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Abstract. Automatic tracking of tagged MR image sequencesis done frame-by-
frame. For eachframe, aquadrilateral (quad) detector isrun over theimageto give
aset of “potential quads’. A likelihood function is specified for the detection of
potential quadsfrom animage. Quadsare picked from the set of potential quadsto
forma*“quilt”. Quads are present where a grid structure is apparent in the image.
A prior is specified to govern how the quads should be joined up to form the quilt.
Theprior for the quilt (i) encouragesquadsto be closeto their positions predicted
from the last frame, (ii) encouragesneighbouring quadsto be close to each other,
(i) discouragesintersecting quads, (iv) avoids “tears” in thequilt, and (v) encour-
ages connectednessof quads. With the likelihood and prior densities, a Bayesian
analysisis carried out using the Markov Chain Monte Carlo method on the poste-
rior density to give an estimate of the posterior mode.

1 Introduction

A non-invasive method for monitoring the deformation of the heart wall is by tagged
M agnetic Resonance Imaging (MRI) [1]. A typical tagged MRI frame of theleft ventri-
cle(long-axis) isshownontheleft of Fig. 1. Thedark linesforming thegrid are“tagged”
to the materia points (in planes perpendicular to the imaging plane), and as such fol-
low the material pointsthrough time. In subsequent time frames, the contrast between
the tagged and non-tagged materials decreases, and, furthermore, lines tagged to fluid
materia (e.g. blood) disappear. Tracking thegrid throughtime provides deformationin-
formation that is useful for diagnosis of certain heart diseases. This paper addresses the
issue of tracking the tagged grid through time.

Many past tracking techniquesfor tagged MRI images [2-5] follow the dark tagged
linesthroughtimewith deformable splines. In thispaper weinvestigatethedua problem
of tracking the network of (approximate) quadrilateralsformed by the grid lines, rather
than the lines themselves. Quadrilateral will hereafter be shortened to quad.

2 Principles of theMethod

Tracking of tagged M R image sequencesisdoneframe-by-frame. For each frame, aquad
detector isrun over theimage to give a set of “potential quads’. Quads are picked from
the set of potentia quads to form a “quilt”. The quads in the quilt are connected by a
sguare graph structure and can be either alive or dead. For a particular frame, live quads
account for tagged materials, for example heart wall, that are visible, and dead quads



Fig. 1. Theright picture showsthe potential quadsgenerated by the quad detector on theleft image
(the third frame of a sequence). The darker the potential quad, the higher the certainty.

account for tagged material s whose structure is no longer apparent, for example blood.
A prior f(z) isspecified to govern how the quads should bejoined up to formthequilt z
(§ 2.2). A likelihood function f(y, u|z) is specified for the detection of potentia quads
y (and some unobserved data i) from a quilt z (§ 2.3).

A Bayesian strategy is used to infer about the quilt z and the unobserved data x
fromthe observed datay. Information about the model and the unobserved data are con-
tained in the posterior distribution given by f(z, n|y)o<f(y, u|z) f(z). Inference about
theposterior density isdone by sampling using the Markov Chain MonteCarlo(MCMC)
method (§ 3) [6]. The MCMC method is chosen in favour of a deterministic method to
avoid the solution being trapped in minor subsidiary modes of a“bumpy” posterior.

2.1 Notations

Let a quad be represented by ¢;=(c;, v;), where ¢; is the centre of the quad, and v; is
the set of the four vertices of the quad. The centre of the quad ¢; is not strictly nec-
essary, but it is kept in the representation for convenience. For each frame, the image
is pre-processed by a quad detector to give a set of P “potentia quads’ q“:{q“p}le,
dp=(p, Bp) and their “certainties’ e={e, }}_, . The certainty 0<e, <1 is ameasure of
how surewe are of theexistence of thequad §,,. Fig. 1 showsasample output of the quad
detector. The set of potential quads and their certaintiesy=(g, e) isour observed data

Let ¢ bean n-node undirected graph associated with a subset of a 2D square | attice.
Nodes in the graph are indexed by i=(i1, 12 )€Z?, and are connected with 8-adjacency.
The extent of the square lattice is specified by the user in thefirst frame. In subseguent
frames, ¢ isthe output from processing of the previousframe.

Once ¢ isspecified at atime frame, the components of our model  are (i) the max-
imum number of quads, », that can make up a quilt, (ii) the positions and vertices of
the quads, ¢={4¢; }:cw, and (iii) the statuses, dead (s;=0) or aive (s;=1), of the quads,
s={s; }icw. TWO quads ¢; and ¢; are neighboursif the nodes i and j share an edge in
the graph ¢, and we write :~j in such a case.



The set of livequadsin z formsthe“fabric” of the quilt, whilethe set of dead quads
corresponds to “holes’ inthe quilt. Let ¢ denote the set of indices of the live quadsin
z, ad najive=) ;e 8i the number of live quads. Thus the model z=(g, s) (taking the
underlying graph structure ¢ for granted) defines a quilt in acertain region.

2.2 Quilt Prior

We model the prior for the quilt z=(g, s) by f(z)=£(q)f(s), where ¢ and s are as-
sumed to be independent. For the prior on the status, we assume an Ising model trun-
cated to have support on ., where {0, 1}™ is the set of configurations such that
the live quads form one connected component. The truncated Ising model encourages
neighbouring nodes to take similar values, discouraging a checkerboard pattern for s.
We model the prior on the quads by
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with the following notations.

Based on information from previous frames, we have a set of » predicted quad po-
sitions for the current frame é={¢; },c¢ and aset of n 2x2 covariance matrices %; of
theprediction error. Let A; = ¢; — é; bethedeviation from the predicted position of the
centre of the quad <. The first factor in (1) enforces our belief that the positions of the
quadsare not too far avay from their predicted val ues, whilethe second factor in (1) en-
courages departures from predicted positionsto be similar for neighbouring quads. The
matrices R; and S;; are chosen such that the covariance matrix of the resultant quadratic
form, when the first and second factors are combined, is positive definite.

Let 4, denote the angle formed by the three points(¢;, ¢;, cx) with ¢; at the apex,
and 6,5, be the predicted angle formed by the centres of thethree quads (g;, ¢:, g% ) With
¢; & the apex. Thus, withI[-] denoting the indicator function, ¢ in the third factor of
(1) isthe alowed deviation from the expected angle 6;;;. For an 8-adjacency graph, we
chose == /4. Thethirdfactor in (1) aimsto preservetheregularity of thequilt, avoiding
tears.

Let g;Ng; denote the area of intersection of the interior of the two quads ¢; and g;.
With~>0, thefourthfactor in (1) penalizes against intersecting quads, and allows quads
to be packed more closely in regionsof small quads. Thisistheonly factor in (1) which
depends on the vertices of the quads.

2.3 Incomplete Dataand Likelihood

Consider ahypothetical quad detector which takesa quilt z asinput and generates alist
of P potential quads §, their certaintiese, and amapping u(-). The function g(-), which



maps ¢ to {0, 1, - - -, P}, describes which potentia quad in ¢ corresponds to which
model quad in z. Further n(7)=0 means that quad ¢ does not correspond to any poten-
tial quadsin §. Let z(u) be the number of zerosin {u(%)};ce. We assume that al live
quadsin z are detected exactly once, i.e. themapping fromtheset £={3 : u(z) > 0} to
{1, ---, P}isinjective. The actua quad detector takes an image asinput and generates
the potential quads ¢ and their certaintiese. The mapping p isunobserved and represents
missing data, while y=(§, e) are the observed, incomplete data

To specify thelikelihood for (y, i) given z, we need to answer the question: given
aquilt z, what is the probability of the hypothetical quad detector generating potential
quads g, certaintiese, and mapping x(-)? Wemodd our likelihoodfunction f(y, x|z) as
aproduct of threefactors: £(y, ulz) = £(d, e, ulz) = £(dlu, ©)f(elp, ) f(ulz), where
¢ and e are assumed to be independent given x and =.

Given the quilt z, we place a uniform weight on al permissible mappings .. Thus
f(p]z) isadiscrete distributionwith probability (P — najive )!/ Plif 2(p) = P — naive,
and 0 otherwise. Giventhequilt z and themapping 1, the potential quad that corresponds
toalive quad should have a certainty closeto unity, and onethat does not correspond to
any live quads should have acertainty closeto zero. We model these two cases with beta
densitiese? /3 and (1—e)?/3 for 0<e<1, respectively. Assuming independence between
the certainties of different potential quads, f(e|y, =) isthusaproduct of P independent
beta densities.

Finaly, given the quilt z and the mapping ., the quad detector is assumed to detect
al livequadsinz precisaly, and givesout P—n.y;ve artefactual potential quads. Thearte-
factual potentia quads are assumed to be uniformly distributed on the space of possible
outputs of the quad detector. We denote the “volume” of such 8-dimensiona space by
V. Wethus have f(§lu,z) = V*W ], o I[duu) = @] . Notethat an artefactual
potential quad §; has a probability density on R® if s;=0, and has a point massiif s;=1.

3 Posterior Sampling

In order to gain information about the posterior, we used the MCMC method with a
Metropolis-Hastings type agorithm that alows jumps between different dimensional
spaces[7, 8]. The dimension changing aspect of our model comes fromsitesbeing aive
or dead. Dueto page limitations, only an outlineof the algorithmis provided here.

At each MCMC iteration, the algorithm proposes one of four types of transitions:
live-displacement, dead-di splacement, birth and death. Thelive- and dead-displacement
transitions displace the positions of a live and dead quad, respectively. The birth and
death transitions toggle the statuses of a (feasible) dead and live quad, and propose a
new position for them, respectively. The birth and death transitions are constrained so
that the live quads in the quilt remain a single connected component.

The four types of transitions are proposed with equal probabilities. For each type
of transition, a node 7 is chosen randomly from the feasible nodes, and new values for
the component : of the quilt (g;, s;) and for the component ¢ of the mapping u() are
proposed with a certain probability. The proposed values are then accepted with a cer-
tain acceptance probability. The proposal distributionsand acceptance probabilitiesfor



the four types of transitions are carefully chosen to satisfy detailed balance so that the
Markov chain has the desired stationary distribution.

Samplesfrom the Markov chain are collected after aburn-in period. The posterior is
summarized by its“restricted” marginal modes, arrived at by the following procedure.
For afixed node ic¥, consider the histogram of the mapping ., h,.¢;)(p), whose entry
isthe frequency that the pth potential quad is picked by quad ¢ in the quilt during simu-
lation. Picking a potential quad of 0 means that the quad is dead. For all the nodes that
have been alive for more than a certain percentage of iterationsof the chain (10% in our
simulations), rescale the histogram A,,(;)() to sum up to 1 for p#0. We scan through
the nodes according to the entropies of their rescaled histograms. Nodes with lower en-
tropiesare scanned first. For each scanned node <, the potential quad g, is picked, where
p isthe mode of the rescaled histogram. Node 7 isthen born if §, is not aready associ-
ated with alive node. After scanning through all the nodes, the set of live quads which
formsthe largest single connected component is our estimate of the quilt for the current
frame.

4 Results & Discussion

The successful tracking in aregion of interest of an image sequence isshown in Fig. 2,
wherethe nodes of the graph correspond to the centres of the quads. Four sel ected frames
of along-axis sequence are shown. The results are for a MCMC simulation with 300
sweeps, of which 100 are for burn-in. The tracking for the nine frames took 20mins and
5minson ani486-133MHzand UltraSPARC-167MHz, respectively. Notethe successful
tracking in Fig. 2 where a noticeable proportion of the live quads dies through time.

The number of burn-in sweeps of the MCMC isarrived at by inspection. Many con-
vergence diagnostics have been proposed recently (see e.g. [9]) and will be incorpo-
rated into the algorithm. Related to the rate of convergence isthe mixing property of the
Markov chain. Our current algorithm proposes single-node transitions. Transition that
updates a block of nodes at atime should improve the mixing property of the chain.

Sincethereisno substantial inter-frame motion, the foll owing approximationswork
satisfactorily: (i) the estimated positionsof quadsfrom the previousframeisused asthe
initial estimate in the current frame, and (ii) aquad detector that handles only mild de-
formation from a square. If the inter-frame motion becomes severe, more sophi sticated
motion prediction and quad detection will be necessary. The paper has focussed on the
problem of tracking the tagged grid. The next step isto deduce thefull 3D motion of the
[eft ventricle accounting for “through-planemotion” (see e.g. [10]).
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Fig. 2. Thegraph structure of the network of quadsfor four selected frames of a nine-frames|ong-
axis sequenceof the left ventricle. For clarity, only the 4-adjacent edges of the graph are drawn.
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