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What is the Best Similarity Measure for Motion
Correction in fMRI Time Series?

L. Freire*, A. Roche, and J.-F. Mangin

Abstract—t has been shown that the difference of squares tion studies. When the subject movement is correlated with the
cost function used by standard realignment packages (SPM and task, indeed, the changes in signal intensity, which arise from
AIR) can lead to the detection of spurious activations, because the head motion, can be confused with signal changes due to brain

motion parameter estimations are biased by the activated areas. L .
Therefore, this paper describes Several experiments aiming at activity [2]. Nevertheless, standard realignment procedures are

selecting a better similarity measure to drive functional magnetic Often not sufficient to correct for all signal changes due to mo-

resonance image registration. The behaviors of the Geman—Mc- tion. For instance, a nonideal interpolation scheme used to re-
Clure (GM) estimator, of the correlation ratio, and of the mutual ~ sample realigned images leads to motion-correlated residual in-
information (MI) relative to activated areas are studied using tensity errors [3]. Other motion-correlated residuals may stem

simulated time series and actual data stemming from a 3T magnet. f “th in hist frect” which hen th . ;
It is shown that these methods are more robust than the usual 'T0M thespin nistory efiect,” which occurs when the spin excl-

difference of squares measure. The results suggest also that thetation schedule is changed by the subject motion [4], [5]. Finally,
measures built from robust metrics like the GM estimator may other motion-related artifacts can confound fMRI time series,

be the best choice, while Ml is also an interesting solution. Some sych as intrascan motion and the interaction between motion
more work, however, is required to compare the various robust and susceptibility artifacts [6], [7].

metrics proposed in the literature. It has been reported that a number of residual motion-related
Index Terms—Avrtifact, fMRI, motion correction, robust regis-  artifacts after realignment are reduced by covarying out signal
tration, spurious activation. correlated with functions of the motion estimates [3], [4]. It has
to be noted, however, that when the motion estimates are highly
|. INTRODUCTION correlated with the task, this regression-based approach is bound

L . . to erase some actual activations. While this cost may appear
OTION correction in functional magnetic resonance . . . . X
as the price to pay in order to obtain a good protection against

throu r:nligmrgtrggﬂIzlc)tivtém:sti;eazlt?:n Ics)f ?hséjzislgb.g;goglo(i?fﬁlse positives, using this approach raises the issue of the mo-
ug osp . o ) 1on estimate reliability. Indeed, if ever signal changes induced
during the experiment. This motion is often modeled by a tlnbe

. T . o i . by the cognitive task slightly bias motion estimates in a sys-
series of three d_|men_s|o_nal (3-D) rigid body trgnsformatloqfﬁmatic task-correlated way, the price of this correction may be
each transformation aligning one volume of the time series wi . . . :

ven;i high. Without the correction, however, realignment from

the reference volume. The retrospective approach amounts tPae -correlated motion estimates could induce some spurious

to the estimation of these transformations via the maximizatign,. . : .
T : oo activations. Hence, task-correlated motion estimates would be
of a similarity measure. A number of different similarity mea; . . ; .
: ; . the worst artifact that can be imagined for a realignment method.
sures have been proposed in the literature in order to perfor . .
n a recent paper [8], it has been shown that this task-corre-

retrospective registration of 3-D data sets. Hence, a usual issue ; ; : . . ;
. . ; . . ateéd motion estimate’s artifact can occur with the realignment
for the design of a registration procedure is the choice of the . ; T
LT . . ethods using the simple similarity measure made up by the
best similarity measure considering the characteristics of the . : .
um of the squared differences between both images. This least

problem being addressed [1]. This choice, indeed, may hlgrﬁ . ) ;
: ; squares measure, indeed, does not take into account potential
influence the procedure robustness and accuracy. This paper1s. : o X ;
. : . - : ouflier voxels related to functional activations. This observation
dedicated to various experiments aiming at selecting the bes ) . . .
S . S : .~ “Was considered especially alarming because this least squares
similarity measure for motion correction in fMRI time series. . . : ;
measure is underlying the two standard motion correction pack-

Realignment of f.MRI time-series is toda}y conside_red as a_rg-es used by the brain mapping community (SPM [9] and AIR
quired preprocessing step before analysis of functional actl\ﬁ%] [11]). Hence, we have decided to test a set of other simi-

larity measures supposed to be more robust relative to outliers.
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standard registration problems because the rigid-body transforplane resolution of 3.75 mm and slice thickness of 4 mm.
mation to be estimated is small (time series including large m®dhe potential bias induced by activations in realignment algo-
tions are often discarded). Hence, the motion correction algithms was evaluated in a human study using a design of two
rithm is not plagued by the similarity measure large attractiaiternating visual stimuli. The subject’'s head was cushioned in-
basins located far away from the basin that includes the glolside the Brucker proprietary head radio-frequency coil assembly
optimum. Consequently, most of the similarity measures usand two adjustable pads exerted light pressure to either side of
ally give relatively “good estimates” of the motion parametershe head.
Therefore, our experiments mainly focus on the potential task-
correlated bias observed in motion estimates whatever the egti-
mate actual accuracy.

fMRI usually relies on fast acquisition schemes like EPI that To bring two images into spatial alignment, a rigid-body
yields low spatial resolution images (usually 3 mm). Therefortansformation is applied to one of the images. The purpose of
while feature-based similarity measures relying for instance @nsimilarity measure is to return a value indicating how well
edge maps [14] may appear as good candidates to overcome B¥@- images match given a certain transformation. Ideally, by
lier influence, their accuracy is uncertain. With this in mind, wgaximizing the similarity measure one should find the trans-
have chosen to limit our study to intensity-based measures. Cétmation that registers the images. The optimal rigid-body
sidering the huge number of different intensity-based similaritfgnsformation, however, usually depends on the chosen simi-
measures proposed in the literature [15], [16], we have decidétity measure and on the implementation of its optimization.
to select only one measure among each different family of tA&e goal of this paper is to assess to what extent the optimal
taxonomy recently proposed by Roche [1]. This taxonomy {gnsformations given by various realignment methods are
related to the kind of dependence between the image intensitiased by activations. Hence, we do not address the complex
supposed to be verified when both images are matched. The sifpblem of choosing the best optimization scheme to obtain
ilarity measure is intended to quantify how well this dependendais optimal transformation [24].
is verified given a transformation between the images. In eachSeven different realignment methods based on five different
family, one of the more standard measures has been selecgtilarity measures are used in our experiments. Each under-
but other related measures more adapted to motion correctigig implementation depends on a few parameters, which may
in fMRI time series could certainly be derived in the future. slightly modify the realignment results. A number of works have

Seven different motion estimation procedures are compare@en dedicated to evaluation of registration methods accuracy
throughout the paper, which are enumerated here accordingtdl, [25]—{28]. While this is clearly a key point to compare sim-
an increasing number of degrees of freedom (DOF) for the digrity measures, such work requires the study of each parameter
sumed dependence between intensities (this order is also reldtdigence, which is far beyond the scope of this paper. Since our
to the measure computational complexity). main goal is to highlight the potential bias induced by activa-

« Intensity conservatiantwo different implementations tions, we have chosen to set each parameter either to the best

of the difference of squares measure (SPM [9] and Alg@oice leading to acceptable computation time, or to the value
[10]) and the Geman—McClure (GM) robust estimato‘f'ommon'y used by standard users. Apart from the standard SPM

[17], which takes into account the existence of potentid'd AIR packages, all the procedures rely on a custom imple-
outliers: mentation including a cubic spline-based interpolation method
. Affine dependencehe ratio image uniformity function ayailable on the World Wide Web (ht@p://bigyvvyw.gpﬂ.ch/algo—
[10]; rithms.html, [29], [30]) and a Powell like opt|m|z§t|pn method.
Custom versions of LS and RIU measures optimizations have
tions of the correlation ratio [18]; been used in a previous paper to discard some potential con-
. Statistical dependencethe mutual information (MI) found relaf[ed to our experiment schemes [8]. 'I_'he_se custom im-
[19]-[23]. plementations have presented the same qualitative behavior as
: . . ) . SPM and AIR implementations. In particular, it was important
The_ behawor_ of eac_h pro cedqre |s_stud|ed f|rst_ reInge 18 verify that the fact that the simulated time series stem from a
a motion free time series including simulated aCt'Vat'ons'?iubic spline interpolation while SPM and AIR use other inter-
0

Similarity Measures

» Functional dependencawo symmetrical implementa-

second experiment is dpdmated to .the influence of the am lation schemes (truncateathc and linear interpolation) did
tude and extent of the simulated activated areas on the accu &Y result in different behaviors

of the estimations of simulated motions. Finally, the different

procedures are confronted with an actual time series obtained® -S-SPM:the standard realignment algorithm in SPM96
from a 3T magnet. (http://lwww.fil.ion.ucl.ac.uk/spm, [9]). The underlying

similarity measure is simply a least square, namely

the sum of the squared discrepancies between both

II. MATERIAL AND METHODS images. One specificity of SPM implementation is the

i use of a first order Taylor series approximation of the
A. TMRI Acquistiions rigid-body transformation effects. While this choice
All fMRI studies were performed on a Brucker scanner oper-  allows rapid minimization of the measure iteratively
ating at 3T using a 30-contiguous-slice two—dimensional EPI  using singular-value decomposition (SVD), it may ex-
sequence (slice array of 6464 voxels). This sequence had plain some differences with other implementations of
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the same similarity measure [15]. A 3-D smoothing is
applied before realignment to assure a good behavior
of the Taylor expansion. We set the Gaussian kernel
full-width at half-maximum (FWHM) to 8 mm. The
number of iterations was set to 16. The whole set of
slices was included in the SVD. We have checked that the
realignment algorithm in SPM99, while slightly different
(points outside the head are removed from the SVD),
presents the same qualitative behavior relative to the bias ¢
induced by activations.

LS-AIR a second implementation of the least-square ap-
proach proposed in AIR 2.0 [10]. The minimization is
done according to a Powell like unidimensional algorithm.
A 3-D Gaussian smoothing is applied to the data to get
more robust minimization (FWHM- 4 mm). A threshold
was used to discard voxels with low signal (mainly located
outside the head).

GM: the GM robust estimator is an M-estimator supposed
to reduce the influence of large residuals biasing the
L2 metrics used by the difference of squares measure
[17]. The contribution of each residual to the global
measure is?/(1 + (x/C)?), wherez denotes intensity
difference and”' is a scale parameter used to tune the
cut power of this estimator. For comparisdri,has been
fixed to 0.2% of the mean brain intensity according to
a preliminary experiment described in the following.
Time-series realignment based on GM (and other M-esti-
mators) have been implemented as a SPM toolbox called
INRIAlign and is available on the World Wide Web at:
http://www-sop.inria.fr/epidaure/IRMf/INRIAlign.html.
This implementation is based upon a Newton scheme
similar to the original SPM realignment technique.
However, for the experiments, we have used the custom
framework subjacent to CR, Crsym, and MI.
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the image to be aligned. More sophisticated versions of
the correlation ratio principle, which have not been tested
in this paper, may include robust estimators to reduce
outlier influence [1].

CRsymthis similarity measure is the same as the previous
one, but the roles of the two volumes are swapped. Hence,
the iso-intensity-based partition is applied on the volume
of the time series to be aligned.

MI: mutual information [19]-[23]. MI is a measure
originating from information theory, which assumes the
least about intensity dependence. The underlying concept
is entropy. The entropy of an image can be thought of
as a measure of dispersion in the distribution of the
image gray values. Given two image$ and B, the
definition of the mutual informatioMI( A, B) of these
images isMI(A, B) = E(A) + E(B) — E(A, B) with
E(A) and E(B) the entropies of the image4 and B,
respectively, andz(A, B) their joint entropy. The joint
entropy E(A, B) measures the dispersion of the joint
probability distribution p(a, b): the probability of the
occurrence of gray value in image A and gray value

b in image B (at the same position), for all andb in

the overlapping part oA and B. The joint probability
distribution should have fewer and sharper peaks when
the images are matched than for any case of misalign-
ment. Therefore, maximization of Ml should correspond
to the best registration. An implementation of Ml can be
found in SPM99. For the experiments described in this
paper, however, our own implementation was used. The
joint histogram computation includes a rebinning of each
image gray level set to 64 values, where each voxel gray
level contributes to the two closest values proportionally
to the two underlying intervals.

RIU-AIR the ratio image uniformity similarity function of C- Simulations
AIR 2.0 [10]. This function is simply the standard devia- Evaluation of the putative biasing effect due to activa-

tion of a ratio image computed on a voxel-by-voxel basisions was first achieved using artificial time-series. Each
Minimization of this cost function increases the uniforvolume in the time series was created applying an artificial
mity of the ratio image, which is independent of globatigid-body motion7;;,, to a reference image using a cubic
scaling of the original images and improves registratiospline-based interpolation method, available on the World
Preprocessing and minimization are performed like falide Web (http://bigwww.epfl.ch/algorithms.html, [29], [30]).
the previous LS-AIR measure. The measures used in Alfhis method embeds the volume in a surrounding space
3.0 are the same but the minimization implementation héided with null value. The reference image (6464 x 30,
been refined. 3.75x 3.75x 4 mm) was one of the EPI BOLD image of the
CR the correlation ratio is an asymmetrical similaritystudy mentioned above denoised with a standaxB3 3 me-
measure assuming a functional dependence between kaitin filter. Gaussian noise was added to the reference image and
image intensities [18]. This measure, which has sonte all frames of the time series in order to simulate the effects of
relationship with the inter-modality measure proposetthermal noise in fMRI scans (standard deviation: 2.5% of mean
in [31], requires that the reference image be partitionembrebral voxel value). Various artificial activations were then
into a number of intensity isosets, namely broken up intadded either to the reference image or to the rest of the time
areas of similar intensity. These areas are placed over g&ies according to the simulation requirement. Three different
transformed image. Then the variance within each araativation patterns were manually drawn in the occipital lobe
is calculated and the similarity measure is defined froin order to mimic some visual activations observed during the
a weighted sum of the variances. Our local implementanderlying neuroscience study. These patterns were first filled
tion relies on a partition in 64 isosets corresponding twith a random noise, then spatially filtered with a Gaussian
intensity ranges with equal length. The correlation ratistandard deviation: 2 mm). The resulting image was then
assumes that each intensity isoset in the reference imagasked according to the initial pattern. Some features of the
should correspond to a low dispersion intensity range fimal patterns are summarized in Fig. 1. A few slices presented



FREIREet al: WHAT IS THE BEST SIMILARITY MEASURE FOR MOTION CORRECTION IN fMRI TIME SERIES? 473

Pattern Al . A2 A3
Size (%) | 12.4 | 62 32
Mean %6) | 126 | 119 1.18
Max (%) | 2.04 | 2.03 2.03

Fig. 1. Summary of activation pattern features. Size is given as a percentage of the total number of brain voxels. Mean and Max denote mean and maximum

signal increase for the activated voxels.

in Fig. 1 give an idea on the activation spatial profile. A range of Since a previous paper has shown that the difference of square
activation amplitudes was studied using multiplicative factoraneasure leads to task-correlated motion estimations [8], a pre-
Each frame of the artificial time series is aligned to the refeliminary experiment is done with the GM estimator with a range
ence image using one of the registration methods, which yielofdifferent values for the scale parameter. This experiment aims
an estimated rigid-body transformatid@,;. Hence, the align- at evaluating whether this robust measure can overcome the in-
ment error is given by the residual rigid-body transformatiofluence of the large residuals related to the simulated activations.
Tres = Tuim X Te;l, where each transformation is representetihe estimations of the motion parameters presenting the highest
by a standard homogeneous matrix. The origin for rotationshgs with LS measure (see Fig. 4) are presented in Fig. 2 for eight
located in the center of the volume. The translatibp) @nd ro- different values of” (given as a percentage of the mean brain in-
tation (£,.) alignment errors are given iy, = sqrt(7(1,4)>+ tensity). The charts refer t5, andR,. (pitch). As expected, the
T(2,4)? + T(3,4)%) (in mm) andE,. = cos™*[(Z7(1,1) + charts show that when the scale parameter is too high, the GM
T(2,2) +T(3,3) — 1)/2] (in degree). When required, the sixestimator leads to task-correlated estimations like LS, which is
motion parameters of a transformati@hare given by:it, = shown by the high correlation coefficient values between the
T(1,4),t, = T(2,4),t. = T(3,4),7, = sin " (T(1,3)),r, = parameters and Al time course. When this scale parameter is
sin —1(7°(2,3)/ cos(r,)), andr, = sin™*(7(1,2)/ cos(r,)).  sufficiently low, however, the correlation with the simulated ac-
tivation profile almost disappears, which tends to prove the effi-
ciency of the robust metrics. From this experiment, we decided
to set the value of the scale parameter to 0.2% of mean brain
value.
A. Simulated Activations Without Motion Our previous paper has also shown that the bias amplitude
. ) ] ] ) using LS- and RIU-based measures increases with the width
The first experiment investigates whether some realignmegitihe Gaussian kernel used to spatially smooth the data before
method may lead to spurious ta_sk—relate_d motion estimatesdyistration in order to reduce the number of local minima [8].
the absence of any |n|t|al_ misalignment in _the t_|me Se”es-ﬁwerefore, a second preliminary experiment was performed to
has been shown in a previous paper that this artifact does existess the effect of a preliminary smoothing on the behavior of
with difference of square measure (LS), with an amplitude syke new measures studied in this paper (GM, CR, and CRsym).
ficient to induce additional spurious activations along high-cofe results for two of the motion parameters are presented in
trast edges after resampling of the time series [8]. The differgfyy 3. The correlation with the activation profile increases sig-

I1l. EXPERIMENTS

steps of this experiment can be summarized as follows: pjficantly with the smoothing kernel width for the two CR-based
» Generate an artificial time-series by duplicating the refemeasures, while this effect does exist for GM but to a lesser ex-
ence image 40 times; tent. The amplitude of the bias, indeed, remains very low. An ad-

* Include in each frame the activation pattern Al (see Fig. @l)tional information inferred from this experiment for GM is re-
multiplied by an intensity which varies throughout théated to the sensitivity to local minima observed when the align-
time series according to the time course given in Fig. r@ent is applied to raw data. This observation led us to apply a
(two square stimuli convolved with a Gaussian; the maxX—mm FWHM Gaussian smoothing to the data before using GM

imal mean activation is 2.52%); in all the following experiments. In return, no spatial smoothing

* Run the seven registration methods; is applied for CR and CRsym.

 Evaluate the six transformation parameterg.gf for each Finally, Fig. 4 is dedicated to a comparison of the six motion
package; parameter estimations using the seven different methods. Sev-

» Compute cross correlation between each parameter ardl realignment parameters related to the least-square-based
Al time course. methods (LS-SPM and LS-AIR) demonstrate a high correlation
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Fig. 3. Study of data spatial smoothing influence on GM (top), CR (middle) and CRsym (bottom) for two of the motion parameters. The correlation with the
activation profile is given for each chart.

with the time course of the simulated activation (see Fig. 4(d8]. Finally, correlation is quite low for GM (0.26 for yaw)
for LS-SPM, the highest correlation is obtained for tf@v and RIU-AIR (0.10 fort.), but RIU-AIR seems especially
parameter (0.99); for LS-AIR, the maximum correlation is okplagued by local minima. It has been shown elsewhere that this
tained for thet, parameter (0.97). The two LS-based methogwoblem was overcome by a larger spatial smoothing, leading
give very different results for the rz parameter (LS-SPM beingnfortunately to a significant bias [8].
highly biased), which shows that the measure optimization o ) )
scheme can highly influence the activation related artefact. TRe Simulated Activations With Simulated Motion
highest amplitude of the task-related parameter time course iShe second experiment investigates the influence of simu-
0.05 mm ¢,) and 0.15 degy@aw) for LS-SPM, 0.05 mm#,) lated activations on registration method accuracy. A method
and 0.04 deggitch) for LS-AIR. An additional experiment robust to the presence of activations in the time series should
with the same data has shown that this bias is largely decreakedp the same level of accuracy whatever the activation fea-
if no spatial smoothing is applied to the data, but remaingres. The important point here is not the absolute accuracy
significant although partly hidden by local minima [8]. of the method, which could depend on the tuning of some in-
Lower but significant correlations are observed for someinsic parameters, but the potential accuracy modifications in-
parameters related to Ml (0.67 for), CRsym (0.66 fort,), duced by signal changes in the activated areas. This experiment
and CR (0.50 fort,). Bias amplitude remains important withrelies on a large number of simulated volumes, which allows
CR-based measures but the charts are noisier than with L$Sto study the influence of several parameters on a statistical
because of local minima (no spatial smoothing was use@hsis. In order to get rid of the potential confound related to
Bias amplitude is quite low with Ml (0.01 mm fot. and field of view variations after simulated motion, all volumes were
0.02 deg for pitch) and it has been shown elsewhere that swipped from their border voxels before realignment in order
spurious activations were detected using SPM after realignmesiteach a 6X 62 x 28 geometry (a subvolume was used). To
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Fig. 4. The estimated motion parameters for (a) LS-SPM, LS-AIR, and GM. LS-based estimations are highly correlated with the simulated adiieation pro
The correlation with the activation profile is given for each chart.

eliminate simulated motion specificities relative to the referende26%, 2.52%, 5.04%, and 10.08% mean signal increase and
volume axes as a potential confound, the simulated translatidhe results compared with the situation of no-activation. For
were applied systematically in the 20 directions of a regular d0-2-mm translation and (2rotation [Fig. 5(a)], LS-SPM
decahedron and the simulated rotations were applied aroundabeuracy declines linearly relative to activation mean signal
20 different axes defined by the same dodecahedron. Hence,fierease whatever the considered erigy énd E,.). A similar
a given translation or rotation amplitude, accuracy was assesbat smaller effect is observed for LS-AIR. The accuracy of
from means and standard deviations of translatig) &énd rota- the five other methods does not depend so dramatically on
tion () errors relative to 20 different realignments. Simulatethe signal increase amplitude in the activated area, although a
translation and rotation amplitudes have been chosen first sn&ijht increase may be noted for GM, CR, and CRsym when
relative to voxel size, because our previous work has showativation exceeds the noise level. For 2.0 mm translation
that with larger motions, the activation bias was hidden behitehd 2.0 rotation [Fig. 5(b)] it is clear that increased errors
the method’s decreased accuracy [8]. Hence, the first partiofmotion estimate reduce or even completely hide the acti-
the following experiment is related to the realignment behavieation-induced bias effect, notably in all the metrics except
when the subjectis almost motionless. Nevertheless, we propbtle which remains unchanged and in LS-SPM, for which an
some results with larger amplitude simulated motions, in ordierduced-bias is still visible.
to compare the variances of the different methods in a more dif-For the simulated translation of 2 mm, RIU-AIR translation
ficult situation. errors are typically of the order of the translation value, which
1) Activation Level: The influence of activation level was suggests significant local minima problems near the null transla-
studied for 0.2 and 2.0 mm translations and°Cad 2.0 ro- tion. For commodity reasons, this chart is truncated to preserve
tations. Al pattern was added to reference image with 0.63%sual discrimination for the other methods’ values.
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Fig. 4 (Continued) The estimated motion parameters for (b) RIU-AIR, CR, CRsym, and MI. The correlation with the activation profile is given for each chart.

2) Activation Size:The influence of activation size was alsacould be expected considering the squared cost of the outlier dis-
studied for translations of 0.2 mm and rotations of(fAg. 6). crepancies. When activated region size is doubled, LS-SPM er-
Al, A2, and A3 patterns were added separately to referenwes in rotation (the most modified ones) are typically increased
image (with 2.52% mean signal increase in activated regiorns) a 25%-50% factor. When activation level is doubled, how-
and the results displayed with the nonactivated situation fever, LS-SPM errors in rotation may be doubled.
comparison. LS-SPM accuracy declines significantly when the
activated area is enlarged, while this effectis smaller for LS-AIR- Experiments With Actual Time Series
methods and nonexistent for the other methods. Finally, the seven registration methods were run on an

When a LS-based method is used, activation level has a matgual time series made up of 180 3-D images acquired every
dramatic role on the accuracy decline than activation size, whighs (frames). GM was tested with two different values of
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Fig. 5. Influence of activation level on registration accuracy. Accuracy of the different registration methods is evaluated by means of medardrutkstation

values ofE; (left) and E.. (right) for increasing activation intensities. 12.4% of the brain (occipital area, Al) is activated in the reference volume with mean signal
increase (or activation level—A/L) ranging from 0.63% to 10.08% and results are displayed with no-activation situation (N/A) for comparisoref@htart(a)
simulated motions of 0.2 mm (top) and 0.2 deg (bottom); (b) simulated motions of 2.0 mm (top) and 2.0 deg (bottom).

C (0.2% and 1% of mean brain value), because with ttsgale factor during optimization are often used to deal with
lowest value the method was especially prone to local minimsuch robust metrics [1], [17].

Furthermore, we initialized the optimization performed with The repeated stimulus period corresponds to 18 frames.
these low scale factors with the result of an optimizatioBach period alternates two nine-frames-long presentations of
performed withC' = 100% (which is equivalent to LS). two cognitively different visual stimuli. The six rigid-body
More sophisticated adaptive approaches with a decreasmagistration parameters are displayed in Fig. 6 for the eight



FREIREet al: WHAT IS THE BEST SIMILARITY MEASURE FOR MOTION CORRECTION IN fMRI TIME SERIES? 479

WAY AN 24T AT A ZOP% AT AR ZAFE A [ma A 2w A, ZRER = 49 o 0N 1

[
B

by [moer o T nam ey ma
" - -
L
Maay Bora o3 Bwmiorg ey
-
-]

IN| F ;
- It i . 4 - - " . -
-
T l T |
|
| | : 1] 1
ey FS L 1 T -

A
E

ity (el (& ) ] Boal =N [+ %" ("]
g W WAL R [Femd pa) Sayalimes Seige [Tl 1 sy
AT AL AP AT AL RN AT AN T I HAR :-ﬁlﬁ.ll.m-.‘-!iLLm L e H:'Fl.

L8] am

I
o] -
1" F
. e |

]

| 1 . | =
= !
.h i

| | |
i o s by -

- i | ’ | =
; - - -| h ‘ . | ”
Lo gl (R ] Lpad Lan B ai ol oy L]
Ty drsfwn Fashogm 1501 deg Plrg e aiom ¥ ar g (21 7 dimg ]

Fig. 6. Influence of activation size on registration accuracy: For each method, accuracy with decreasing activation size is displayed wheyd, 2483 2%
of the brain (occipital area; Al, A2, and A3) are activated in the reference volume with mean activation level (A/L) of 2.52%. N/A refers to nahsittistios.
Charts produce means and standard deviatiots; dfeft) and E.. (right) and refer to simulated motions of 0.2 mm (top) and 0.2 deg (bottom).

registration methods. The general trends of the six paramete&8®M99 was used then to perform detection of activations. The
estimations are consistent across methods apart from the yallowing standard preprocessing was applied: spatial Gaussian
parameter, which may be explained by some of the EPI relatetioothing (full-width at half maximum 5 mm), high-pass tem-
spatial distortions. It should be noted that according to thoral filtering (period: 120 s) and low-pass temporal filtering
estimation results, the actual motion amplitude was rathiey a Gaussian function with a 4-s width. The generalized linear
small (less than 0.F5and 0.15 mm for all frames). Some of themodel was used then to fit each voxel with a linear combina-
charts clearly display stimulus correlated periodic variatiori®n of two functions: the first one was derived by convolving
(see Fig. 7). The more impressive periodic effect is observadstandard hemodynamic response function with the periodic
on the pitch chart (Rx) for LS-SPM and LS-AIR, while thisstimulus, the second one was the time-derivative of the first
periodic trend is less clear for the other methods. The famhe in order to model possible variations in activation onset.
that this trend is not clearly observed for the majority of th€he voxels were reported as activated if the p-value exceeded a
methods discards, in our opinion, the existence of an actalteshold of 0.05 corrected for multiple comparisons.
quasiperiodic task correlated motion during the acquisition. An illustration of the consequences of the stimulus-corre-
Some less regular task correlated motions are neverthelleded motion estimates is shown for a few slices of the brain
bound to exist to some extent, which has to be kept in mirdl Fig. 8. Considering the activation map obtained from the
during the result interpretation. raw time series as a reference, several additional clusters of

In order to assess correlation with the hemodynamic ractivated voxels are observed along some high-contrast brain
sponse, a moving average (one period Wldth) was removed fr@ﬁges after LS-SPM motion correction and to a smaller extent
each chart before computation of the cross correlation with tAEer LS-AIR correction. The largest of this additional cluster
periodic stimulus convolved with the standard hemodynarﬂﬁcated in frontal lobe is also partly observed for all of the other
response of SPM99. For the pitch chart, which is the mopfaethods. While the shape of this last cluster following the brain
affected in this study, the highest correlation is obtained f6€lge is very curious and corresponds to what may be expected
LS-SPM (0.79) and LS-AIR (0.64), while the other methodf9r @ spurious activation, the consistence of the eight results
are also correlated: CRsym (0.54), CR (0.50), RIU-AIR (0.50)ay indicate the presence of an actual activated area recovered
MI (0.46), GM-1 (0.45), and GM-0.2 (0.33). The amplitude oPY motion correction. The noisy activation map obtained after
the putative bias, however, is small for the non LS methodsS-SPM correction has been observed for numerous cognitive
Hence, these correlations could stem either from a small bigsperiments performed with the 3T magnet in our institution.
from a small actual motion, or, finally, from both.

To study the consequences of the putative bias on activation
detection, the actual time series was realigned from each ofOur previous paper had shown that the difference of squares
the eight motion estimations using a cubic-spline interpolatiomeasure often used in the brain mapping community to per-

IV. DISCUSSION
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Fig. 7. Motion correction parameters for an actual time-series. (a) LS-SPM, LS-AIR, and GM with cutoff Vakeisto 0.2% and 1% of mean brain value.

form motion correction in fMRI time series could lead to som&hich leads to motion estimates less prone to activation related
difficulties [8]. The standard motion correction packages (SPblas. This new paper was aiming at evaluating whether Ml was
and AIR), indeed, can yield task-correlated motion estimates the best alternative.

sulting in spurious activations along some high-contrast edgedt is interesting to note that most of our results could
(see Figs. 7 and 8). We had also highlighted the relationship liie predicted from the problem characteristics, namely the
tween the bias amplitude and the amplitude of the signal chardgpendence that may be assumed between the intensities of
in activated areas (see Fig. 4), which allows us to forecast animo fMRI volumes of the same time series. Clearly, the
creasing number of problems now that high-field magnets haagssumptions underlying LS, RIU, and CR are contradicted by
appeared in a lot of institutions. Finally, we had studied an alteahe signal changes in the activated areas, which explain the
native measure to the sum of squared differences, namely Mias observed with LS and CR measures in some experiments.
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Fig. 7 (Continued) Motion correction parameters for an actual time-series. (b) RIU-AIR, CR, CRsym, and MI.

CR measure, however, is much more resistant to outliers theither bias field or partial volume effects, in the case of actual
LS, which may result from the fact that each iso-set variandata, or resampling artifacts in the case of synthetic data. Ml
is biased in its own way or nor biased at all, which leads likely to better accommodate for such inhomogeneities, as
to an average bias of lower amplitude. The results with RIl amounts to a bin-by-bin intensity remapping. However, the
are more difficult to interpret because the bias may be hiddehoice of Ml for this application may be questionable. This sta-
behind local minima problem, which has been shown in otistical measure, indeed, assumes very few constraints about the
previous paper [8]. dependence between both image intensities. Unfortunately, too

Thanks to its larger number of DOF, MI never presents higimany DOF in the similarity measure or in the spatial transfor-
amplitude bias. In our experiments, this seem to provide a gowrtion usually lead to registration methods plagued by local ex-
protection against intensity inhomogeneities that may arise franema [18], [33], [34].
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Fig. 8. A few slices of the activation maps obtained from SPM99 after realignment using the different methods.

Therefore, an important feature for the choice of a motion Alternative measures relying on robust metrics can be easily
estimator is its variability. Our experiments with synthetic datdevised for the three kinds of dependencies underlying LS, RIU
suggest that GM and Ml yield comparable standard deviatioasd CR. In this paper, we have studied the behavior of the GM
with respect to the mean estimation error (see Fig. 5), whielstimator, which is a robust similarity measure of the intensity
could lead to the conclusion that the large number of DOF of Mbnservation family. The same estimator could be used to derive
is not a problem for this application. The experiment with 2-mrma generalized correlation ratio [1], [35]. GM is only one possible
translations, however, shows a much lower variance of the trapspular choice among a lot of other robust estimators [36]. The
lation error for the GM estimator than for MI. This effect maykey point inferred from our experiments is that the robust met-
result from the interpolation artifact observed by Pluim in [34jics approach seems to have the potential to overcome the ac-
and have then no impact on real data. Unfortunately, variabilitiyation induced bias. But some correlation remains during our
measurements were not provided in the case of real data siegperiment with actual data. This may be explained by the fact
the true motion parameters were unknown. Assessing registiaat, unlike Ml, intensity inhomogeneities cause intensity con-
tion variability in the absence of ground truth is an especialgervation assumption to be violated, giving the idea that a ro-
difficult problem, even though some techniques to achieve thisist metric like GM should be enhanced so as to include some
are currently emerging [32]. spatially varying intensity correction. In our opinion, this could

Anyway, some significant correlations with the task do occumake GM to clearly outperform M.
with MI. This may be explained by the spatial smoothness of Some more work has to be done in order to choose the best ro-
the hemodynamic response, which leads to a continuous raibgst metrics, which also requires, in our opinion, a better under-
of activation amplitudes (note that no spatial smoothing was agtanding of the features making a distinction between activation
plied to data before MI-based registration). Hence, the activatadd noise. For instance, usual activation amplitudes observed
area does not lead to some clear additional peaks in the joint hirssthe visual system are in the range tested in this paper, while
togram. It has to be noted that while a low amplitude bias mapmplex vascular effects can create even larger amplitudes up
not lead to spurious activations, it prevents a trustworthy usetof20% [37]. The interactions between EPI distortions, suscep-
the motion parameters as regressors of noninterest during tiuility artifacts and motion could also lead to some other kinds
tivation detection. Such regression, indeed, may remove soofeutliers.
interesting activations. Therefore, we have investigated in thisOur first experiment on the influence of the GM scale
paper the behavior of some more constraining classic similarfigrameter is difficult to generalize to any activation study. The
measures. tuning of the cut power of the robust metrics, moreover, is
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deeply related to the tuning of the spatial smoothing applieduse a lot of different brain areas may be involved in the ex-
to the raw data before registration to reduce local minim@eriment with a different timing. Moreover, it would be very
problems. During the first experiments, the activation meammbersome to perform a new motion correction for each new
amplitude has been set to the same level as the standamgroved statistical inference during data analysis. A better al-
deviation of the Gaussian noise added to mimic acquisitit@rnative would consist of filtering the motion parameter time
noise. Hence, the activated voxels cannot be distinguishegties according to the cognitive experiment design. This third
by the amplitude of their associated residuals. After a spatgbproach, however, cannot easily distinguish actual task-corre-
smoothing, however, the noise amplitude is decreased while tated motion from activation-induced bias.
activation mean amplitude remains roughly the same because
of its spatial coherence. Therefore, the activated voxels have
higher residuals than the rest of the voxels, which induce a
larger bias for the similarity measures based on the L2 metricsThis paper has shown that the best solution to get rid of spu-
(LS and CR, Fig. 3). This interpretation means that while théus effects induced by activated areas during motion correc-
bias induced by LS measure is largely reduced if no spati@n seems to be the use of a robust metric to design the sim-
smoothing is applied to the data, it is bound to come back wiillarity measure driving the final motion parameter estimation.
high-field magnets because of the improvement of the sigriégarding optimization issues, a simulated annealing strategy
to noise ratio. allowing a progressive decrease of the cut power (pararagter
After a 4-mm-width spatial smoothing, nevertheless, the scatéght be a good approach to avoid local minima problems. Also,
parameter of GM had to be decreased to a very low valuetime similarity measure could be enhanced so as to include a spa-
order to reach a low correlation with the activation profile (setially varying intensity correction. We believe that this strategy
Fig. 2). More than 70% of the residuals were larger than the “opeuld result in reducing the motion bias since intensity inhomo-
timal” scale parameter that has been chosen for the followiggneities between successive images would be better accommo-
experiments. With actual data, this choice has resulted in addated. The standard MI, however, remains an efficient simpler
tional local minima problems because too few voxels had sorselution.
influence on the global measure. This last difficulty has been
partly overcome with a two-stage strategy consisting in a first
optimization with a highC GM almost equivalent to LS fol-
lowed by a second optimization with a lo@ GM initialized The authors would like to thank J.-B. Poline, S. Berthoz, P.
by the result of the first one. Nevertheless, more sophisticatedvan de Moortele, S. Dehaene, D. LeBihan, X. Pennec, and V.
robust estimators performing an adaptive estimation of the dtrouin for the stimulating discussions about motion correction
power from the residual statistics could improve the results. related problems.
This also raises again the issue of motion estimates vari-
ability; it is known that when robustness against activation
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