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A Motion-Compensated Filter for Ultrasound ImageSequencesLee MarkosianAbstractMedical ultrasound images are an important diagnostic tool for physicians, but suf-fer from low image intensity, dropouts, and noise in the form of speckle. I proposea new method for �ltering ultrasound image sequences which is based on a motion-compensated temporal �lter. The key contribution is a new method for detectingand tracking image features which is fully automatic. Applying this algorithm in amotion-compensated temporal �lter demonstrates its worth. The tracking and �lter-ing algorithms together run at speeds approaching real-time on a standard scienti�cworkstation.1 IntroductionMedical ultrasound images play an important diagnostic role for physicians, and enjoy anumber of advantages over other imaging techniques [1]. The advantages can be summedup with the remark that the acquisition of ultrasound images is fast, cheap, and safe. Inparticular, ultrasound image sequences can be acquired at video rates, allowing dynamicanalysis of moving structures (such as heart walls). The equipment required is relativelyinexpensive and portable. An ultrasound scan can be conducted in a doctor's o�ce. Thescan itself is noninvasive and does not entail exposing the patient to dangerous levels ofradiation or toxic substances. As such, for some diagnostic tasks there may be no practicalalternative to ultrasound imaging.On the other hand, the quality of the images is relatively poor. The images are plagued by lowimage intensity contrast, dropouts in the image (in which structures exhibit apparent gaps,or disappear temporarily in some frames of a sequence), and "speckle" [2]. (See Figure 1).Ultrasound images are formed by sending a pulse into the body from a transducer placedagainst the skin. The pulse is re
ected by interfaces within the body between tissues withdi�erent properties. The transducer records the echoes returning from the pulse and a singlescan line is formed from the information. A 2D image is formed by rapidly sending pulsesalong di�erent rays within a plane. Speckle is caused by backscattering of the pulse as itencounters tissue microstructures, and by interference in the returning echoes. Since theecho is strongest when the pulse is perpendicular to the tissue interface, lateral parts of1



tissue boundaries are poorly de�ned and may drop out. In image sequences, dropout canalso occur when a tissue structure moves temporarily out of the imaging plane (due to itsown motion, the motion of the transducer, or that of the patient).The goal of this research is to develop an algorithm for �ltering time sequences of medicalultrasound images in order to improve image contrast, preserve edge information, and reducespeckle. In order to achieve this goal according to the proposed method, a necessary sub-goalis to develop an e�ective algorithm to automatically locate and track features in the images.This sub-goal is really the primary challenge of this research, since �ltering time sequences ofnoisy images is relatively straightforward given an automatic, accurate method for trackingmotion in the images. What's more, locating and tracking features in noisy images such asthese is recognized as a di�cult problem in computer vision [1]. Since any e�ective �lteringtechnique would be far more useful if it could be applied in real time as the images areacquired and viewed [4], an additional goal of this work is to achieve real-time speeds for animplementation of the algorithm running on a standard scienti�c workstation.2 Previous work on speckle reductionPrevious attempts to reduce speckle in ultrasound images fall into two main categories:image �ltering and compounding [3, 5]. Image �ltering methods, also called post-formationmethods, involve the application of image processing techniques to already acquired images.A straightforward approach would be to smooth the image with a low-pass �lter, whichwould reduce speckle. Unfortunately, this would also have the side-e�ect of blurring theactual information content of the image. Bamber and Daft [6] proposed an adaptive mean-based (low pass) �lter in which the �lter is applied to each pixel in the image based on localimage statistics near that pixel. Basically, the �lter is not applied near object boundariesin the image, but is applied fully in areas with uniform background gray level. In this wayit is hoped that edges will be preserved while speckle is still suppressed. Loupas et. al. [7]proposed a similar adaptive approach based on a median �lter. Koo and Park [5] note thatadaptive approaches based on local image statistics su�er from a sensitive dependence onthe choice of statistical parameters to be used, which vary from one data set to the next.Also, the best choice for the size of the local region under consideration may vary from oneregion to the next in an image, and there are no systematic rules to adequately choose thisvalue. Further, these methods tend to trade o� speckle suppression for edge preservation.Methods based on compounding involve the acquisition of multiple images which are averagedto produce an output with increased signal to noise ratio [3]. Spatial compounding involvesthe use of multiple images of the target structure, taken from slightly di�erent viewpoints.This approach is fully applicable only to relatively few sites of clinical interest [4]. Anotherform of compounding is frequency compounding, which is based on the assumption thatspeckle produced at one imaging frequency is not correlated with that produced at otherfrequencies. This assumption is not always valid [4], and again the method has limitedapplicability. 2



Temporal �ltering is an alternative approach which shares characteristics with both methodsbased on compounding and those based on image �ltering [2, 8]. The method requires a timesequence of images as input. As in direct image �ltering methods, pixels are averaged withtheir neighbors, but in this case the "neighbors" are chosen in the temporal dimension {from preceding or subsequent frames. In the case where no motion is present, this methodis straightforward to apply: an output frame is produced from each input frame by taking,at each pixel, the average of the current pixel and pixels at the same position in previous (orsubsequent) frames. Because speckle is largely uncorrelated with time { but image structuresare correlated { this can be very e�ective. Applying this straightforward approach in thepresence of motion (e.g. in echocardiograms) results in motion blur and loss of resolution.An alternative approach in that case (echocardiogram sequences) is to average frames takenfrom the same point in the cardiac cycle [2]. Aligning the frames correctly is di�cult toimplement in practice, since the clinician may not hold the transducer perfectly still, thepatient may move (or breathe), the heart is moving in 3D and may not return exactly tothe same position every time it completes a cycle, and the low temporal resolution of theultrasound device may not allow frames from corresponding times in the cardiac cycle to beprocured.A more sophisticated idea is to use temporal �ltering with motion compensation. This isthe same idea as temporal �ltering, except that motion in the image is taken into accountwhen choosing the pixel in the previous frame that "corresponds" to a given pixel in thecurrent frame. This strategy is the basic ingredient of most algorithms for restoration andenhancement of image sequences [8]. Shinya [9] applied this idea to the problem of anti-aliasing in computer-generated animations. MPEG video encoding uses a similar idea forimage compression. As yet, e�orts to apply this strategy in echocardiogram sequences havenot been successful, mainly because of the di�culty of accurately estimating image motion inthe presence of noise, signal dropout, and rapid motion of the heart combined with temporalundersampling [2].3 A new approachIn this research I propose a new method for automatically locating and tracking features inechocardiogram image sequences. The key idea is to locate and track features at multiplescales in the image. This allows the feature location and tracking phases of the algorithm towork on simpli�ed representations of the image, and it increases the speed and accuracy ofthe tracking by allowing information to be shared between scales. Next, motion estimatesat identi�ed feature points are extrapolated to derive a global motion �eld de�ned at ev-ery pixel using a scheme similiar to those used in image warping techniques. The globalmotion estimate is then used in a motion-compensated temporal �lter applied to the inputechocardiogram image sequence. The goal is to suppress speckle while preserving edges inthe images. Achieving this goal will enhance both individual frames (as still images) andthe entire sequence itself, since rapidly 
uctuating speckle is particularly distracting whenan ultrasound image sequence is played back as a cine loop.3



Assuming that motion estimates for tracked features are accurate, the idea of using animage warping technique to assign a measure of image motion at every pixel su�ers fromsome potential problems. In the case of a heart valve correctly detected to be moving rapidlyaway from a stationary heart wall, for example, it's likely that a technique based on imagewarping will assign some velocity to pixels in the narrow gap between the valve and theheart wall. Applying the motion-compensated temporal �lter, these pixels will be deemedto "match" pixels along the heart wall in the previous frame. When the pixel values areaveraged, the heart wall will appear to have bulged part-way into the empty cavity, chasingafter the rapidly moving heart valve. This could give the illusion of pathological heart wallmotion where none exists, rendering the �ltering process worse than useless.Another related problem occurs whenever any major image structure appears or disappears(drops in or out), or is temporarily occluded. Proceeding with temporal �ltering in thesecases could cause a ghost feature to appear where none should be.The solution I propose for these cases (and in cases when the tracking algorithm fails in aregion) is to modify the temporal �ltering algorithm as follows: in areas where little or nomotion is detected, the �ltering can proceed at full strength. As motion increases, or in caseswhere the tracking fails, the �ltering should operate at reduced levels or not at all. In thisrespect the �ltering algorithm resembles adaptive algorithms such as [6] and [7].4 Previous work on optical 
ow and feature trackingBefore proceeding to describe the implementation of my algorithm for estimating globalimage motion from tracked features, I will address existing methods for calculating imagemotion ("optical 
ow") and for tracking features in images.A number of optical 
ow algorithms have been developed in the computer vision community.As a class, these algorithms are not suitable for applications such as ultrasound imagingwhich produce particularly noisy image sequences. Chu et al. [2] note that these algorithmsare based on a number of assumptions, including the following:� the image intensity at a �xed point on a structure does not vary with time or viewpoint.� locally, all motion can be modelled as rigid body translation.� velocities vary smoothly across the imageChu et al. observe that these assumptions are not generally valid for ultrasound imagesequences, and hence these types of algorithms do not perform well on that type of data.Camus [10] writes, "The current trend in optical 
ow research is to stress accuracy underideal conditions and not to consider computational resource requirements or resistance tonoise." In informal tests I conducted using implementations of a number of standard optical
ow algorithms made available on the internet by ICCV '94, I found that none computed4



the 
ow for a single frame of an echocardiogram sequence in less than 5 minutes, and allperformed poorly.Approaches which I considered for automatic feature tracking fall into two related categories:active contours, or "snakes," and deformable templates. Snakes were �rst proposed by Kasset al in 1987 [11]. In their formulation, a snake is a deformable contour which lies in animage and is subject both to image forces and to internal forces. The internal forces causethe contour to resist sharp bending or separation into pieces, and the image forces draw thecontour to features of interest. Typically, snakes are designed to be "attracted" to edges,and are used to locate and track features which exhibit strongly de�ned edges along theirboundary. Kass et al claim that snakes are somewhat resistant to noise and local trackingerrors, and so are suitable for edge detection and feature tracking in real applications.Amini et al [12] and Williams and Shah [13] discuss a number of disadvantages of snakes(and propose improvements). Among the disadvantages are instability, reliance on highorder derivatives of the image data (which is problematic in the presence of noise), and theneed for user intervention when tracking with snakes, both to provide a starting positionand occasionally to guide the snake back to a feature when it loses its way.In spite of these potential problems, Ayache et al [1] and Herlin and Ayache [14] describe asemi-automatic snake-based method for tracking features in echocardiograms. Their methodis based on a pre-procesing edge detection step followed by a tracking phase in which a userpositions the snake initially, then intervenes occasionally to guide the snake when it losesthe feature.Because any real-time temporal �ltering algorithm requires a motion-estimation phase whichis fully automatic, I chose to develop an alternative to snake-based feature tracking. I alsoconsidered that snakes would be ill suited for dealing with changing image topology, suchas when a thin structure (e.g. a heart valve) in one frame appears to be joined to a heartwall, but subsequently separates from the wall and moves away from it. A snake which hadidenti�ed the valve and wall as a single feature in the �rst frame would attempt to track thevalve away from the wall while also remaining �xed to the wall. In e�ect, it would attemptto bridge a gap which should not be bridged.Deformable templates have been proposed as an alternative method for detecting and track-ing features in image sequences [15, 18]. A deformable template is a parametric represen-tation (with a small number of parameters) of an idealized feature of the particular typeone expects to track. Example applications include detecting or tracking a pedestrian [18],a hand [16], a vertebral trabecular bone [15], or a left ventricle [17]. With this approach,detecting the feature corresponds to searching the parameter space of the parameterizedtemplate to �nd the best match with the image data. Methods for conducting this searchinclude simulated annealing [16] and iterative schemes based on Kalman �lters [18] or energyminimization techniques (like snakes) [15].At �rst, the idea of detecting and tracking features in echocardiogram image sequencesseemed plausible, particularly since there are only a small number of "views" typically usedby diagnosticians. It might be possible to tailor the tracking algorithm to "look for" a5



particular set of features in a particular con�guration in the data. This might be achievedusing a deformable template. What's more, prior knowledge of the expected motion couldbe built into the model, as in [17]. After seeing actual echocardiogram data sets, though, Ireconsidered. Even within image sequences taken with the same view, there is a great dealof variability (see Figure 2 and Figure 3). Designing a template which could automaticallydetect and track all features in any data set of a given type seems extremely hard.5 Feature detectionTracking features based on image intensity is preferable in noisy data sets to tracking basedon detected edges, because the latter is more sensitive to noise. Many previous attemptsto detect and track features in ultrasound image sequences have been based on detectingedges [1, 2, 14, 17, 19]. This may be due to speci�c objectives (precise measurement of tissuestructure dimensions), or simply because much of the computer vision literature focuseson detecting edges (in photographic and video image data). Since in this application anaccurate measurement of feature displacement between frames is needed rather a precisemeasure of feature dimensions, I chose to consider features to be localized regions of highgrayscale intensity { usually either point-like "peaks" or long thin "ridge" structures.The �rst step in my approach for automatic feature detection is to low-pass �lter the imagesand to represent them explicitly at multiple scales with reduced resolution. (See Figure 4,Figure 5, and Figure 6). There are several advantages to this. For one, at coarse scales theimage data is simpler to analyze because 1) the e�ects of noise are greatly reduced, and 2)at reduced resolution, large features are typically only several "pixels" across, rather thandozens or more at full resolution. This means that detecting (and tracking) a large-scalefeature is easier, because it involves sifting through less data. This approach also takesinto account the natural range of features occuring in the data, from large-scale chamberwalls to valves to tiny thread-like papillary structures. In the tracking phase, the multi-scalerepresentation allows large-scale features detected at low resolutions to pass on their motioninformation to associated small-scale features at higher resolutions.Generating the reduced-resolution images for each frame is straightforward. First, the inputimage is low-pass �ltered. Next, a half resolution image is created by forming one pixel fromeach block of four in the input image. This is done simply by averaging the four pixels.Next, a quarter-resolution image is formed from the half resolution image in the same way(recursively). Finally an eighth-resolution image is formed from the quarter resolution image[�g.]. Storing these additional images, together with the original, takes no more than 4/3 n,where n is the size of the original image. Thus, computing the reduced resolution images iseconomical in both space and time. It's also simple to implement.The next step in detecting image features is to detect local maxima in image intensity.This is straightforward. An e�cient way to accomplish this is to choose regularly spacedstarting positions from which to initiate a "hill-climbing" search for nearby local maxima.The positions of these local maxima are then recorded.6



The next step is to classify the local maxima according to their "shape." For example, a localmaximum which is part of a broad, 
at image region of nearly constant intensity should beclassi�ed di�erently than a local maximum which constitutes a localized bright point in theimage. Such a classi�cation is useful because in the latter case, a simple tracking strategybased on re-�nding the local maximum is probably su�cient. In the former case such asimple strategy would be overly sensitive to noise. Similarly, a local maximum which ispart of a long ridg-like shape should be treated di�erently (for tracking purposes) from onecorresponding to a small round feature. Also, faint local maxima stand more chance ofcorresponding to noise and should not be tracked as persistently as strong local maxima.Other authors have proposed methods for characterizing the shape of a gray-scale imageat a local maximum [20, 22]. Selmaoui et al [20] propose a scheme based on classifying apixel according to rules applied to the 3x3 window surrounding it. Gauch and Pizer [21]and Eberly et al [22] use concepts from di�erential geometry. In their approaches, the imageintensity values can be thought of as describing a surface in 3D. Each local maximum canthen be characterized by the principal curvatures and directions at that point. At a ridge,one principal curvature is large (and negative) and the other is nearly zero. The principaldirections give the orientation of the ridge. At a round peak, both principal curvatures areare nearly equal (and negative). Methods exist from di�erential geometry for calculatingcurvature information at a point, given �rst and second order derivatives. See, for example,[23]. Gauch and Pizer estimate derivative information by �rst �tting a spline surface to theimage data. Derivatives of the spline surface can be readily calculated. They apply thismethod to images with realively little noise, such as medical MRI images and �ngerprints.My approach is also based on deriving curvature information from the image "surface."Rather than explicitly calculate image derivatives, though, I use the following technique. Ateach local maximump, the nearby surface is approximated with a degree 2 polynomial. Thispolynomial has the form z = Au2 +Buv + Cv2+Du + Ev + Fwhere u and v are the coordinates of p. Since p represents a local maximum, this can besimpli�ed to: z = Au2 +Buv + Cv2+ FIf u and v are expressed in local coordinates, then F is the grey-scale value at p.The next step is to �nd the coe�cients A, B, and C. To �nd the best values for these a leastsquares approach is used. In a 5x5 window around p one can write 24 equations in the 3unknowns. In matrix notation this has the form:Ma = zwhere M is a 24x3 matrix, a is a 3x1 vector of the unknown coe�cients, and z is a 24x17



vector of image grey-scale values (with F subtracted from each). The best value for a isfound in the least squares sense by the following:a = (MTM)�1MTz:An important point to be made is that the matrix M is constant. As a result, the matrix(MTM)�1MT is constant and can be precomputed and stored. This means that solving forthe coe�cients A, B, and C is as easy as ... I mean, is e�cient. (It involves the multiplicationof a 3x24 matrix and a 24x1 vector).Given the degree 2 polynomial approximating the surface locally at p, the principal curva-tures and and directions can be found without resort to explicit derivatives, using techniquesfrom analytic geometry [24]. The basic idea is that the iso-lines of the degree 2 polynomialsurface around p form concentric ellipses (since p is a local maximum). The major and minoraxes of any one of the ellipses are the principal directions of curvature, and the principalcurvatures can be derived directly from the equation for the ellipse once it is expressed inthe coordinate system of its major and minor axes.Once curvature information has been found for a local maximum, the corresponding featurecan be classi�ed as a "peak" or a "ridge" (or discarded if it is too weak). Ridge points arethen extended by iteratively adding points at either end along the 2nd principal direction(direction of minimum curvature), and recalculating the curvature information, until newlyadded points fail to satisfy some ridge criteria. The criterion I use is typically that the�rst principal curvature should be su�ciently big, and that the ratio of the �rst principalcurvature to the second should exceed some value such as 1.5 (which can be adjusted). Thisensures that the surface at each point along the "ridge" is su�ciently ridge-like. Figure []shows features found with this technique.6 Feature trackingFor several reasons I decided to pursue a strategy of detecting features from scratch ateach frame, then tracking them only through the subsequent frame. I chose this approachin order to be able to deal with changing feature topology, as when a new featue "dropsin" or an apparently single feature separates into two. Another reason is that the featuredetection algorithm is fast and e�ective. The drawback to this approach is that it does nottake advantage of temporal coherence in feature motion, which could possibly help avoid thee�ects of noise.The feature tracking methods I use are ad hoc and could no doubt be improved. Nonetheless,they give usable results. Tracking begins at the coarsest resolution, and proceeds to �nerresolutions. At each stage, motion information at the previous resolution is used to guidefeatures within the current resolution. This speeds tracking by allowing features to use asmaller search space. It also means, though, that mistakes made at a coarse resolution are8



propagated to �ner resolutions. For this reason it is important that at coarse resolutions,feature tracking provides sub-pixel motion information.The basic idea is to conduct the tracking on a case by case basis, according to the type offeature (peak or ridge) and current image resolution.The simplest case is for peak features at half resolution (the highest, since I don't botherdetecting or tracking features at full resolution). In that case the feature simply recentersitself at the pixel with maximum grey value in its vicinity.At quarter-resolution and especially at eighth-resolution this is not a good strategy because itis subject to noise and does not provide sub-pixel information. To get sub-pixel information,I used the idea of "center of mass," where grey levels in the image are thought of as slotsbearing mass proportional to their grey level. The feature computes the center of mass in alocal region around it, �rst in the current frame, then in the subsequent frame. The di�erencebetween these center of mass measurements gives an indication of the image motion nearthe feature (provided measurements are made near a well-de�ned intensity maximum andthe motion is not too great).For ridge features, the basic idea is to use the curvature information near the ridge to makethe ridge points �rst climb "sideways" to re-center themselves on the ridge, then to shiftlongways (if necessary) to account for motion along the ridge's length. Climbing sidewaysis straightforward and can be based on the same strategies as that applied to peaks (butin a restriceted direction). Shifting longways seems to be a good idea for relatively shortridges; it can be implemented by using a representative point (e.g. the point with maximumgrey level intensity, usually near the center of the ridge). This point can use the techniquefor tracking peak points to detect its motion, then project that motion along the secondprincipal direction of curvature (along the ridge), and pass this displacement to all the ridgepoints equally. An additional step of regularization is useful to prevent the ridge featurefrom falling apart or reacting too sensitively to noise. The drawback to this is that thereare cases where the ridge feature should separate into pieces (discussed earlier). Additionaltests can be made to check for this case (though I didn't implement that). At any rate, anadvantage to starting the tracking from scratch at each frame is that tracking errors are notpropagated beyond a given frame.7 The temporal �lterImplementing a motion-compensated temporal �lter is relatively straightforward, given track-ing information at detected features. I'll brie
y address several of the issues.First, it's necessary to derive a global motion �eld which is de�ned at every pixel in theimage. One way to to this is to take, at each pixel, a weighted sum of the motions of nearbyfeature points. The weighting typically is based on distance, so that nearby feature pointscontribute more heavily than distant points.Secondly, in order to make the �rst step e�cient, the operation of �nding nearby feature9



points at a given pixel must be fast. I used a scheme based on uniform spatial subdivision[25], in which feature points record their id's in "buckets" of dimension 4x4 pixels in a radiusR around the feature point. When two feature points from the same feature record their id'sin the same bucket, the one closest to the bucket overwrites the other one. This operation isbounded by fR2, where f is the number of feature points and R is their radius of in
uence.During �ltering, each pixel can check its corresponding bucket to get the list of feature pointswithin its range. This takes time proportional to the number of nearby features (generallya small number).Lastly, there are (at least) two ways to compute the temporal �lter. One is to use a box�lter, in which the output grey value at a pixel p is a weighted average of grey values ofpixels corresponding to p (taking motion into account) over a window of k previous frames,where k is a small number (e.g. 3 or 4).An alternative is to use a geometric �lter in which the output at a pixel p is the weightedsum of the grey value at location p in the current frame and at the corresponding pixel inthe previous output frame. Since the previous output frame contains averages of frames priorto it, this e�ectively calculates a weighted sum of grey values over all previous frames (inwhich the weights decrease geometrically).One advantage to this approach is that it is easy to implement and allows the weightingfactor at each pixel to be adjusted adaptively according to the output of the tracking phase.For example, to turn o� �ltering at a pixel, weights of 1 and 0 can be used for averaginggrey-values in the current input and prior output frames, respectively. Originally, I tried anapproach in which I turned o� �ltering at any pixel at which the estimated motion exceededa certain threshhold. This had the side e�ect of causing distracting sudden changes inthe output image sequences in some cases, when �ltering abruptly turned on and o� inlocal regions. I modi�ed my approach to turn the �ltering down as the estimated motionapproaches the threshhold. This eliminated the distracting e�ects of the �lter turning onand o� abruptly. Implementing this kind of adaptivity would be more di�cult using a box�lter approach.8 ResultsFigures 10, 11, and 12 show one frame from an echocardiogram sequence. The �rst is theoriginal frame. The second shows the results of applying temporal �ltering without motioncompensation. The image contains signi�cant motion blur. The last �gure shows the resultsof applying motion-compensated temporal �ltering. Note the relative absence of motionblur. This is due in part to the motion compensation itself (i.e., matching a pixel in thecurrent frame with the corresponding pixel in the previous frame according to the estimatedmotion vector at the current pixel), but is also due to the absence of �ltering: the �lterturned o� near the rapidly moving thin heart valve. In both cases, this demonstrates theworth of the motion estimates provided by the tracking phase of the algorithm. This dataset is somewhat unusual in that the image quality is particularly clear; nonetheless the image10



produced by the motion-compensated temporal �ltering algorithm does exhibit less speckle.This is more clearly seen when the image is in motion, since speckle is more noticeable whenit 
ickers distractingly during playback of a cine loop.Figures 13, 14, and 15 show a single frame from another (noisier) image sequence. The sameobservations hold: the image produced by temporal �ltering without motion compensationexhibits clear signs of motion blur. The image produced with motion-compensated �lter-ing has much less blur, but maintains a good degree of speckle reduction. Again, this isparticularly apparent when the images are viewed in motion.The tracking and �ltering phases of the motion-compensated temporal �ltering algorithmrun at 4 to 5 frames per second on a Sun Sparcstation10/50. This does not count the timeto convert the input images to their lower resolution representations. This processing rate,while not real-time, is at least in the ballpark and could be improved with a more e�cientimplementation, a faster computer, or by taking advantage of multiple processors.9 Future workI plan to develop a more rigorous (and reliable) tracking algorithm, wich takes advantage oftemporal coherence. Some version of \snakes" may turn out to be applicable here. Also, moretesting needs to be done, and more rigorous evaluation of the results of the temporal �lter.A pipelined, multi-processor implementation may turn out to give the needed performanceboost to make the �ltering algorithm run in real time.10 AcknowledgmentsThanks in particular to John Hughes, who suggested the idea for applying a motion-compensatedtemporal �lter to ultrasound image sequences, and who gave me lots of ideas during thecourse of this work. Also thanks to Andy van Dam and the Brown Computer Graphicsgroup for their support. And to Gillis Kallem!References[1] N. Ayache, I. Cohen, and I. Herlin. Medical image tracking. In A. Blake and A. Yuille,editor, Active Vision, pp. 285-301. MIT Press, 1992.[2] C.H. Chu, E.J. Delp, and A.J. Buda. Detecting left ventricular endocardial and epi-cardial boundaries by digital two-dimensional echocardiography. IEEE Transactions onMedical Imaging, 7(2):81-90, 1988. 11
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11 Figures

Figure 1: Noisy echocardiogram (apical four chamber view)
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Figure 2: Apical four chamber view.
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Figure 3: Apical four chamber view.
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Figure 4: Half resolution.
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Figure 5: Quarter resolution.
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Figure 6: Eighth resolution.
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Figure 7: Half resolution with features.
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Figure 8: Quarter resolution with features.

Figure 9: Eighth resolution with features.21



Figure 10: Original frame.
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Figure 11: Temporal �lter without motion compensation.
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Figure 12: Temporal �lter with motion compensation.
24



Figure 13: Original frame.
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Figure 14: Temporal �lter without motion compensation.
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Figure 15: Temporal �lter with motion compensation.
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