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Abstract: This paper deals with the development of a recursive fuzzy inference system that can be applied to estimate the
error probability of several tracking algorithms used in medical image processing systems. Specifically, we
are interested in the fiber bundles estimation prociisar(tracking in diffusion tensor (DT) fields acquired
via magnetic resonance imaging (MRI). As tracking algorithm we have considered a variation of the Bayesian
tracking scheme proposed by Friman and Westin. This paper studies the analogies between this tracking
approach and a typical Multiple Hypotheses Tracing (MHT) system, for which fuzzy systems are closely
related. This comparison leads to the development of a SAM (Standard Additive Model) fuzzy system that
on-line estimates the certainty of the estimated fiber tracts. Its low computational load as well as its efficiency
in very isotropic volumes are its main advantages.

1 INTRODUCTION tions must be provided with some information on the
uncertainty of a depicted fiber and of its presence in a

The technique of Diffusion Tensor Magnetic Reso- certain location. This task can be efficiently tackled if

nance Imaging (DT-MRI) measures the diffusion of a Bayesian approach is used.

hydrogen atoms within water molecules in 3D space. In this paper, we have considered a Neural

Since in cerebral white matter most random motion of network-based simplified implementation of a well-

water molecules are restricted by axonal membranesknown Bayesian tracking algorithm (Friman, 2005).

and myelin sheets, diffusion anisotropy allows de- Specifically, this algorithm has been implemented

piction of directional anisotropy within neural fiber with a simplification method based on those used in

structures (Ehricke, 2006). (San José, 2005) in the context of a Bayesian detector

There exist many important applications for white for digital multiuser communications.

matter tractography: brain surgery, white matter visu- Our goal is to establish a parallelism between a

alization using fiber traces and inference of connec- standard Bayesian tracking scheme and another pro-

tivity between different parts of the brain, to name a cedure, the Multiple Hypotheses Tracking (MHT)

few. strategy (Alberola, 1999; Reid, 1979), which is di-

The great majority of DTI visualization tech- rectly related to fuzzy logic and, to our knowledge,

niques focuses on the integration of sample points has not been directly applied to fiber estimation. The

along fiber trajectories and their three-dimensional thus developed fuzzy system will calculate more reli-

representation (Mori, 2002). These streamline-basedable estimates of the depicted tracts certainty.

approaches are calldiber trackingand they usually

make use only of the principal eigenvector of the dif-

fusion ellipsoid as an estimate of the predominant di-

rection of water diffusion in a voxel (Ehricke, 2006). 2 BAYESIAN TRACKING

Nevertheless, and due to some deficiencies in these ALGORITHM

tracking algorithms and several shortcomings inher-

ent in datasets (noise, partial voluming), they may de- Bayesian modelling has already been applied to fiber

pict fiber tracts which do not exist in reality or missto tracking. However, its main drawback is the large

visualize important branching structures. In order to computational load involved. In this paper we pro-

avoid misinterpretations, the viewer of the visualiza- pose to use the Bayesian algorithm of Friman and
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Westin (Friman, 2005) with th&tochastic Draw- 3 COMPARISON BETWEEN

ing Sampling SelectiolfSDSS) scheme developed BAYESIAN AND MHT

in (San José, 2005) for complexity limitation. This

Bayesian algorithm is next described. A fuzzy version of Reid’s classical Multiple Hypothe-
The goal of the Bayesian modelling is to find a pdf . Tracking (MHT) algorithm (Reid, 1979) was pro-

of the local fiber orientatioh p(¥[¥c1,D), where posed in (Alberola, 1999). This system is based

vectorsV and Vi, contain the path samples up 0 o the Jikelihood discrimination and it was applied

timek ork— 1, respectively, an® denotes the mea- 4 the tracking of natural language text-based mes-
sured diffusion data. If a model that relates the diffu- sages. It shows the possibility of handling informa-

sion measuremeniBwith the underlying tissue prop- 5 apout any time-varying phenomenon, as long as
erties and architecture is assumed, then it must CON-the phenomenon can be described by means of a few

tain at least one fiber directior and a set of nui-  evords, and the phenomenon itself is statistically
sance parameters denoted &y Thus, applying the 5,53 in the sense that the distribution of future states
Bayes theorem, is statistically dependent on the past observed states.
o Blo D) — p(D|Vk, 8) p(Vk[Vk_1)p(8) 1 It is not difficult to see the following paral!e_lism
P(Vk, 6|Vk_1,D) = p(D) (1) that leads to the possibility of a tract probability es-

timation based on text-messages (fuzzy-messages):
where we have assumed that the prior distribution can (i) the natural-language messages in (Alberola, 1999)
be factorizedp(V,6[Vk-1) = p(Uk[V-1)p(6). The  and the noisy DT-MR image constitute, in both cases,
main problems found are (Friman, 2005): (i) the cal- the source ohoisyor ambiguousnformation, (ii) the
culation ofp(Vk|Vi_1, D) needs to marginalize Eq. (1)  tracksused in the MHT algorithm, which are defined
over®, and (ii) the normalizing factor assequences of associated symboés be clearly as-
~ o sociated to the possible sequences of points in the 3D
p(D) :/\7 5 P(D [V, ) p(Vi|Vi—1) p(B) (2)  space, in the tracking context, (iii) the MHT system
o associates multiple messages generated along time by
is difficult to evaluate due to the high'dimenSional in- using a Speciﬁc stochastic model for the app“cations’
tegral and the intractable integrand. Eq. (1) has to be dynamics. In our case, this model can be the infor-
calculated in every step in the sequential sampling of mation provided by the measured anisotropy, (iv) the
the fiber paths and, unless an approximation for the termtargetdenotes some condition that generates ob-
integral in Eq. (2) is found, the cost is prohibitive. servable phenomena. In our context, these targets are
Some attempts have been made to approach thisthe sequences of points that define a tract.
problem. In (Friman, 2005), a solution based on  Asaconsequence, the MHT system can be viewed
draWing Samples froma pdf defined on the unit Sphere as a Bayesian approach for mu|t|p|e targets track-
is proposed. This is accomplished by evaluating the jng. Theoretically, this algorithm conserve# the
pdf at a sufficiently large number of points evenly hypotheses that explain the observation until certain
spaced over the unit sphere, effectively approximating time, together with an estimation of the probability
the continuous pdf with a discrete pdf, from which it of each hypothesis_ At the end, the hypothesis with
is straightforward to draw the random samples. How- the highest likelihood is taken as the solution. On
ever, the continuous pdf must be densely enough sam+he other hand, the Bayesian tracking algorithm main-
pled, specifically, Friman proposes to use 2,562 pre- tains a finite set of hypotheses (section 2) with their
defined points thus involving an important computa- associated probabilities, and a tract is coloured and
tional burden. At this point, we propose to use a sam- yjsualized based on these data.
pling strategy where those pointsypothesgsn the
Bayesian terminology of (San José, 2005)) with the
largest probabilities have more chances to be selected.
However, notice that some randomness is introduced4 PROPOSED FUZZY SYSTEM
in the selection procedure. This way, those direc-
tions with the highest probability to prolong the cur-
rent fiber path willprobablybe selected. Specifically,

In this section we propose a recursive SAM (Standard
Additive Model) fuzzy subsystem that allows to mon-

we have implemented the Stochastic Drawing Sam- tor the performance of a DT-MRI tracking system.
pling Selection (SDSS) algorithm in order to reduce "€ SAM model allows to work with linguistic de-

the number of sampled points in the above-mentioned SCriPtions and ambiguities. This kind of description
unit sphere. allows to fuzzy-quantify the errors in the tractogra-

phy problem. On the other hand, the uncertainty in the
1Using the notation found in (Friman, 2005). prediction of the future positions found in the MHT of
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(Alberola, 1999), resembles the creation of new fiber would be the same for every direction (hypotheses).
tracts based on the previous ones. The value of must, also, be fuzzified.

The system here proposed consists in three con-  This way, FIE-1 estimates the likelihood of two
nected fuzzy inference engines (FIEs) —see Fig. 1. It close tracts while FIE-2 weights this estimate with re-
is necessary to develop an algorithm where the inputsspect to the prediction error (that is inversely propor-
to the MHT system have some correlation in time. tional to the anisotropy) and obtains a second likeli-
hood. This value is used to update thiebal like-
lihood (or global reliability), which is a measure of

‘ FIE-1 |2 Recursive S \3 the tracking estimation error probability. This third
Oy . ‘, ¥ process is performed by FIE-3. Thus, this third block
‘ : - updates, with a feedback system, the previous system

knowledge every time a new point is processed.

Figure 1: Recursive SAM fuzzy system for estimation of § NUMERICAL RESULTS

the error probability of the estimated error tracts.

5.1 Synthetic Images
The inputsOp and Og to the FIE-1 are two dif-

ferent tracts (hypotheses) estimated by the algorithm gjrst, four different synthetic DT-MRI data in a 50
sharing in common the first and the last points (in 50 x 50 grid have been generated (three of them —
practice, both tracts must start and finish in near vox- ¢ross earth andlog- can be seen in Fig. 3 of (San-
els). These tracts are prolonged on one side with a jose, 2006) while the fourth one, nametdr, —the
new sample every time a new point is considered (at most complex one— is new. To make the simulated
every iteration of the tracking algorithm), while the fie|d more realistic, Rician noise was added in the dif-
last point of the tracts is lost. This way, compared fsjon weighted images which were calculated from

tracts have always the same length. the Stejskal-Tanner equation using the gradient se-
In order to evaluate the similarity between two quence in (Westin, 2002) ancbavalue of 1000.
tract hypothese®a andOg, it is necessary to quan- The desired noisy synthetic diffusion tensor data

tify their proximity using a 3D distance. As a con- was obtained using an analytic solution to the
sequence, aimilarity coefficienthat depends on the  Stejskal-Tanner equation. The eigenvectors in the
distance between these two considered tracts can b@sotropic areas werd; = A\, = A, while in the re-
assigned. maining voxels of the imagk; = 7, A\ = 2, A3 = 1.
In order to implement a fuzzy system, we must es- |n our study, the SNR varies from 13 to 29 dB.

tablish a relation between thisisp value (defined in The “star” image consists of six orthogonal sine
[0—K]) and the fuzzy sets where a linguistic variable half-waves, each of them with arbitrary radius. Notice
is defined, i.e., that this scenario constitutes the most complicated sit-
uation since the diffusion field experiments variations

Kli 1 Ve{Jyn}iJ;;IIl;/EIy yvith the_ three coordinate axes and there exists a cross-
ing region.
: ~ : ©)) The reliability of four approaches for estimat-
1 Likely ing the tracts certainty is first studied. These meth-
0 Very Likely ods are: (i) the tracking algorithm described in

(San-José, 2006), (“ALG"), (ii) the Bayesian algo-
This allows to obtain the possible fuzzy values of rithm described in section 2 (“BAY”), (iii) ALG with
I> (output of the first FIE and input to the second).  the fuzzy engine for probability of error estimation
Next, we relate thprediction errore used as input ~ (“ALG+Fuzzy”), and (iv) BAY with the fuzzy pro-
in the FIE-2 with the anisotropy observed in the last cedure (“BAY+Fuzzy”). Figure 2 shows the mean
(currently processed) point of the tract. This way, if a probability of wrong estimation (average value in 25
large anisotropy is obtained, the tract would be rather executions) and Table 1 presents the mean variance
smooth in the proximity of the current voxel aisd  of these estimators, for five different signal qualities
will take a small value for those hypotheses (future ranging from 13 to 29 dB.
points to expand the current tract) that involve a small Analyzing the results it can be seen that: (i) the
change in the fiber direction. On the other hand, when probability of error increases as the SNR of the orig-
the anisotropy is small (isotropic area), parameter inal image improves; more complex images have
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5.2 Real Images
S
@ Finally, we have applied the proposed tracking algo-
S rithm to a real DT-MR image. Specifically, we have
> .
£ selected theorpus callosunof the brain.
2 The variance of the same four estimation meth-
8 ods has been evaluated. Results are shown in Table
el | Bavesian ‘(BAY) 3. Once again the improvement on the estimates reli-
s OUXtracking Alg. (ALG) ability can be observed for both BAY and ALG.
s 0.02 ——— Bayesian+Fuzzy
| S— rraCklng /Tlg}Fuzzyl L L Table 2: Variance of different probability of error estiriost
methods.
5 9 13 17 21 25 29 : :
SNR (dB) BAY: | 8.4 || BAY+fuzzy: | 3.8
ALG: | 7.4 || ALG+fuzzy: | 3.2

Figure 2: Mean probability of error for the tracking meth-
ods studied, with and without the fuzzy procedure for esti-
mation of the probability of error. Three synthetic images
were used: earth, log and star.

If noisy voxels are present along the paths of in-
terest it is worth noting that the MHT-based fuzzy
method is less sensitive to these variations. The rea-
son is that the MHT performs a kind amoothing
Table 1: Variance of the tracking error estimation method. or datafiltering, which decreases the disturbing ef-

Each cell represents the values for: BAY/G/Fuzzy-  fects of the occasionally high noisy samples (this is
estimation. addressed using the FIE-3 in Fig. 1).
SNR (dB)
13 21 29
Earth | 4.23.7/1.6 | 2.31.9/0.7 | 1.400.9/0.2
Log | 4.54.1/2.0 | 2.82.3/0.9 | 1.50.9/0.3 ACKNOWLEDGEMENTS
Star | 6.45.1/2.8 | 3.22.7/1.5 | 2.21.7/0.7
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