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Abstract

Traditional methods of detection tend to under-
perform in the presence of the strong and variable back-
ground clutter that characterize a medical ultrasound
image. In this paper, we present a novel diffusion based
technique to localize acoustically dense objects in an
ultrasound image. The approach is premised on the ob-
servation that the topology of noise in ultrasound im-
ages is more sensitive to diffusion than that of any such
physical object (> \). We show that our method when
applied to the problem of fetal head detection and au-
tomatic measurement of head circumference in 59 ob-
stetric scans compares remarkably well with manually
assisted measurements. Based on fetal age estimates
and their bounds specified in Standard OB Tables [6],
the Gestational Age predictions from automated mea-
surements is found to be within & 25D in 95% and 98%
of cases when compared with manual measurements by
two experts. The framework is general and can be ex-
tended to object localization in diverse applications of
ultrasound imaging.

1 Introduction

Sonographers have traditionally located objects of
interest by using knobs provided on Ultrasound scan-
ners for optimizing views of acquired images based on
perceptual needs. They subsequently used mouse-based
caliper to make measurements of anatomical features
to assist diagnosis. Operator dependence and repro-
ducibility have continued to be the two big challenges
in ultrasound imaging. However, absence of a standard-
ized range of intensity levels such as the Hounsfield
Unit as used in X-Ray CT to identify specific tissue
types, artifacts induced due to anatomy and imperfect
beam forming make automatic analysis of ultrasound
images a very challenging problem.

Ultrasonic measurements can be 2D or 3D depend-
ing on the anatomy, probe and the method used. Ob-
jects of interest in the foreground could be a hypere-
choic structure (fetal femur) or boundary (fetal head);
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a hypoechoic cyst (in liver) or an isoechoic organ (kid-
ney). Locating the object of interest in an ultrasound
image is a necessary first step for computer-assisted al-
gorithms to make automated measurements.

Resolution and uniformity across the field of view
of medical ultrasound images is inherently limited by
the small differences in acoustic impedance across tis-
sue, frequency and depth dependence of ultrasound in
tissue, and speckle noise due to interfering signals from
multiple scatterers at the receiver. This leads to signif-
icant and variable background clutter in ultrasound im-
ages that result in the under-performance of traditional
methods of automated detection.

Historically, object detection and segmentation in the
domain of medical imaging has tended to focused on
MRI and CT. This has been motivated by 1) the need
to assist the radiologist to sift through large volumes
of data, and 2) well delineated boundaries of anatomi-
cal structures in these imaging modalities. In the recent
years, there has been a visible interest in taking this ex-
perience to medical ultrasound primarily for ultrasonic
detection and measurement on the scanner to improve
clinical workflow and reproducibility of outcome. Op-
timization approaches have been applied to fetal image
analysis in ultrasound to perform segmentation [2, 7, 8].
Such methods can be susceptible to problems associ-
ated with local minima. Carneiro et al. [1] have used a
learning based approach, involving large user annotated
training data and a discriminant classifier in Probabilis-
tic Boosting Tree.

Ultrasound waves impinging on structures (>
wavelength-)\) with high characteristic impedance
(such as bones) produce relatively high intensity spec-
ular echo signal. On the other hand, anatomical fea-
tures that are small and/or have weaker impedance ei-
ther produce diffuse echoes or low intensity specular
echoes that are subdued by surrounding noise. As a
result, application of a diffusion operator significantly
alters the topology of regions in an ultrasound image
characterized by diffusive and/or weak echoes. Moti-
vated by the observation that the topology of these re-
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gion show greater variability in response to multi-level
diffusion, we propose the use of variance in topology
as an outlier rejection strategy to facilitate object de-
tection. Scale-space approaches have been applied ex-
tensively for image enhancement [9]. Our approach is
distinct from earlier methods: it is a completely un-
supervised multi-level detection framework, which uti-
lizes multi-level diffusion along with regression tech-
nique (RANSAC [4]) to detect an object.

2 Algorithm Overview

The essential idea of this approach is quite simple:
The original image is used to derive a family of images
I(x,y,0) obtained by convolving the original image
I,(x,y) with a Gaussian kernel G(z,y, o) of Standard
deviation 0. I (z,y, o) is the point set image contain-
ing set of data points representing the image I(z,y, o).
As the image is subjected to noise, the data point con-
sists of “inliers”, i.e., data whose distribution can be
explained by some set of model parameters, and “out-
liers” which are data that do not fit the model. Hence
given a (usually small) set of inliers across multiple dif-
fused images, the task is to estimate the parameters of
the model that optimally describes this data. We use
RANSAC [4] as the regression technique. The pri-
mary contribution of our approach is that our algorithm
utilizes multiple diffused version of the original data
as an additional information along with a standard re-
gression technique, to localize the object. The algo-
rithm is essentially composed of three steps: 1) Mini-
mal sample sets (MSSs) are randomly selected from the
input dataset and the model parameters are computed
using only the elements of the MSS. The cardinality
of the MSS is the smallest and sufficient to determine
the model parameters (e.g. if the model is a line or el-
lipse then the cardinality should be at least two or five,
respectively). 2) Checks which elements of the entire
dataset are consistent with the model instantiated with
the parameters estimated in the first step (The set of
such elements is called consensus set - CS). 3) Finds
instances of objects within a certain class of shapes that
are found consistently across the family of images at the
same location by a voting procedure. This voting pro-
cedure is carried out in a parameter space, from which
object candidates are obtained as local maxima in a so-
called accumulator space (that is explicitly constructed
by the algorithm for computing the Hough transform),
given that the local maxima contains candidates from
all the diffused images. The grid size of the accumu-
lator space is fixed based on certain threshold on the
variance of parameters (VoP) which is required to put a
cap on the variability of the topology. Finally, the algo-
rithm terminates when the probability of finding a bet-
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Figure 1. (left-to-right) (a) Typical Fetal Head Im-
age (b) Pre-processed multi-level diffused images (1)
with Labeled Connected Components. The labels are
shown with colour coding where (white, grey) corre-
spond to (upper, lower) thresholds, respectively) (c)
Consensus set (CS) (d) Head Circumference.

ter ranked CS amongst the candidate CS’s drops below
a certain threshold.

3 An Application: Fetal Head Detection

We show the fetal head detection problem (see fig-
ure 1). Given a new image, our goal is to detect and
segment the object (head) of interest and calculate the
Head Circumference(HC). To generate the point set im-
age I,s(z,y, o), we introduce a preprocessing module.
The flow of the method is as follows: (a) Feature extrac-
tion and generating point set images at multiple level of
diffusion. (b) Use these images as an input to the (Dif-
fusion + RANSAC) algorithm.

3.1 Feature Image & Point Set Generation

To extract the high curvature cranium features, we
take the mean curvature (Ip = div(VI/||VI|)) of the
image (I). The relevant gradient field for this image is
the vector field depicting the rate of change of intensity
at a point.

Bone has an acoustic impedance of 5.3 X
108 kg/m?s, about four times that of soft tissue [3]. If
a point is on the boundary of the head (cranium bone)
then it will have intensity higher compared to its neigh-
bour, such that the vector field points inward towards
that region. Therefore the divergence of the vector field
in that region would have a negative value, as the re-
gion is a sink. If the region does not belong to cra-
nium(bone), ideally the divergence should be positive
and the region is called a source. However, this may not
always hold true as the image is perturbed by noise.

To generate the point set image I,; we follow a
straight forward approach. Feature image I alone may
capture only the structural information. As the cranium
is of high intensity, we use the intensity information as
well. A combination of feature image Ir and the dif-
fused image I is used to generate a binary image. This
binary image can be looked upon as a point set image
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I,,s containing connected components where each con-
nected component is a collection of points. To speed up
the algorithm, we no more deal with the points, instead
consider connected component as the basic entity for
the regression algorithm. For the sake of convenience
we rename the point set image [, as the connected
component image I..

Although the cranium is structurally uniform, its in-
tensity on the image varies according to the alignment
of the edges with respect to the ultrasound beam. Con-
siderable amount of variability in the data is also in-
troduced by the operator in setting imaging parameters
such as focus and depth and scanner adjustments such
as gain and dynamic range. Mindful of this scenario, we
label the binary image I.. with the intensity informa-
tion. To capture the intensity information the diffused
image [ is thresholded at multi-levels, where qb’} is the
value at the kth threshold level. The intensity informa-
tion is embedded in two steps :

Step 1: In order to capture maximum ground, the con-
nected component image I..(x,y) is generated
with the lowest k value (k = lower)

: lower
Lo(,y) = { 1 ifIp(z,y) < ¢r, and I(z,y) > ¢

0 else
where ¢;, and ¢; are the respective thresholds on I
and I. The Ip(x,y) is set less than ¢y, as the re-
gion with negative value represent the cranium (see sec-
tion 3.1). The cranium is the positive intensity region,
thus I(z,y) is set greater than ¢lower.

Step 2: The intention is to label the connected compo-
nents in the image /.. with labels associated with
the intensity levels. In this method we use a two-
level threshold. d! is the ith connected component
(€2;) with label  in the image I.. such that:

l—{ lower if I(z,y) < o7 V(z,y) € Q;

upper if I(z,y) > #7777 I (x,y) €

The multi-level labeling is possible because logically a
high intensity region is always contained in a low inten-
sity region, forming a tree structure. Further, the label-
ing based on intensity can be looked upon as embedding
the contrast information on the connected component
image I... As the cranium is usually of high intensity,
we induce the labeling information as an additional con-
straint on the regression algorithm for better initializa-
tion (discussed in the section 3.2).

3.2 The (Diffusion + RANSAC) Algorithm

The input image which is composed of () connected
components is indicated by D = {d, ..., dl} where
label | € (lower,upper) and we will indicate a MSS
with the letter s. Let o({d',...,d}}) be the parame-
ter vector estimated using the set of data {d}, ..., d.},

4168

where h > k and k is the cardinality of the MSS. In-
variably a connected component has at least five points
which is necessary and sufficient condition to draw an
unique ellipse. Hence k is set to one. As the cranium
has high intensity, we ensure that at least one connected
component in the MSS should have the label [ = upper.

The model M is defined as: M(¢p) =4 {d € R :
fu(d; o) = 0}, where ¢ is a parameter vector and fj/
is a function containing all the points that fit the model
M instantiated with the parameter vector . We de-
fine the error associated with the datum d with respect
to the model M(y) as the distance from d to M(p):
e(d,M(p)) = VLSE/pn, where LSFE is least square
distance function [5], p the scale factor is the perimeter
of the ellipse and 7 the normalizing factor is the number
of points considered for the ellipse fit. Using this error
metric, fetal head characteristics and information from
the clinical accepted scan-plane protocol, we define the
CS as:

def

S(p) = {d e D:e(d,M(p)) <0, pmin < p(¢)

< Pmazs 1) < Mmazs L(9) < Limaz}

where ¢ is a threshold on the cost of ellipse fit, which is
inferred from the nature of the problem. (Pmaz, Pmin)s
Nmaz and L4, are the bounds on the perimeter p, ec-
centricity 7 and orientation Z, respectively. The perime-
ter and eccentricity bounds are extracted using the stan-
dard OB tables [6]. The limit on the orientation is based
on scan-plane guidelines. The variance of parameter
(VoP) is computed using only the elements that in pa-
rameter space ¢ are consistent across all the diffused
images I, :

def

{E{(p—¢;)*}: (¢ — &5) < bvom)»
;€855 (385;) € (Vin)} )]

var(/5i)

where ¢vop) is the size of the accumulator grid in the pa-
rameter space. As mentioned in section 2, we down se-
lect all the CS based on VoP that are consistent in shape,
size and location across the diffused images (see equa-
tion 1). The algorithm terminates after finding the CS
with the best cardinality amongst the remaining CS’s.
The cardinality of the CS is defined by the number of
discrete points from the fitted ellipse that lie on the CS.
The points on the ellipse circumference are discretized
based on constant angular span. The angular discretiza-
tion of the ellipse circumference, has a normalizing ef-
fect on the cardinality, across various scales of ellipses.
Once the fetal head is localized, the measurement pro-
cess utilizes an ellipse fitting technique [5] to determine
the Head Circumference.
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Figure 2. Results across all the three trimesters.

4 Experimental Results

We collected a total of 59 fetal head images from a
Clinical Site that uses GE LOGIQ P3 ultrasound scan-
ner. In our numerical experiments, we generally choose
the parameters as follows: k& = 2 (two level diffusion),
012 =15, 052 = 5 (see figure 1b). One set of man-
ual measurements is made by the expert who performed
the scan. The other set is made by a radiologist of-
fline. The gestational age (GA) corresponding to the
Head Circumference (HC) computed by the algorithm
is compared with the gestational age corresponding to
the manual measurements made by two experts based
on [6] and given by: With Expert I : 48/59 within
+1SD, 56/59 within +2SD, 59/59 within +3SD; With
Expert II : 36/59 within +1SD. 58/59 within +2SD,
59/59 within +3SD. The range and variability of the
measurements by the three systems (Expert I, I and Au-
tomated Algorithm) is shown in figure 4. GA from [6]
with automated measurements is plotted along with
GA’s with 25D bounds corresponding to manual mea-
surements by the two experts in figure 3. Figure 4 shows
the relative spread in the measurement. On a 2.6 GHz
Intel® Processor with 3.5 GB of RAM, the cpu time is
~21.6 seconds.

5 Conclusion

We have proposed a novel diffusion based technique
to localize an acoustically dense object in an ultrasound
image. This approach is used to automatically detect,
segment and measure fetal head from obstetric scans.
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