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Abstract. The high contrast and lack of ionizing radiation, renders
Magnetic Resonance Imaging (MRI) a suitable modality for continuous
intra-operative imaging. Tracking the motion of key locations in cardiac
MRI is of paramount importance in control and guidance in emerging
robot-assisted interventions. Tracking can also be used to assess myocardial wall motion for diagnostic purposes. This article presents an
expanded collaborative tracking algorithm to facilitate both interventions and diagnosis in MRI. Specifically, the network of trackers not
only follows anatomical landmarks on the beating heart but also computes its evolving deformable surface on a specific plane. Experimental
investigations with both CINE and real-time MRI demonstrate that the
collaborative tracker network achieves robust real-time performance over
long periods, outperforming the MIL tracker. Pilot experimental results
also demonstrate that the evolution of the network’s deformation mesh
can be used for blood volume estimation and computation of the ejection
fraction - both of great diagnostic value.

1

Introduction

Image-guided robot-assisted interventions promise to improve patient management and reduce the cost of delivered health care. Real-time tracking of cardiac anatomical landmarks is paramount in such intra-operative interventions
to maneuver the robotic manipulator around critical tissue. A major drawback
of legacy procedures is that the anatomical information is not updated intraoperatively. Hence, any tissue shifts induced by the advancement of the interventional tools cannot be compensated for. Tissue dislocations are diﬃcult to
predict as they depend on tissue elastic properties and the speed of advancement [1][2][3][4][5][6]. Moreover, conventional MRI guided procedures that entail
the insertion of the tool while the patient is outside the scanner followed by
validating scanning, become lengthy and cause additional discomfort to the patient. They may also result to more surgical trauma and increased chances for
complications due to multiple insertion attempts.
To keep track of a speciﬁc anatomical landmark over time, one approach is to
segment the underlying structures in each slice. Such approach may entail deﬁning an appropriate optimization scheme to iteratively minimize a cost function,
and the computational cost can be signiﬁcant. For example, in [7], while the
proposed boundary segmentation method achieved very high accuracy, the computational time was 10 seconds per slice. In contrast, Yuen et al. [8] achieved
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real-time performance in Ultrasound images with an extended Kalman ﬁlter
tracker. Zhou et al. [9] proposed to use multiple particle ﬁlter trackers to track a
single region. For each tracker, a decision is made to classify it as “survivor” or
“failed”. Tracker interaction is modeled via a Bayesian network. The approach
is able to achieve accurate overall state estimation in real-time, as an evidence
for the motion estimation of a speciﬁc landmark point.
In this article we extend Zhou’s method to handle tissue surface deformation
and not just motion of single landmark points. Diﬀerent trackers in the network
may have diﬀerent motion patterns due to non-linear tissue deformation. This
motivates to take advantage of each tracker’s speciﬁc location, and form a deformation mesh. The deformed region captures the heart’s surface undergoing
non-linear deformations. The surface area from the deformation mesh shows periodical rhythm during heart’s contraction and extraction - a feature that may
be used in diagnosis. We also compare our approach to the state-of-art Multiple Instance Learning (MIL) tracker [10]. MIL tracker uses an online-boosting
approach to train the appearance model at each time step. And the training
examples are presented in “bags” rather than individual instances. The experimental results show that although MIL tracker captures abrupt motion and
appearance changes at ﬁrst, it gradually drifts and ﬁnally loses the target as
time passes by. Our tracking approach outperforms the MIL tracker both in
speed and robustness in long tracking sequences.
In section 2 we describe in detail the methodological approach. In section 3
we present analysis of the experimental performance of the method.

2
2.1

Methodology
Collaborative Tracking

We have adopted as a baseline methodology the collaborative tracking algorithm
proposed by Zhou et al. [9]. The algorithm tracks the region of interest via a
grid of particle ﬁlter trackers. After each tracker’s motion state is estimated as
an independent particle ﬁlter tracker, the tracker network is formed. For each
individual tracker Ti in the 3 × 3 grid, a decision is made whether to include it or
not into the survivor group. The adjacent trackers {Tj , ..., Tm } provide evidence
to make this decision via a Bayesian network.


N (θ̂i,t |θ̂k,t , σ 2 )
p(θ̂k,t |zk,t ).
(1)
p(Wi,t , Θ̂i,t |Gi,t−1 , Zi,t ) ∝ p(Gi,t−1 )
k

k

The surviving probability of Ti,t is computed in Equation (1); please note that
Θ̂i,t = {θ̂i,t , θ̂j,t , ..., θ̂m,t } and Zi,t = {zi,t , zj,t , ..., zm,t } are the estimated states
and observations of Ti and its adjacent trackers at time t. Wi,t represents the
event that tracker Ti is in the survivor group at time t. Gi,t−1 is the Bayesian network at time t−1, whose probability p(Gi,t−1 ) is known at time t. N (θ̂i,t |θ̂k,t , σ 2 )
is the probability density of θ̂i,t on the Normal distribution centered at θ̂k,t with
variance σ 2 .
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p(Wi,t , Θ̂i,t |Gi,t−1 , Zi,t ) serves as evidence in deciding whether to include or
not tracker Ti in the survivor group. If the evidence exceeds a certain threshold
(0.05 in our implementation), then it is included in the survivor group, otherwise
it is excluded.
The overall motion state is determined by the trackers in the survivor group
and computed as follows:
1
θ̂overall = |W |
i=1

|W |


βi

θ̂i βi ,

(2)

i=1

where |W | is the cardinality of the survivor group and βi is the impact factor of
each linked tracker. The latter is determined from:
βi =

p(Wi,t , Θ̂i,t |Gi,t−1 , Zi,t )
,
Di,t

(3)

where the enumerator is the conditional probability computed in Equation (1)
and Di,t is the Euclidean distance from the point of interest (landmark) to the
center of the tracker.
2.2

Deformed Region Computation

The multi-tracker network concept presented in [9] is quite powerful but is grossly
underutilized. It is used to track single landmark points in cardiac MRI. Here
we expand the algorithm to perform deformation mesh computation and track
tissue surfaces, not just points.
Speciﬁcally, we compute the deformation mesh out of all the surviving trackers
in the network. The deformation mesh Mt is composed of a set of nodes c =
(c1 , c2 , ..., cn ), which are distributed over the selected target region during the
initialization step. Each node is linked to several trackers (Figure 1) and its
location is decided by the linked survivor trackers as described in Equation (4):
1
ci = ui

k=1

ui


βk

p k βk ,

(4)

k=1

Fig. 1. Deformation mesh computation: (a) Survivor group is selected and colored in
green. (b) Computed deformation mesh.
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i
where {pk }uk=1
indicates all the corner coordinates of the linked survivor trackers
at a certain location and βk is the impact factor of each linked tracker; ui is the
total number of surviving trackers. We use the conditional probability computed
in Equation (1) as the impact factor here.
The deformation mesh follows the heart surface while undergoing non-linear
tissue deformations. The surface region contracts and expands periodically with
the beating heart. This motivates us to examine the surface area of the deformation mesh, which is computed in Equation (5): polyArea(Mt ) is the polygon
area covered by the deformation mesh, and ui is the total number of surviving
trackers. Experiments in Section 3.2 demonstrate the potential applications of
the mesh’s evolution.

surf =

3

polyArea(Mt )
ui

(5)

Experimentation

In this study we compare the performance of the collaborative tracker [9] with
that of MIL [10] in tracking landmarks in long cardiac MRI sequences. This
is in contrast to the short sequences reported in [9], where no comparison was
attempted. This part of the experimentation solidiﬁes the baseline algorithm’
potential in interventional MRI. Furthermore, we present initial experimental
results regarding the computation of cardiac function out of the evolution of the
deformation mesh - an algorithmic extension introduced in the present article.
This is a development with great diagnostic potential.
3.1

Collaborative versus MIL Tracking in Interventional MRI

The MIL [10] tracking code was downloaded from the authors’ webpage.
Figure 2 shows a sample visualization from the comparative study. The MRI
sequence used in testing consists of 60 repeating cycles, and each cycle includes
25 frames of short-axis view images. The entire sequence has a total of 1500
frames, and lasts 1 minute. Each column shows one snapshot from the tracking
sequence by diﬀerent approaches. The ﬁrst row shows snapshots of the deformation mesh’s evolution as computed by the collaborative tracker. The second
row shows the corresponding anatomical landmark locations as computed by the
collaborative tracker. The third row shows the corresponding anatomical landmark locations as computed by the MIL tracker. One can observe that the MIL
tracker performs well at ﬁrst, but gradually it drifts to other locations. This
could be a fatal problem in interventional MRI, where the operation is expected
to last several minutes. A likely reason for the drift is that MIL constantly updates its appearance template through an online-boosting approach. Although
this boosting method uses a bag of appearance patches, it is fuzzy about how the
exact appearance of the target during evolution; consequently, small errors start
accumulating with time. On the contrary, the collaborative tracker, thanks to its
redundancy, achieves stable results, which is paramount in robotic interventions.
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Fig. 2. Comparison results with MIL tracker

Despite this redundancy, the collaborative tracker remains highly eﬃcient and
achieves 28 fps on a standard PC versus the 9 fps of the MIL tracker. This has to
do with the simple nature of the individual particle ﬁlter trackers in the network.
Hence, the collaborative tracker renders itself to real-time implementation.
3.2

Surface Area Computation

We computed the evolved area of the deformation mesh and formed respective
signals. We applied this analysis on two data sets: the CINE (Figure 3) and the
single axis ultrafast dynamic cardiac MRI (Figure 4).
Results from a representative CINE set are shown in Figure 3; the signal
clearly tracks the cardiac cycle. One can discern the rapid squeeze of the heart
during systole (the lower peak), then the recovery of the relaxing myocardium,
and ﬁnally reaching the end-diastolic phase (the highest peak). Such dynamic
pattern was observed in all slices and subjects we studied.
Results from a sequence with 1350 images at a speed of 50 ms/slice are shown
in Figure 4. In this case the same single slice was collected for a far longer period
as compared to the CINE sequence in Figure 3. Although, Figure 4 illustrates
the same periodicity, because it does not have the time resolution of CINE it
does not provide us with the same high resolution assessment of the heart phase
changes. In addition, the maxima (end-diastole) and the minima (end-systole)
are not as regular as it would be been expected, due to highly varying contrast
encountered in such rapid continuous acquisitions.
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Fig. 3. Deformation mesh evolution signal for a CINE sequence

Fig. 4. Deformation mesh evolution signal for a true dynamic sequence. To fit the page,
the long signal was split into two parts.

4

Conclusion

The superiority of the collaborative tracking algorithm [9] in long MRI sequences
is demonstrated against a state of the art algorithm (MIL - [10]). The collaborative tracker excels in stable behavior and speed - both of paramount importance
in interventional MRI. Furthermore, an algorithmic expansion introduced in the
present article enables the computation of the deformed heart’s surface through
the cardiac cycle. The formed signal holds great potential not only as an interventional aid but also as a diagnostic tool. Speciﬁcally, this approach can be
used for on-the-ﬂy analysis of CINE (while the patient is still in the scanner),
that is, for rapid extraction of hemodynamic or heart wall motion parameters.
For example, it may provide valuable information about blood volume/velocity
estimation and ejection fraction. Still, additional experimental studies are required to fully investigate the relationship of the deformation mesh signals to
the hemodynamics of the LV.
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