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Abstract

Epicardial ultrasounchas been suggested as an alterna- .
tive approach for assessing the quality of coronary artery ';3
bypass graft anastomoses. Using automatic tracking and °
segmentation of the anastomotic vessel lumen in transverse _
epicardial ultrasound images it is possible to quantita- * -
tively assess the stenosis degree of surgical errors. We pro- §
pose an automatic vessel tracking and segmentation frame-
work that can detect, track, and segment vessels through
ultrasound sequences with the purpose of enabling steno-
sis quantification. An average accuracy of 92.86% in de-
tecting vessels was obtained 78.51% of the vessel segmen-

tations were assessed as correct. . . . .
Figure 1. EUS imagesf an anastomosis. (A) is the lon-

gitudinal view. A1-6 denote where the area of the anasto-
1. Introduction motic orifice, graft (G), coronary artery (CA) at the heel
site, reference CA proximal to the heel site, CA at the toe
Coronary heart disease cée treated using coronary site and reference CA distal to the toe site of the anastomo-
artery bypass graft surgery. Even though it is viewed as Sis can be determined using transverse images respectively.
a safe procedure Mack et al. [1] has shown that up to 9% A1, A2, A3, and A5 have to be as least as large as A4 and
of anastomoses are more than 50% stenosed. That can leafié to have a fully patent anastomosis. (B), (C) and (D)
to unfavorable outcomes for the patient [2]. It is presumed shows the transverse view of the heel, midway heel/toe,
a significant portion of stenosed anastomoses can be corand toe/reference CA sites respectively.
rected if errors are detected by intraoperative anastomosis
quality assessment. Here, coronary angiography is con-
sidered the gold standard but it is not normally available
in the operation room [2]. Other approaches such as tran-tected and segmented in transversal EUS images. To deter-
sit time flow measurement and intraoperative flourescenceMine the maximum area of the anastomotic sites the vessel
imaging are less accurate compared to coronary angiograStructures has to be segmented throughout EUS sequences
phy and only reliabily detects stenosis degre@&%. [2] as the area changes during thg cardiac cycle. Hov_vever seg-
Epicardial ultrasound (EUS) has been suggested as arinentation of the vessel Iumen in EUS sequences is compli-
alternative approach for quality assessment of anastomose§ated as sudden translations of the vessel lumen can occur
and has shown promising results in ex-vivo and post in the scan pllane in between.frames QUe to cardlgc mptlon
surgery analysis studies. [3,4] To use EUS during surgeryand the; quath of the vessel information may be inhibited
a quantitative assessment of anastomotic stenotic rates (figPy metion artifacts.
1) has to be made by automatic extraction of the maximum  Previous studies has worked with tracking and segmen-
area in the anastomotic sites from in vivo EUS sequencestation of transversal vessel structures in ultrasound se-
obtained on the beating heart. Stenotic rates of the heelquences [5-7]. However these algorithms either uses man-
and toe site can be evaluated if vessel structures are deual initialization [5] or has been implemented in ultrasound
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sequences with different appearance [7], less complex minimum intensity value in the same region. Pixels below

vessel movement and motion artifacts compared to in vivo the threshold were defined as possible lumen pixels.

EUS images [5, 6]. The vessel candidate segmentations are used in the ves-
We present an automatic vessel tracking and segmentasel candidate classification consisting of a preliminary can-

tion framework that can detect, track, and segment vesselglidate removal and a weighted voting classifier. In the pre-

in transversal in vivo EUS sequences of the heel- and toe-liminary candidate removal candidate regions with an un-

sites of porcine end-to-side anastomoses. realistic area of the possible vessel lumerl@000 pixels)
determined from the data is excluded. The weighted vot-
2. Vessellracking and ing classifier is used to calculate a vessel probability in the
Segmentation Framework remaining vessel candidates. It consist of two classifiers:

A Parzen Window Classifier and a Bayes Classifier. Eight

The vessetracking and segmentation framework con- features are extracted in the vessel candidates: intensity
sists of vessel detection, vessel segmentation, quality con-standard deviation in the watershed region, mean intensity,
trol of the segmentations, and contour alignment. The ves-compactness, signed y-distance from image center to the
sel detection is used to automatically assess if a vessel isentroid, absolute x-distance from the image center to the
present in a EUS frame in the start of the sequence or if centroid, mean boundary gradient, intensity variance, and
tracking of a vessel is lost. When a vessel is detected theaspect ratio of the possible lumen region. Features where
vessel segmentation is used to segment the vessel lumerihe feature data cannot be transformed into a normal dis-
The quality control is used to assess if a poor vessel seg4ribution is used in the Parzen Window Classifier. Features
mentation was made or if vessel information is low e.g. that are or can be transformed into a normal distribution is
due to motion artifacts. If the segmentation is approved it used in the Bayes Classifier. The vessel probability (VP)
can be used to quantify the area of the vessel lumen oth-for a candidate region is calculated by:
erwise the segmentation is discarded and vessel detection
is used in the next frame. The contour alignment is used VE = Zwﬂ'dﬁ wherew; > 0, ij =1 @
to track the vessel lumen by estimating the size of vessel J J
lumen translations in between frames and align the initial where: is the classificatiorsample,d is the classifierw
contour for the vessel segmentation in the next frame. Thethe weight ofd and j is the number of classifiers. One
approved segmentations are used as an initial contour forfeature (signed y-distance from image center to the cen-
the vessel segmentation in the next frame, as it is assumedroid) could not be normally distributed. Therefarefor
the area of the vessels does not change significantly in bethe Bayes Classifier and Parzen Window Classifier was set

tween subsequent frames. to g andé respectivelyso each feature in the classifica-
tion has equal weight. When a vessel has been detected
2.1. Vesseletection the possible vessel lumen segmentation is used as an ini-

tial contour for the vessel segmentation.

The vessetletection is used to determine if vessels are
present in a frame. It consist of a vessel candidate segmen2.2.  Vessekegmentation
tation followed by a vessel candidate classification. The
vessel candidate segmentation is based on the fact that ves- The vesselsegmentation is based on active contours
sel lumen is darker than the surrounding tissue. It con- (Snakes) which are energy-minimizing contours guided by
sist of a watershed segmentation [8] followed by an adap- internal and external forces to evolve the contour to fea-
tive thresholding. The watershed segmentation is used totures of interest [9]. To robustly reduce the risk of locating
extract vessel candidate regions where a vessel could b& false gradient when using the contour from fraini
present. It is performed on an image preprocessed withframek + 1 a multi-scale coarse to fine approach using
a morphological closing (disc, radius = 20 pixels) and Gaussian low pass filters is used [10]. To cope with vessel
a Gaussian low pass filter (standard deviatioh £520) deformation during the cardiac cycle in between frames no
to merge small gaps in between structures and only ob-inward or outward motion is preferred in the internal or
tain gross anatomical details respectively. As the water- external energies. The formulation of the snake is: [9-11]
shed segmentation often overestimate the vessel lumen the
adaptive thresholding is used to extract a possible vessel 1
lumen region. The adaptive threshold is performed on an ~ Fsnake = / Eeont(V(s)) + Erigidity(V(s))
image filtered with a median filter (kernel = 30x30) fol- 0
lowed by a Gaussian low pass filter € 4) to obtain a uni- ~Egradient (V(5))ds 2)
form vessel lumen region. The threshold was set to 20% of E.,,,; is implementedhsin [11] and encourage equal spac-
the dynamic range inside the watershed region added to theng between points on the contour to make the snake robust
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in detecting changeis shape E,. ;qit, is implemented as  Table 1. Show the parameters used for the multi-scale

in [9] to avoid abnormal shapes of the contotly;qgicr: snake at each scale of the Gaussian low pass filtering.
is implemented as multi scale gradient as in [10]. The ["Scale ¢) | E.on: (@) Erigidity B) | Egradient (7)
energy of the active contour is minimized using dynamic 10 1 05 70
programming [12]. The parameters used for the snake can 5 1 06 20

be seenin table y and3 were determined to be between 2 1 1 30

1 and 0. To achieve a more robust segmentation as mor 0 1 1 50

spurious edges appear in the fine scales due to spedkle
reduced and is increased from the coarse to fine scales.

4 echo machine (Genenalectric) and a 13-MHz, i13L GE
ultrasound transducer (General Electric, Schenectady, NY)
mounted in a novel ultrasound transducer positioning de-
vice, Echoclip [14]. The dynamic range was set to 70 dB,

2.3.  Quality control

The quality controkonsists of a contour gradient anal-
ysis in the left, right, top and bottom segments of an in- " . ; :
terpolated contour. The gradient intensity in each contour 92" to70and |ma_g.|n.g depth to 1 cm.
point is used calculate the mean gradient magnitude in the 1€ mean sensitivity, specificity and overall accuracy
segments. If the mean gradient magnitude in a segment iof the vessel detection classifier in detecting vessels was
below a thresholdso, the segmentation is not approved. assessed using an eight-fold cross validation of the clas-

The contour gradient analysis is obtained from the gradi- Sifier where regions with a vessel probabiliy80% was
ent of a Gaussian low pass filtered image=(5). w is selected to be vessel regions. Feature data for the Bayes

set to 1.5 which was determined as a level of low Vesse|CIassifier that was not normally distributed were trans-
information. formed using a box-cox transformation. For each subject

18 frames with vessels fully included within the acoustic
24, Contour alignment range of the transducer were randomly selected from sep-
arate sequences to avoid bias from using similar frames
The contour alignmentonsist of a weighted centroid from the same sequence. At each eight-fold feature data
mean shift procedure to cope with sudden vessel translaffom a separate subject was used as the test data and fea-
tions in between frames due to cardiac motion. It is a vari- ture data from the remaining subjects was used to train the
ation of the kernel based object tracking described by Co- classifier.
maniciu et al. [13] therefore does not assume any model To test the tracking and segmentation framework one
in estimating the motion of the vessel lumen. The vessel heel site and one toe site EUS sequence were randomly
segmentation in frame is initialized in framek + 1 and  selected from each subject. The tracking and segmenta-
is used as the spatial mask in the motion estimate. By as-ion framework was applied from the first frame in the
suming the vessel lumen (target model) is homogeneoussequences to each vessel (24 in total). The vessel detec-
and that bright intensities from the tissue appear inside thetion classifier was trained as in the vessel detection test
target candidate in framke + 1 when a vessel translation for each subject. Prior to the test the number of vessels
has occurred the vessel translation (VT) is estimated by: fully included within the acoustic range of the transducer
in the sequences was assessed. The percentage of these
VTy(s) = Cu(s) — Wey(s) 3) vessels that was approved by the quality control was de-
termined. The approved segmentations were assessed by a
non-expert user in an a posteriori manual visual validation
to determine the percentage of correct segmentations.

v(s) denote ertices on the contous, denote the position
on the contour by) < s < 1 where 0 is the start and 1
is the end, ¢) is the centroid of the spatial mask anddj

is the weighted centroid of the intensity content inside the

spatial mask. The contour from frankds moved accord- 4 Results
ing to VT, iterativelyuntil V7, is belowa threshold, ] o ]
¢ which is set to an absolute movement of one pixel. The eight-fold croswalidation of the vessel detection
classifier showed a mean sensitivity of 88.44%, specificity
3. Testsetup of 98.68%, and an overall accuracy of 92.82% in detecting
vessels.
Eight anesthetized pigsnderwent coronary artery by- Results from the tracking and segmentation framework

pass graft surgery and one end-to-side anastomosis watest can be viewed in table 2 and an example of the per-
performed on each pig. 10 independent in vivo EUS se- formance is shown in fig. 2. 94.11% of the vessels had an
quences, consisting of 40 - 112 frames, were obtained ofapproved segmentation. The a posterori visual validation
the heel and toe site in each anastomosis using a GE Vividshowed that 78.51% of the vessel segmentations approved
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Table 2. Results othe tracking and segmentation frame-

mediate angiography in minimally invasive coronary artery

work test. surgery. Ann Thorac Surg 1999;68:383-3809.
Vessels fully | Vessels with Approved [2] Maf:k MJ. .Intraoperative coronary graft assessment. Curr
included within | an approed | segmentations Opin Cardiol 2008;23:568-572. .
the acoustic | segmentation assessed as [3] Budde RPJZ Meijer R, Des_smg TC, B'orst C,_L@deman
range [%] correct [%] PF. Detection of construction errors in ex vivo coronary
artery anastomoses by 13-mhz epicardial ultrasonography.
1493 94.11 78.51 J Thorac Cardiovasc Surg 2005;129:1078-1083.

[4] Khalid IS, Lg vstakken L, Kirkeby-Garstad I, Torp H, Vik-
Mo H, Haaverstad R. Effect of the cardiac cycle on the
coronary anastomosis assessed by ultrasound. Asian Car-
diocasc Thorac Ann 2007;15:86-90.

[5] Guerrero J, Salcudean SE, McEwen JA, Masri BA, Nico-
laou S. Real-time vessel segmentation and tracking for ul-
trasound imaging applications. IEEE transactions on medi-
cal imaging 2007;26:1079-1090.

[6] Stoitsis J, Golemati S, Kendros S, Nikita KS. Automated
detection of the carotid artery wall in b-mode ultrasound
images using active contours initialized by the hough trans-
form. Engineering in Medicine and Biology Society 2008;
EMBS 2008. 30th Annual International Conference of the
IEEE:3146-3149.

[7] Brusseau E, de Korte CL, Mastik F, Schaar J, van der Steen

AFW. Fully automatic luminal contour segmentation in

intracoronary ultrasound imaging - a statistical approach.

IEEE transactions on medical imaging 2004;23:554-566.

Meyer F. Topographic distance and wathershed lines. Sig-

nal Processing 1993;38:113-125.

Kass M, Witkin A, Terzopoulos D. Snakes: Active con-

Figure 2. Shws an example of the tracking and segmen-
tation framework. (A) show the vessel detection segmen- g
tations. Green lines are the watershed candidate regions,
red lines are possible lumen regions of preliminary elim- [gj
inated candidate regions, and cyan contours are possible  tour models. International journal of computer vision 1988;
lumen regions of candidates which is assessed by the clas-  1:321-331.

sifier. Object 1, 2, and 3 has a vessel probability of 94.86%, [10] Lindeberg T, Ter Haar Romeny BM. Linear scale-space.
2.63% and 99.18% respectively. (B) shows the vessel seg-  Geometry Driven Diffusion in Computer Vision 1994;1:1—
mentation of detected vessels. (C) shows the result of the ~ 41.

segmentations (yellow contour) in franke+ 1. The red [11] Ji L Yan H. Attractable s.nakes based on the.greedy al-
contours are the segmentations from fratne(D) is the gorithm for contour extraction. Pattern Recognition 2002;

; L 35:791-806.
final segmentation in framke + 2. [12] Amini AA, Weymouth TE, Jain RC. Using dynamic

programming for solving variational problems in vision.
IEEE Transactions on pattern analysis and machine learn-
ing 1990;12:855-867.
[13] Comaniciu D, Ramesh V, Meer P. Kernel-based object
tracking. IEEE transaction on pattern analysis and machine
intelligence 2003;25:564-577.
Staalsen NH, Kjaergaard B, Andreasen JJ. A new tech-
nique facilitating intraoperative, high-frequency echocar-
diography of coronary bypass graft anastomoses. J Thorac
Cardiovasc Surg 2011;141:295-296.

by the quality control were segmented correct.

5. Discussion

We hae presented an automatic tracking and segmenta-[1 4]
tion framework to detect, track and segment vessels using
transverse in vivo EUS sequences of the heel and toe sites
in anastomoses. 78.51% of the vessel segmentations were
assessed as correct. This may be improved by increasing
the thresholdso, in the quality control or by improving the
vessel segmentation to not only rely on gradient based in-Address for correspondence:
formation. It was shown that it was possible to detect and
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track vessels in EUS sequences with a high accuracy. X SKOVS gens
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