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A Registration-Based Approach to Quantify
Flow-Mediated Dilation (FMD) of the Brachial
Artery in Ultrasound Image Sequences

Alejandro F. Frangi* Associate Member, IEEBMartin Laclaustra, and Pablo Lamata

Abstract—Flow-mediated dilation (FMD) offers a mechanismto endothelial health; B-mode ultrasonography (US) is a cheap
characterize endothelial function and, therefore, may play a role and noninvasive way to estimate this dilation response [5].
in the diagnosis of cardiovascular diseases. Computerized analysisyqowever complementary computerized image analysis tech-

techniques are very desirable to give accuracy and objectivity a5 are still very desirable to give accuracy and objectivity
to the measurements. Virtually all methods proposed up to now
to the measurements [1].

to measure FMD rely on accurate edge detection of the arterial )
wall, and they are not always robust in the presence of poorimage ~ Several methods based on the detection of edges of the arte-

quality or image artifacts. A novel method for automatic dilation rial wall have been proposed over the last ten years. The first
assessment based on a global image analysis strategy is presentegtudies used a tedious manual procedure [5], which had a high
We model interframe arterial dilation as a superposition of arigid  interobserver variability [6]. Some interactive methods tried to
motion and a scaling factor perpendicular to the artery. Rigid —oq,,ce this variability by attracting manually drawn contours to
motion can be interpreted as a global compensation for patient . . - . .
and probe movements, an aspect that has not been sufficiently'mage featu_res’ like the maximum image gradient, where the
studied before. The scaling factor explains arterial dilation. Vessel wall is assumed to be located [7]-[10]. Some more re-
The ultrasound sequence is analyzed in two phases using imagecent efforts are focused on dynamic programming or deformable
registration to recover both transformation models. Temporal models [11]-[18], and on neural networks [19].
continuity in the registration parameters along the sequence is  A|l these methods present some common limitations. First,
enforced with a Kalman filter since the dilation process is known —oqge detection techniques are undermined by important error
to be a gradual physiological phenomenon. Comparing automated . . L . -
and gold standard measurements (average of manual measure-SOUrces like speckle noise or the varying 'mage quallty.typlcal
ments) we found a negligible bias (0.05%FMD) and a small Of US sequences. Second, most methods require expertinterven-
standard deviation (SD) of the differences (1.05%FMD). These tion to manually guide or correct the measurements, thus being
values are comparable with those obtained from manual measure- prone to introduce operator-dependent variability. Also, almost
ments bias = 0.23%FMD, SDiytra—obs = 1.13%FMD, g method performs motion compensation to correct for patient
SDinter—obs = 1.20%FMD). The proposed method offers 5nq probe position changes. This could easily lead to measuring
also better reproducibility (CV = 0.40%) than the manual . 4o dilation using wrong anatomical correspondences. Tem-
measurements CV = 1.04%). R -
. . . o poral continuity is another aspect that has not been exploited
Index Terms—Endothelial function, flow-mediated dilation, enough in previous work. Two consecutive frames have a high

image registration, ultrasound. correlation, and only Newest al.[19] and Faret al.[15] take
advantage of this feature during edge detection. Finally, there
|. INTRODUCTION is a general lack of large-scale validation studies in most of the

o . techniques presented so far.
A SSESSMENT and characterization of endothelial func- |, yhis haper, a method is proposed which is based on a global
tion in the diagnosis of cardiovascular diseases is @ataqy to quantify flow-mediated vasodilation. We model in-
current clinical research topic [1], [2]. The endothelium Shows fame arterial vasodilation as a superposition of a rigid mo-
measurable responses to flow changes [3], [4], and flow-mgs, (ransiation and rotation) and a scaling factor normal to the
diated dilation (FMD) may, therefore, be used for assessiGgary Rigid motion can be interpreted as a global compensa-

tion for patient and probe movements. The scaling factor ex-
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Fig. 2. A whole typical examination is made up of several segments along the

Fig. 1. Experimental setup.

sequence: B1, DI, FMD, B2, and NMD.

our technique. Section Il introduces the proposed method &tra-luminal structures along the sequence. All these factors
assess FMD. The validation of the technique is reported igve to be handled appropriately in the postprocessing stage if
Section IV. In Section V, the results are discussed and soitf€ computerized analysis has to be used on a routine basis.
concluding remarks are made in Section VI. Each sequence has about 1200 frames and a duration of
around 20 min, acquiring each second the last telediastolic
frame previously hold. This provides a fixed sampling rate
irrespective of heart rate, which means a substantial benefit for
A Subi clinical interpretation, as different stimulus are applied on a
. jects . . e , .
time basis along the clinical test. As the dynamics of endothelial
A total of 195 sequences of varying image quality wergasodilation is much slower than changes happening between
studied, corresponding to 195 male volunteers of the Spantsdrdiac cycles, with this sampling rate, missing information
Army (age range, 34-36 years). This sample is part of th&m one heartbeat or using one heartbeat twice does not affect,
AGEMZA Study, a national cohort study of cardiovasculaif practice, the results.
risk factors in young adults and includes subjects with a wide FMD is the vasodilation response to hyperemia after a tran-
range of clinical characteristics (body weight: 62.3 —111.8 Kgitory distal ischemia (DI) induced in the forearm using a pneu-
body mass index: 20.59 —35.36g/m?; hypertension: 9%; matic cuff distal to the probe (Fig. 1). The dilation mediated
hypercholesterolemia: 20%; smokers: 24%). by a chemical vasodilator, the nitroglycerine, or nitroglycerine-
mediated dilation (NMD), is also registered. Accordingly, five
phases of the medical test can be distinguished in each sequence

Il. MATERIALS

B. Image Acquisition

I . . .. (see
Image acquisition was carried out at the Hospital CI|n|c$)

Universitario Lozano Blesa (Zaragoza, Spain). The echographic «
probe was positioned onto the arm of the patient lying supine
on abed. A silicon gel was used as impedance adapter for better
ultrasound wave transmission. The probe, once the correct ori-«
entation angle was found, was fixed with a probe holder to the
table where the patient’'s arm lies (Fig. 1). Telediastolic images
were captured and hold, coincident with the peak of the R wave
of the electrocardiogram. A SONOS 4500 (Agilent Technolo-
gies, Andover, MA) ultrasound system was used in frequency
fusion mode and employing a 5-7.5 MHz trapezoidal multifre-
quency probe. Images were transferred to a frame grabber via
a video Y/C link and images were digitized at a resolution of
768x 576 pixels.

During the examination, unavoidable movements take place,
thus changing the relative position between the transducer e
and the artery. Therefore, expert intervention is sometimes
required to control the image quality by readjusting the ori-
entation of the transducer to keep visible borders as sharp as
possible. Both, motion artifacts and successive readjustments
may induce changes in image quality as well as changes on

Fig. 2).

Rest baseline (B1) Initial rest state preceding DI.
Presents the bestimage quality in the whole sequence and
lasts for about 1 min.

Distal ischemia (DI). The cuff is inflated and, therefore,
the image quality is usually the worst in the sequence. It
takes approximately 5 min. This phase ends when the cuff
pressure is released.

Flow-mediated dilation (FMD). Response to reactive hy-
peremia. The maximum %FMD of healthy subjects has a
mean value around 5%, and it takes place about 60 s after
the cuff is released [5]. At the beginning of this phase, and
coincident with the release of the cuff, it is common to
have important motion artifacts. The duration of this phase
depends on each patient.

Post-FMD baseline (B2) The artery diameter returns to a
steady state. This state does not necessary have to coincide
with that of B1.

Nitroglycerine-mediated dilation (NMD). Response to

the sublingual supply of a fixed dose of this chemical va-
sodilator, which is made 8 min later than the cuff release.
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Image Comh:)(;tl:(s):tion | Dilation Estimation
Sequence (rigid registration) > (affine registration)

Fig. 3. Overview of the proposed two-stage method: after motic
compensation is carried out by recovering a rigid motion model, tt
vasodilation is measured by computing the scaling factor along the normal
the artery that best matches the two analyzed frames.

I1l. PROPOSEDMETHOD

: : Fig. 4. Preprocessing applied to the reference frame before the phase of
A. Algorlthm Overview vasodilation assessment. a) Original reference frame, and b) the reference

Our technique assumes that the vasodilation that takes p|gé@e after alignment to the horizontal axis and padding out of background
uctures.

between two frames can be modeled by a constant scaling in The

direction normal to the artery. This scale factor is obtained by TABLE |

means of image registration. DIFFERENT SIMILARITY MEASURES

A reference frame is selected from the beginning of the se-
guence. All the other frames are registered to this reference  SSD Sum of Squared Differences
frame. Changes in the relative position between the patientand CC Cross Correlation
the transducer are quite common during a whole examination, GCC Gradient image Cross Correlation
which may take up to 20 min. To elude wrong anatomical cor- JE Joint Entropy
respondences, motion compensation becomes necessary, and a M Mutual Information
rigid image registration technique is used to this end. NMI Normalized Mutual Information

Structures surrounding the artery in the image may be impar=
tant to resolve potential ambiguities in the longitudinal align-
ment between two frames, which occur because of the lineal §&t€d in (1). The similarity measure is computed over all points,
ture of the arterial walls. On the other hand, extra-luminal strué> Of the overlap region of both images
tures introduce artifacts when measuring the vasodilation since M(A(P),B(T(P))). 1)
they do not necessarily deform in the same way as the arteryy ,r motion model between the origin&t, y) and trans-
dpes_. Therefore, thgy sho_uld.be take_n Into account when fgr'med(x’,y’) coordinates is a rigid transformation of the form
trieving the global rigid motion information of the model, whilst , .
arterial vasodilation estimation should only consider the artery (‘E ) - <C_059 - Sm@) . (‘E) + (fﬁv) )
deformation. Y sinff cosf Yy ty

Our technique proceeds in two phases as summarized if\s we are imaging only a small and roughly straight vessel
Fig. 3: motion compensation and dilation assessment. The fig@gment, the vasodilation can be assumed to be normal to the
phase uses the original frames and rigid image registrationaiery and, therefore, it can be modeled by only a scaling factor
recover a rigid motion model. Translation and rotation paramig- that direction. Then, the vasodilation model is a similarity
ters are used to initialize the subsequent phase of vasodilatiggnsformation with four degrees of freedom (DOFs)
estimation. This second stage employs an affine registration (' [ cos# ~S, -sinf T ty 3
model. To avoid artifacts when measuring arterial vasodilation < /) - (Sing S, - cosf > ’ <y> + <ty> )

Y
it is convenient to remove background extra luminal structuresz) Registration MeasureSeveral registration measures
e been traditionally used in medical image matching and

by padding them out from the reference frame. Preprocessj
of this frame also requires repositioning it so that the artery 'ﬁey main ones are listed in Table |

normal to the scaling direction, that is to say, aligned with the Among the different similarity measures, NMI is selected in

horizontal axis, since our model searches for a vertical sc:alim;;S work owing to its low sensitivity to the size of the overlap

factor (see Fig. 4). Both operations are performed manually PLhion [20], and due to its higher accuracy (See Section IV-B2.
the reference frame. Manual masking only requires to roughﬁﬁis measure. is defined as

draw two lines in the reference frame and repositioning, to H(A) + H(B)
align a line with the direction of the artery, a process that is NMI(A,B) = ————
simple and takes only a few seconds per image sequence. H(A, B)

Temporal continuity is enforced in both phases by means\sheret (A) is the entropy of imagel defined as
a Kalman filter in the registration parameter space prior to reg- H(A) = — Z pi - log p; (5)
istering each new frame. -

In the next two subsections the registration algorithm and EﬁdH(A. B) is the joint entropy between imagesand B de-
initialization, enforcing temporal continuity, are discussed. fined as

(4)

B. Registration Algorithm H(A,B) ==Y pi,; log pi;. (6)
i

1) Motion and Vasodilation ModelsRegistering image3
onto imageA requires finding a transformatidfi(-) that maps  The entropies are computed from the image histograms where
B into A by maximizing a registration measulé(-) as indi- p; is an approximation of the probability of occurrence of inten-
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TABLE 1
SUMMARY OF REGISTRATION PARAMETERS

Parameter Symbol Value
Registration measure M See Table I
No. of bins in joint histogram discretization b 64
Gaussian kernel width for pre-blurring Gy 1
Resampling ratio p 1.5
No. of resolution levels r 3
Interpolation scheme - Bilinear

sity value:. Similarly, the joint entropy is computed from the X (n) y (1)

joint histogram where; ; is the approximation of the proba- 71 C(n)

bility of the occurrence of corresponding intensity pdirs;). "

Linear interpolation is used to obtain intensities in nonintegv ()

pixel values to build the joint histograms. Fin-l
3) Optimization Algorithm:A multiresolution framework (1) va (1)

proposed by Studholmet al. [21] is employed to recover the

optimal transformation. The image is iteratively sub-sampléddp- 5. Kalman filter state and observation models.

by a factor of two to build a multiresolution image pyramid.

The registration problem is solved at each pyramid level intg make the predictions. The observation model is known with
coarse to fine fashion. The registration parameters founda'a‘{uncertainty also modeled by a Gaussian proeegs) with
each level are used as starting estimates for the parameteisodlerQ, (n), and an observation matri¥(n) that relates state
the next level. and observation vectors (see Fig. 5). The Kalman @&jiin)

4) Summary of Registration Parameters1 Table II, a sum- \yejghts new information (innovation) provided by current ob-

mary of the parameters of the registration algorithm is providegeryations. The estimation is made according to
To compute the several registration metrics of Table I, the joint ~

histogram is discretized using 6464 bins. Prior to image reg- X(n)= X(n)+Gx(n)x(Y(n)-=C(n)xX(n)).  (7)
istration, the images are prefiltered with a Gaussian kernel of .
o, = 1 pixel and the images are resampled to a new pixel—sizeln our case, thg state vectKr(n)_ accounts for th? position,

of 1.5 with respect to the original size. These two steps ¢ (fation and scaling _Of the artery in each frame with respect to
help to reduce small-scale noise and to reduce the computati Sl reference frame; the measurement ved’tjn;), registers

load, and yield seemly registration results. Finally, the optimiz 18 parameters output by the_ registration algorithm. Therefore,
tion strategy proceeds in three resolution levels. Image interp (n) equals the identity matrix as in our problem the states are

lation is carri ing a bilinear interpolation scheme. ~ dI"ectly observable. . . .
ation is carried out using a bilinear interpolatio In the next two subsections, the elaboration of the starting

estimates in the motion compensation and in the vasodilation
stages are presented.

In order to perform motion compensation and vasodilation 1) Starting Estimate in Motion Compensatioithe state
assessment, it is convenient to introduce prior knowledge abeattor in the motion compensation phase involves three com-
the smooth nature of the arterial vasodilation process. @&higponents: two translation parameters,andt,, and a rotation
priori information could be used to filter out sharp transitionangle,f. It has not been possible to derive an elaborated linear
in the vasodilation parameter, which arise as a consequencenaidel of the dynamics of these parameters owing to the strong
registration errors and which are not physiologically plausibleaonstationary behavior of the motion artifacts. Without this
Moreover, these registration errors could easily propagatertmdel it becomes very difficult to estimatg (n) andQ2(n).
the following frames, thus invalidating all subsequent measure-In this situation, we used a motion model using a zero-order
ments. prediction scheme whei®(n,n — 1) is the identity matrix in-

To avoid error propagation and impose constraints on the \dieating that the next state equals the current state and, there-
sodilation dynamics, a Kalman filter [22] is employed in ordefore, a constant Kalman gai@ is used. In this way, a system-
to improve the estimation of the initial registration parameteratic inertia is introduced during motion tracking that minimizes
This filter recursively weights each new measurement vectéglling into wrong local minima not temporally consistent with
Y (n), with the accumulated history to elaborate the next esfirevious history of arterial motion; on the other hand, it might
mate of a state vectoX(n), which describes the internal be-also slow down the ability to track sudden transitions coming
havior of a system. According to this technique a state vectpom true motion artifacts. A Kalman gain of 0.1 has empirically
is estimatedX (n), from an observation or measurement vect@hown to be a good compromise between these two competing
Y (n) and ana priori prediction of the statéX(n), made only goals and it was used throughout our experiments.
on the basis of state history. A state and an observation mode2) Starting Estimate During Vasodilation Assessmednit:
are employed. The state is modeled as a Gaussian progess this stage, we assume that the translation and rotation parame-
with power Q;(n), and a transition matri¥(n,n — 1) used ters were correctly recovered at the motion compensation stage.

C. Temporal Continuity
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0.030 Fig. 7. In four sequences, the reference frame has been aligned
with the frame showing maximum FMD.

0.025

B. Evaluation
0.020

Three properties of the proposed method are analyzed:
0.015 | accuracy (agreement with the gold-standard), reproducibility
(repeatability), and robustness (degree of automation of the
measurement without apparent failure). To evaluate accuracy, a
number of expert manual measurements are analyzed and uti-
lized as gold-standard measurements. As well, to get a pattern
to compare our method with, accuracy and reproducibility of
these manual measurements are also calculated.

We define %FMD as measurement unit for all the sequence
values analyzed and represent the relative diameter of a given
frame in the sequence to the mean diameter over phase B1 ex-
Fig. 6. Estimated(,(n) used for the computation of#;(n) during Pressed as percentage.
vasodilation assessment. It contains the expected vasodilation dynamics alonTwo statistical methods are used. First, we used
the sequence. Instants with higher value @f(n) correspond to higher Bland—Altman plots [23], a classical method to define limits of
uncertainty about the chose dynamic model and, consequently, where it has ’ . L
be relaxed to accommodate for possibly sudden transitions. agreement between two measurement techniques as indicated

by d + 1.96 - SD whered is the mean difference (bias) and SD
) _is the standard deviation of the differences.
Therefore, only the scale factdf,, will be used as state vari-  gecond, we used analysis of variance to estimate the vari-
able in this stage. The scaling factor has also a nonstatmnggﬂity (reproducibility) of repeated measurements on every
behavior as its instantaneous power changes widely over tifigme \We expressed these also as coefficient of variation (CV),
In this situation, the prediction model is assumed to be like ghiained from the mean valug:() and the standard deviation

the motion compensation stage where the previous state is u&qg ) of the %FMD measurements as indicated
to predict the current state.

Owing to the standardized acquisition protocol, the vasodila- SDyrMD
tion time series has a characteristic temporal evolution, which CV=_——"—.
can be exploited to give aa priori estimation ofQ;(n). The
value of Q1 (n) is high when vasodilation is expected and itis 1) Manual MeasurementsManual measurements of ar-
lowered when no variations in the artery diameter should lbexial diameter were performed in 117 frames corresponding
found (e.g., at baselines). On the other hand, the observationfour sequences of different image quality. Three experts
noise powerQ:(n) is considered constant, and it is estimatedssessed each frame twice in independent sessions. In each
from the first 60 s when vasodilation is known to be z&)e(n) sequence several frames were measured: one out of ten in phase
is assumed stationary as it mainly depends on the image quaRy, (frame numbetd, 11...61) and one out of 50 during the
which can be considered uniform in time for a given sequencest of the test (frame numbe&d1, 151 . ..). Depending on the

The temporal evolution of);(n) is shown in Fig. 6. It has duration of the sequence the total number of measured frames
been estimated from the analysis of 50 vasodilation curves (frovas between 28 and 30 per sequence.
the dataset described in Section IIl) that were free from artifactsEach diameter measurement was obtained by manually fit-
and obtained with the computerized method but using a fixéidg a spline to the inner contour of each arterial wall. The di-
Gr(n) = 0.1 to assess the vasodilation. The plot indicates theneter was defined as the average distance between both spline
average instantaneous power over the 50 realizations. Thectives (see Appendix Il). The vasodilation measurements were
initial frames are processed with; = 0 to calculate(), in obtained by dividing the manually obtained diameters by the av-
each sequence, because no vasodilation is expected duringehégie diameter over phase B1; the dilation was finally expressed
interval and any variation here should be regarded as measa®a percentage, getting %FMD values as defined before.

——

Q1 (n)

———

0.010

_—’_—

0.005 \

Ve
)
/"

0.000
0 250 500 750 1000 1250 1500

n

9)

My FMD

ment noise. Gold-standard measurements were derived from these 117
The values of); (n) and@Q- determingZ.(n) using the next frames. The grand-average of the six diameter measurements
equation derived in Appendix | done by the three observers is considered the gold-standard ar-

5 terial diameter estimate for each frame. The gold-standard dila-
_ =)+ (@Qi(n)? +4-Qu(n) - Q2 (8) tion measurements are obtained by dividing these estimated di-

Gk n .

(n) 2-Q2 ameters by the grand-average diameter over phase B1 for each
sequence, to get %FMD values. Accuracy, reproducibility, and
intraobserver and interobserver variability of manual measure-

IV. RESULTS
ments were analyzed.
A. Examples i) Accuracy. Fig. 8 shows the Bland—Altman plots com-
Image registration between two frames searches for the trans-  paring the intersession average measurement for each
formation that puts them into correspondence. To visually illus- observer and the gold-standard measurements. The bi-

trate the algorithm performance, four examples are shown in  ases and SD of the differences for the three observers
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Fig. 7. Four registration examples of four sequences of different image quality. Each figure shows the FMD frame where maximum vasodilati@itpccurs (I
registered to the reference B1 frame (right).
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Fig. 8. Bland—Altman plots comparing the intersession measurement average versus the gold-standard measurements. The horizontal asdnaid#tal axe
the average %FMD and the difference %FMD, respectively.

are given in Table Ill. SDs are corrected to take into ac- ii) Reproducibility. The CV of each group of six measure-
count repeated measurements according to the method ments is calculated for each one of the 117 manually
proposed by Bland and Altman [25]. measured frames. This CV is averaged for all the frames
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TABLE Il
ACCURACY OF MANUAL MEASUREMENTS BIAS AND STANDARD DEVIATION OF THE DIFFERENCES(SD..), CORRECTED FORREPEATED MEASUREMENTS
BETWEEN MANUAL AND GOLD-STANDARD %FMD MEASUREMENTS SD,,, AND SD.,, STAND FOR THE SD OF THE INTERSESSIONAVERAGE DIFFERENCES
AND THE WITHIN-OBSERVERV ARIABILITY

Obs1 ObsIl Obs III
‘Bias (%FMD)  -0.16 -0.18 034
SD, (+%FMD) 068 094 0.8
SD, (+%FMD) 074 114 14l
SD, (*%FMD) 086 124 120

TABLE IV
REPRODUCIBILITY OF MANUAL AND AUTOMATED MEASUREMENTS MEAN AND SD OF CV (%) MEASUREDWITH RESPECT TO%FMD VALUES

CV (m=*SD) Sequence A Sequence B Sequence C Sequence D  Overall
Manual (%) 095+05 12004 0.71£0.6 1.35£0.6 1.04£0.6
Computerized (%) 0.23+0.1 0.26%0.1 032+03 0.84+04 040+03
. Observer | Observer I
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Fig. 9. Bland—-Altman plots comparing the two manual sessions of dilation measurements of each observer. The horizontal and vertical axesandreate th
%FMD and the difference %FMD of the two sessions, respectively.

of each one of the four sequences, being considerediii) Interobserver and Intraobserver variability . Fig. 9

the CV of the manual measurement for each sequence. shows Bland—Altman plots comparing both sessions
These four values are averaged finally, obtaining an of each observer. In order to estimate the overall in-

overall reproducibility value for manual measurements terobserver and intraobserver variability of manual

in our study. The results are shown in Table IV. measurements (with correction for repeated measure-
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TABLE V
Two-WAY ANOVA OF MANUAL MEASUREMENTS OF%FMD. SS) (SUM OF SQUARES), DOFs, M) (MEAN SQUARES), F' (F' OF
SNEDECOR), P (SNEDECORTEST SIGNIFICANCE)

Source of variation SSq DOF MSq F P
Frame 9329.083 116 80.423 62.82 <0.0001
Observer 19.415 2 9708 7.58 0.0006
Observer x Frame 359.752 232 1.551 1.21 0.0529
Session 449.370 351 1.280
Total 10157.620 701
ments) we carried out the procedure proposed by Bland TABLE VI

and Alman in [24].To hs end, a two-way analysis of - Cson ey Drseren Sy Mermcs B o
variance (ANOVA) with repeated measurements was STANDARD MEASURES AND THEAUTOMATIC DILATION OBTAINED
performed using Analyze-it v 1.68 (Analyze-It Software  WiTH DIFFERENT SIMILARITY MEASURES FIGURES ARE REPORTED
Ltd, Leeds, U.K.). The two-way ANOVA was controlled CORRESPOND TO%FMD VALUES

by observer and measurement frame as fixed factors
and by the session number as random factor (Table V). NMI_ MI GCC_JE CC_ SSD
From this analysis, the interobserver and intraobserver Bias  (Y%FMD) +0.05 +0.11 +0.25 -1.00 +1.03 +1.68
within-frame %FMD SDs were 1.20% and 1.13%, re- SD_(E%FMD) 105 108 202 249 255 3.92

spectively.

8

2) Computerized Measurement$he scaling factor in the
direction normal to the vessel axis that relates each frame to the 6
reference frame constitutes the vasodilation parameter output by
the automatic method. As a consequence, the measurements@ré s
normalized to the arterial diameter of the reference frame. TI*E ) -

normalization is different to that of the gold-standard dilationR o o |
measurements, which, as described before, were normalized fr o
each sequence to the grand-average diameter over phase B1STo |« . ”4
make the computerized measurements comparable to the ggd? T . P O e U SRS RO SO FO B SRS S SO
standard, a new normalization of the former measurementsif .
necessary. To this end, the values measured at each frame are
divided by the average values over all measurements of phase.q
B1, and are multiplied by a factor 100 to obtain %FMD values.

a) Choosing a Similarity MeasureSeveral similarity -8
measures traditionally used in image registration were com-
pared in order to select the most appropriate one. Thus, the four Mean %FMD

sequences where gold-standard measurements were available ] ) )
were processed using the six similarity measures introdu{ggg 10. Bland-Altman plot comparing the automatic measurements (using

. . J | as similarity measure) versus the gold standard. The horizontal and vertical
n Table I. Finally, 90|d'5tand5}rd vasodilations WEre cCompargfes indicate the average %FMD and the difference %FMD of the automatic
with the automated vasodilations computed using each regigasurements and the gold-standard measurements, respectively.

tration measure. Table VI indicates that NMI yields the most
accurate estimates although the results are only marginatynographer, there were no evident artifacts in the vasodilation
better than using MI. NMl is, therefore, the similarity measureurve, the result was scored as good (77.3% of sequences).
selected. Artifacts considered were, for instance, lack of convergence
b) Accuracy: Fig. 10 shows a Bland—Altman plot com-or unusual vasodilation evolution. A vasodilation curve was
paring the automated versus the gold-standard measuremamisked as useful (5.2% of sequences) when artifacts appear
The SD of the differences is 1.05%. The dilation curves obtainedly in the DI phase(Fig. 2), where no medical information is
by the proposed method are superimposed to the gold-standarte extracted, and therefore, it would still be possible to get
measurements in Fig. 11 where we also include the 95% cordiical information from the other phases.
dence interval of the gold-standard measurements for compar- d) Reproducibility: The four sequences with gold-stan-
ison. dard measurements were analyzed with the automatic method
¢) RobustnessThe whole set of 195 sequences were pran six independent runs. Each time a different reference frame
cessed with the proposed method (more than 280 000 frame&s randomly chosen from within phase B1 and it was manu-
The overall result was ranked according to the ability to recovelly preprocessed (horizontal repositioning of the vessel and re-
the clinically relevant information from the correspondingnoval of extra luminal structures). The CV was computed using
vasodilation curve. The results were classified as good, usedisla basis the six dilation measurements for each frame of each
and bad, depending on the amount and severity of the agequence. Subsequently, the mean CV in each sequence was ob-
facts present in the curve. When, in the opinion of an expddined by averaging the CV values of the frames where manual
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Fig.11. FMD curves obtained by the proposed automated method (—), and by the gold-standard measdrentemts pars show the 95% confidence interval
of the gold-standard measurements for comparison.

measurements were also carried out. These four values are petween the automated and the gold-standard measurements
sented in Table IV. is 1.05%FMD, which is slightly lower than the intraob-
server and interobserver variabilities of manual measurements
(1.13%FMD and 1.20%FMD, respectively). From the dilation
CV, the proposed method has also shown to present better
Artery vasodilation assessment is a complex task owing teproducibility CV = 0.40%) than the manual procedure
the poor quality of US image sequences and the small ran@®v/ = 1.04%).
of the vasodilation that has to be measured. Previous attempt¥he method is reasonably fast. Our experiments were carried
to solve this problem were based on detecting the edges of the on a PC (Pentium Il at 600 MHz) under RedHat 7.2 Linux
arterial wall. These methods have been successful to some @perating system. The registration algorithm and the Kalman
tent; however, edge detection in ultrasound is prone to fail duefiibering are both coded in C++ without a thorough code opti-
the presence of speckle noise, poor-quality edge definition, amikzation since the implementation of the registration method is
acoustic shadows. In our opinion, these techniques are basedgeneral-purpose software not specifically devised for this ap-
low-level features with a poor reliability. plication. Under these constraints, the mean execution times per
Our method, on the contrary, deals with the images in a mdrame are 6.4 sYD = 0.8 s) and 4.0 s{D = 1.2 s) for the first
global manner. We model vasodilation as a scaling factor bend second phase, respectively. This time also incorporates out-
tween frames that can be recovered by means of image rpgtting of progress information. From our experience with the
istration techniques. The effect of low-level artifacts is, thersoftware, we think that these figures could still be cut down sub-
fore, minimized as the registration measure is computed usistgntially by customizing and further optimizing several parts of
all the information present in the whole image, and not just #te code.
the edges. The vasodilation model used in this approach has also some
Results obtained with the automated method were better th@otential limitations. Here, dilation is recovered by means of re-
those measured manually by medical experts. The proposkated similarity transformation between each frame and the ref-
method presents a negligible bias (0.05%FMD) whereas teeence one. However, this implicitly assumes that the wall thick-
bias of the manual measurements depends on the obsengss dilates in the same way that the artery does, while it may re-
(range —0.16 to +0.34%FMD). The SD of the differences main constant or even thin during lumen dilation. The unstable

V. DISCUSSION
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presence of the lumen-intimae boundary could potentially af- APPENDIX |

fect the registration results. Finally, structures stuck to the outer CALCULATION OF G(n)
part of the arterial wall may introduce errors in the vasodilation
measurements since they make it more difficult to adequatel

pad the reference frame. The results obtained in this paper sl at;or}colrtltrlbultecli tt)_y each'newf|r|1|put data. The necessary el-
to indicate, however, that the vasodilation model outlined in thfdNents for its calculation are. as Tollows.

work is a reasonable simplification. » State model transition matrixF(n,n — 1) and noise
Motion compensation is necessary to avoid potential sources Process poweQ; (n). The matrix¥(n,n — 1) models the

of bias in the subsequent estimation of vasodilation and to dynamics of the state arf@,(n) models the uncertainty

ensure that vasodilation is measured by comparing the same 0f the dynamic model.

artery segment in two different frames. Nevertheless, stable * Observation model observation matrixC(n) and noise

motion references are required to succeed in motion recovery process powerQz(n). The matrix C(n) relates the

and avoiding indetermination of the correct alignment in the  (hidden) state and the observable/measurable variables

In the Kalman filter, the Kalman Gair;) weights the in-

longitudinal direction of the artery. Moreover, only 2-D infor- while Q2 (n) models the measurement error.
mation is available in the image to correct a problem that is « Measurements Y (n).
intrinsically 3-D in nature. The transition matrix is used to predict the next state from the

Another advantage of motion compensation is that it makesst state estimate
unnecessary the manual [12], [13] or automatic [15] tracking
of a region of interest (ROI) in the image sequence. This ROI X(n) =F(n,n—1)- X(n —1). (10)
tracking is required for the edge detection of some of the
methods proposed in the literature. Our technique requires arhe next observatiorﬁ’(n), is predicted using the observa-

simple preprocessing of only the reference frame. The interagm matrix, C(n), and the state prediction
tion required is minimal (only rough delineation of two lines)

and introduces a small variability (it is included in the CV of Y(n) = C(n) - X(n). (11)
0.40% obtained in the reproducibility study).

The initialization of the regiStration algorithm is a very im- The difference between the Observatib’mn) and the data
portant aspect. This initial transformation should fall inside thgrediction is the innovation(n)
capture range of the algorithm [21] whose size depends on many
factors, and its determination is not possialgriori. Some of a(n) = Y(n) — Y(n). (12)
these factors are the image quality, the line thickness of the

arterial walls and the preprocessing made to the images. It iSrhe state estimate is computed by adding the state prediction
common that some frames appear with poor image quality alopgine innovation weighted by the Kalman Gain
the sequence due to patient’s motion. One of these frames may

probably lead to erroneous registration values. To reduce error X(n) _ X(n) + Gx(n) - a(n). (13)
propagation Kalman filtering has shown to be very valuable.

Finally, it is important to recall that the _proposed_ trgcking_ Several new matrices are calculated to deternGhe(n):
strategy depends on a model of mean arterial vasodilation. T{Hﬁ correlation matrix of the priori state-error E(n|n — 1)),

model was estimated from a number of training vasodilatiqe o ejation matrix of the posteriori state-error E(n|n))
curves, which corresponded to young healthy volunteers. The,

XAd the correlation matrix of the innovation procEXs). Four
fore, this model could bias the analysis of sequences comin . procis)
: . 2. . . O'guatlons are needed
from a general population or in specific subject groups like ofd
obese patients. This limitation could be overcome by using a

larger training set for building the mean vasodilation model or E(njn—1) =F(n,n—1) - E(n—1n—1)

by having several models for different age groups. FH(n,n—1)+Q1(n) (14)
E(n) =C(n) - E(n|n—1) - C*(n)+Qa(n) (15)

Gk (n) =E(n|n—1)- C(n) - E~}(n) (16)

VI ConcLusion E(n|n) =[1-Gx(n) - C(n)] - E(nn—1).  (17)

A new method to assess brachial artery vasodilation in US ) )
sequences has been presented. This method, based on imalje@ur case, the state vector is made up of the artery posi-
registration, minimizes the effect of low-level artifacts. It als§on. orientation, and the vasodilation fact@i(r) is the iden-

incorporates a motion compensation phase, which relieves t¥ as the observation variables are simply a noisy version of the
operator of manually tracking a ROI. state variables. Moreover, all matrix expressions become scalar,

The method is accuratbifs = +0.05%, and limits of agree- Since the state prediction model is zero-order. Under these as-
ment+2.05%FMD), has better reproducibility(V = 0.40%) sumptions, and the hypothesis that the covariance & freori
than manual measurement8\ = 1.04%), and is robust, state-error equals the covariance of éhposterioristate error
yielding clinically relevant information in at least 80% of(whatwould happen in a stationary situation), the last four equa-
the sequences in an uncontrolled clinical setting. Finally, tiens boil down to
method requires minimal user intervention having limited effect
on the reproducibility of the measurements. G2%(n) - Qa(n) + Gg(n) - Q1(n) — Q1(n) = 0. (18)
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[
Edge searched
to fit the spline
v e
 E— [1]

T (2]

(3]

(4]
Fig. 13. Average diameter estimation. The diameter is the mean length of the
segments (thin continuous gray lines) perpendicular to the bisector (continuouT5
black line) between the regression lines (dashed black lines) of both splines! ]
Nonparallelism and tortuosity of the splines representing the arterial walls have
been exaggerated to clarify the example.
. . . . . . [6]
The approximation made in this expressiorGgf (n) is only
introduced at points when there is a sudden chang®;im)
or Q2(n). At these points, the exact calculation shows certain (7]
inertia when dealing with the transitions. These errors are neg-
ligible because the estimates of the functiGhgn) andQ2(n)
that we have chosen have already soft transitiGhg+#)) or are
constant Q2 (n)).

(8]

[9]
APPENDIX I

DISTANCE BETWEEN TWO SPLINES

Each manual measurement requires fitting of a cubic spline t0]
the edge of each arterial wall. The distance between both splines
is the arterial diameter. The line is placed at the inner edge qf1)
the media as showed in Fig. 12.

The distance is calculated as follows (see Fig. 13). [12]

Step 1) The orientation of each spline is calculated by means
of a linear regression. 3]
Step 2) The mean orientation of both splines is calculateéi1
using the bisector of the two calculated regression
lines. (14]
Step 3) Perpendicular lines to this bisector are traced, every
ten pixels, finding the intersection points with the
two splines. (15]
Step 4) The average distance between all pairs of points
found is the arterial diameter. [16]
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