Automatic Contour Tracking in Ultrasound Images
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Abstract

In this paper, a new automatic contour tracking system, Edgé&rak, for the ultrasound image sequences of human
tongue is presented. The images are produced by a Head and msdducer Support System (HATS) [14]. The noise
and unrelated high-contrast edges in ultrasound images makit very di cult to automatically detect the correct
tongue surfaces. In our tracking system, a novel active conur model is developed. Unlike the classical active
contour maodels which only use gradient of the image as the imga force, the proposed model incorporates the
edge gradient and intensity information in local regions apund each snake element. Dierent from other active
contour models that use homogeneity of intensity in a regioras the constraint and thus are only applied to closed
contours [8], the proposed model applies local region infonation to open contours and can be used to track partial
tongue surfaces in ultrasound images. The contour orientabn is also taken into account so that any unnecessary

edges in ultrasound images will be discarded. Dynamic pragmming is used as the optimization method in our



implementation. The proposed active contour model has beespplied to human tongue tracking and its robustnéss

and accuracy have been veri ed by quantitative comparisonanalysis to the tracking by speech scientists.

1 Introduction

Ultrasound imaging is one of most attractive ways of acquirng image sequences of the tongue during speech. It
does not expose the subject to radiation and can capture timearying features in real-time. With the Head and
Transducer Support System (HATS) [14], head of the subject$ xed and the transducer is placed below the chin
in a known position. Accurate and reliable ultrasound images can thus be obtained during natural speech.

To reconstruct the tongue shapes from ultrasound images, @omatic extraction and tracking of the tongue
surface is necessary to avoid manual extraction which is tirma consuming. We developed a system, EdgeTrak, that
can track the tongue surfaces through a sequence of 2D ultrasind images. The user input is just several points
along the tongue surface in a single frame. An approximated antour is obtained by B-spline interpolation. This
contour is then attracted to the tongue surface by an automaic optimization process. The optimized contour in a
current frame can be used to approximate the tongue surfacenithe temporally immediate adjacent frame and the
automatic optimization process is applied in this adjacentimage again. The steps are repeated through all images
to produce tongue surfaces for a sequence of images.

In ultrasound images, there are always high-contrast edgesnrelated to the structure of interest, and the tongue
surface may be interrupted in several places [15]. These rs@ characteristics make it di cult to automatically
track tongue contours in ultrasound images. Our system usesnake [13] as the tool for detecting the tongue
surface. Snake is an active contour de ned within an image tlat can move closer and closer to the edge while
its associated energy is minimized. The energy terms of thenske are classi ed as internal and external energies.
The internal energy is related to the contour shape and the miimization goal for internal energy is to get smooth
and continuous curves. This makes it possible to estimate th edge positions even in places where the surface is
interrupted. The external energy is computed from the imagedata and it is the only term that attaches the active
contour to the image. Cohen [11] [10] proposed the balloon ndel, Gunn [12] introduced the dual active contour
model in order to prevent the active contour from stopping at local minima. Chalana [7] and Akgul [4] applied
temporal smoothness in addition to the spatial constraintsin a single frame. Chan [8] introduced a region-based
external energy instead of the gradient of the edge for clogkcontour. Amini [5] developed dynamic programming
as the optimization process for the snake model.

In the EdgeTrak system, temporal smoothness is not added totte internal energy component in order to give

more exibility to tracking during large tongue motion; how ever, this can be easily added. We use the contour
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Figure 1. (a) Example of ultrasound image of the tongue. (b) E ~ xample of closed contour.

in the previous frame as the initialization of the current contour and use dynamic programming to optimize the
location of the contour. To deal with the noise and unrelated edges in images, region information is applied to
open contours and intensity in local regions is incorporatd with edge gradient as the external energy. To the best
of our knowledge, the active contour model in our system is te rst model that applies region information to open
contours.

Akgul et al. also presented a tongue contour tracking systemin [4] [3]. In their external energy de nition,
only gradient information is used; this would cause some traking problems since the tongue surface cannot be
distinguished from other high-contrast edges in the images We solve this problem by introducing an intensity

related constraint. See details in Section 2.

2 Novelty of the Proposed Active Contour Model

Among the di erent energies in a snake model, the external eargy is usually related to gradient of the image.
In reality, images are generally noisy and there are alwaysigh-contrast unrelated edges which make the gradient
information insu cient to extract edges of interest. By con straining the homogeneity of intensity (the image
brightness) in a region, the edge of a region in a noisy imageaa be successfully extracted [8][6], but this constraint
has some limitations:

First, it can only be applied to closed contours. It can not beused in some applications where open contours
need to be tracked. One example of such applications is the mian tongue tracking in ultrasound images. The
ultrasound images are formed by propagating ultrasound waes through the subject's tongue and part of its surface
is obtained in the image [14]. An ultrasound tongue image issown in Figure 1(a). The bright white band is the
air re ection at the upper surface of the tongue. The lower edje of the band is the upper surface of the tongue, and
the upper edge of the band has no physical interpretation. This, only lower edge is of interest to speech scientists
though both edges have high gradient. It is hard to distingush them by only using gradient information and there

is no enclosed region where the constraint of homogeneity dfitensity can be applied.



The second limitation of the constraint of intensity homogeneity can be seen from the example image in Figd"re
1(b). In this image there is a key-chain ring which has the shpe of a band. If the outer edge of the key-chain ring
is of interest, the constraint of intensity homogeneity will fail since the region enclosed by the inner edge is more
homogeneous than the region enclosed by the outer edge.

The proposed shake model in this paper combines the edge gradt and intensity in local regions. The local
regions are not enclosed by the objective contour, they areni fact associated with each snake element. With the
proposed snake model, the upper edge and lower edge of the a& ection in the ultrasound images, or the inner
edge and the outer edge of the key-chain ring, can be distingshed. The proposed snake model has been applied to
human tongue tracking and its robustness and accuracy has lem veri ed by the speech scientists via a quantitative
analysis. The related software, EdgeTrak is in use at sevefanstitutions for studying various aspects of tongue

with applications in otolaryngology, linguistics, etc. [1].

3 The Active Contour Model

The active contour model, or snake [13], is an energy minimation method to extract edges in images. The
energy de nition for snakes is:

Etota = Eint + E ext 1)

where Ej,; is the internal energy, E¢x is the external energy, and are the weighting parameters.E;y; controls
the contour shape and it is only related to the geometry propety of the contour. E¢y attaches the contour to the
image and de nes the image features that are of interest.

Given a contour which is a set of points Yo;Vv1;::;vn 1], the internal energy controls the smoothness and
continuity of the contour and is de ned as [2]:
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wherev; is the i snake element, ; and ; are the weighting parameters. d is the average length between two
continuous snake elements.

The external energy is usually de ned as the negative of themage gradient [12] [3] [2] and we use the normalized
external energy as:

Eext (Vi) =1 5 1(vi)j=M ®3)

where M is the normalization constant, | is the image intensity. At each pixel (x;y) of the image, the image

@l(xy) . @I(x;y))_

gradient is de ned as 5 I (x;y) = ( =G5~ —a,



Figure 2. The de nitions for  t;, n;, R; and Rio.

In reality, using only gradient information as the external energy is not enough due to the image noise and the
high-contrast edges unrelated to the structure of interest The constraint of homogeneity of intensity in a region
is also not appropriate in case of open contours, or closed ntours of band-shape objects. A region based band
energy is presented below to solve these problems and it issal the main contribution of this paper.

In our active contour model, the contour is a set of snake elemnts [vo;Vvs;:::;vn 1] and the order of these
elements are kept in the whole optimization process. For srie elementv;, we de ne its tangent t; as the direction

of the line connecting its two neighbor elements:

t = Vi)r Vi 1 .
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The normal vector n; of elementv; can be obtained by rotating t; 90 degrees in the counter-clockwise direction.
Then we can de ne two regionsR; and R? for vi. R; is a quadrilateral with one edge connectingv; and vij+; while
another edge is in the normal direction. R? is same asR; except that it is in the opposite direction of the normal.
For a band-shape object,R; should be inside the band andRi0 should be outside the band, or vise verse. The
diculty in dening R; and R? is that we cannot easily decide the edge length of the quadulteral in the normal
direction. This should depend on the application and the length shoula lsmaller than the depth of the bandin
our current system which is designed for tongue contour traking from ultrasound images produced by HATS [14],
there are 33 snake elements for each snake. We simply appraxate the edge length as the average length between
adjacent snake elements. The edge length is several pixelstiv this approximation. This de nition guarantees
that the edge length is smaller than the depth of the bright white band as shown in Figure 1(a). The de nitions
for tj, n;, R; and R? are shown in Figure 2.

SupposeR; is inside the band and the band-shape object of interest has &igh intensity value than the back-

ground of the image, then the di erence between the mean intasity of region R; and the mean intensity of region
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Figure 3. Extraction of the outer edge of a key-chain ring. (a ) Snake initialization. (b) Edge extracted
without band energy. (c) Edge extracted with band energy.

(d)

Figure 4. Extraction of tongue contour. (a) Ultrasound tong ue image. (b) Snake initialization. (c) Edge
extracted without band energy; some snake elements are attr acted to the unrelated high-gradient
upper air re ection edge. (c) Edge extracted with band energ y.

Ri0 should be large. The mean intensity di erence betweerR; and R? is:

: 1 X X 0
dif (v)= —  1(m) 1(P)) 5)
P 2R; p 2Ry
where p; is the pixel in region R;, pf is the pixel in region R?, n is the number of pixels in regionR; or Ri0 and N
is the intensity normalization constant. In our applicatio n, N is 255.

The region based band energy is then de ned as:

8

2 .
pen dif (vi) < 0
Eband (Vi) = > I (6)
- 1 dif (vj) otherwise

where pen is a penalty constant applied tov; when the mean intensity di erence betweenR; and R? is less than
zero. In our application, we let pen = 2 and obtain good results for the tongue edge extraction. Fo snake elements
which are located at the two ends of the snake and have no nornhae nitions, we use Epang Of their neighbors to
approximate their band energies.

Note that we are interested in nding the best location of eat snake elementv;, where the intensity di erence



betweenR; and RiO is the maximum (in caseEpang (Vi) is the only constraint which needs to be minimized) amor?g
several possible positions of;; (see section4). We do not care about the absolute value of tkidi erence, which
means the depth ofR or R%is not critical. Since v; is dynamically re-positioned, R; and Ri0 need to be re-calculated
according to the orientation of v; at each iteration of the optimization process. For fast implementation, we weight
the intensity values of all pixels insideR and R uniformly.

Now we have both intensity and gradient information for a snake element and we de ne a new external energy:
0
Eext (Vi) = Eband (Vi) Eext (Vi): (1)

ngt (vi) uses both intensity and gradient instead of only using gradent. As we explained above,Epang (Vi) is
related to the intensity di erence between two regions R; and R? around each snake element;. One should see
that R; and RP are related to the orientation of the snake atv;, thus Epang (Vi) is the intensity di erence measure
along the normal direction of v; while the gradient measureEegy: (vi) has nothing to do with the orientation of the
shake. Most importantly, the gradient is just for the snake dement while the intensity information comes from
neighbor regions around the snake element. This is very hefpl in the tracking problem when the speckle noise
is presented in the image since speckles are not favored lﬁ/gxt (v;) where the intensity value is calculated over
regions. Also the unrelated edges in the images such as the per edge of the air re ection in the ultrasound image
and the inner edge (or the outer edge if the orientation of thecontour is reversed) of the key-chain ring will get a
penalty from Epang (Vi) and can not attract the active contour any more.

The performance of band energy is shown in Figure 3 where theuter edge of the key-chain ring is the interest.
Figure 3(a) is the initialization of the snake. Without the b and energy, the snake is attracted to the high-contrast
inner edge as shown in Figure 3(b). With the band energy and apropriate contour orientation de nition(counter-
clockwise), the outer edge of the key-chain ring is correcyl extracted as shown in Figure 3(c).

Band energy is important in order to correctly detect the human tongue surface in ultrasound images (see Figure
4 for an example). Without the band energy, some snake elemés are attracted toward unrelated high-gradient
edges (the upper edge of the air re ection) while with band ermrgy, the tongue surface is correctly extracted.

The band energy de nition depends on the normal direction of snake element. In the above key-chain ring
example, one can reverse the contour orientation to extracthe inner edge of the key-chain ring easily since region
R; and R? can be exchanged. In case the object of interest has lower iatsity than the background of the image,

the band energy can still work in the same way with appropriate contour orientation de nition.



4  Optimization Process 8

In our tracking system, the optimization method is based on d/namic programming [5]. The contour of each
frame is initialized by copying the contour from the previous frame. The normal of snake element; is recalculated
in each optimization step. From the de nitions of Ej, (vi) and ngt (vi) in Equations (2) and (7) respectively, one
can see that the energy of the snake element; only depends on two neighbors of this element and itself. The
optimization for one contour can be processed in multiple stps. Each step is decomposed intm independent
stages. In stagei only the energy ofv; is minimized and the elements under consideration are only; 1, v; and
Vi+1 . After n stages, energies of all snake elements are minimized and tkaergy of each element are summed up
as the current Etota . This process continues iteratively until the Etqs does not decrease any more. Compared
with the exhaustive search method, the search cost is dropgkfrom O(1") to O(n 13) with dynamic programming
(n is the number of snake elements and is the size of the search space respectively).

An e cient way to de ne the search space for the snake elementy; is to restrict the search along the normal
direction of this point. In our application, search is in the normal direction and the position of each snake element
is rearranged along the tangent direction of this point after every step of the optimization process. The purpose of
the rearrangement is to keep all snake elements evenly looad along the contour while the current contour shape
is kept unchanged. In EdgeTrak system, the size of search spaisl =5 by default. It has been found in practice
that this search space works for tracking most tongue contots. In case of large tongue motion which means that
the snake initialization copied from the previous frame is &r away from the true tongue surface, the search space
needs to be increased by user.

ngt (vi) depends on regionR; and Rio. These two regions are decided by the normal of the snake elamt. In
each step of the optimization process the normal is calculad to decide the search direction and at the same time

R; and R? can be obtained according to the normal.

5 Experiment Results

EdgeTrak has been used to track the tongue surfaces in ultramind images. In EdgeTrak system, the user input
is just several points along the tongue surface in the rst fame. An approximated contour is obtained by B-spline
interpolation. This contour is then attracted towards the t ongue surface by automatic dynamic programming
optimization process. Every frame in the sequence gets itsnake initialization from its previous frame and the
shake is optimized in the same way as in the rst frame. The tracking of an example sequence shown in Figure
5 is performed and the results are shown in Figure 6. Anotherxample sequence is shown in Figure 7 and its

tracking result is shown in Figure 8. The visual inspection d the tracked contours shows that our snake model



"vaya" | "golly” | "he sought” 9
expert 1 vs. expert 2 3.77 2.47 2.50
automatic vs. expert 1 2.64 1.83 2.39
automatic vs. expert 2 3.59 2.20 3.02

Table 1. Mean distance errors in pixels. 1 pixel=0.295mm.

Figure 5. Image sequence of example 1. Every 10th frame from 6 7 frames is shown. Image at the top
is the rst frame.

works pretty well.

One more sequence is shown in Figure 9. In this sequence, maspeckle noise is present. Tracking result by
EdgeTrak is shown in Figure 10. The tongue surface, which istte lower edge of the air re ection is successfully
tracked. Unrelated high-contrast edges, e.g. the upper edgof the air re ection is discarded due to the introduced
band energy in EdgeTrak. Without the band energy, it is di cu It to distinguish the upper edge of the air re ection
from the tongue surface, as shown in Figure 4.

Note that we only use B-spline interpolation to get the snakeinitialization from the user input in the rst frame.

In the snake optimization process, the contour smoothnesssicontrolled by the internal energy de ned in Equation
(2). Alternative approach is where snake is modeled via B-slne and the internal energy is not required since the

smoothness of the snake is encoded in the spline formulati¢®]. In our current tracking system, we use explicit

shake smoothness de nition so that the user can control the antour smoothness interactively.

Figure 6. Tracked contours for the sequence in Figure 5. User input is only seven points in the rst
frame.
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Figure 7. Image sequence of Example 2. Every 4th frame from 33 frames is shown. The image at the
top is the rst frame.

Figure 8. Tracked contours for the sequence in Figure 7. The u ser input is only seven points in the
rst frame.

In order to verify the tracking results quantitatively, we c ompare the di erence between the automatic tracking
results and the manual contours drawn by the speech scientis, and the di erence between the manual contours
drawn by di erent speech scientists. The di erence betweenany two contours was calculated using a Mean Sum of
Distances(MSD) by measuring the distances between closeshake elements of each contour. The MSD between
two contours U =[ug;up;:isup] and V =[vy;Vy; vy ] is de ned as:

X X

MSD(U;V):%( minjv; ujj+ minju;  vjj): (8)
i=1 ! i=1 !

Contours tracked by the automatic tracking system, EdgeTrak, and manual tracking by two speech scientists

for three speech sequences were compared. The speeches Ffase three sequences are "yaya", "golly" and "he
sought" respectively. The comparison is listed in Table 1. A the numbers indicate, the automatic contours are

not isolated from the expert detected contours and the pixelerrors between the automatic contours and manually



11

Figure 9. A dif cult sequence with more noise.

Figure 10. Tracked contours for the sequence in Figure 9.

drawn contours by scientists are quite low.

6 Conclusion

An automatic contour tracking system, EdgeTrak, for the ultrasound image sequences of human tongue is
presented. This tracking system is based on a novel snake meH In this snake model, region information around
each snake element is incorporated with the image gradientrad the contour orientation is taken into account.
Compared with the traditional snake model and other models vhich use homogeneity of intensity in a closed
region as the image constraint, our snake model is robust tohte speckle noise and can be applied to open contour
tracking problems where region information is involved.

The robustness of the proposed model has been veried by conaping the automatic tracking results and
the manual contours drawn by the speech scientists. EdgeTdais currently being used by scientists at several
institutions. Feedbacks from them indicate that the systemis e cient and accurate for speech research and related

applications.
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