemodynamics invasively. Twenty-three CAVM patients
with 150 different vessel locations of DSA data sets were studied as part of the adaptive segmentation. 30 simu-
lated data has been evaluated for more than 150 vessels locations for sub-segmentation of vessels. The results
are evaluated with accuracy of 93%, and computed p-value is smaller than the significance level 0.05.
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