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Abstract: We propose a novel variational framework for the dense non-rigid registration of
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the Riemannian manifold of multivariate normal distributions endowed with the metric derived
from the Fisher information matrix. The availability of closed form expressions for the geodesics
and the Christoffel symbols allows us to define statistical quantities and to perform the parallel
transport of tangent vectors in this space. We propose a matching energy that aims to minimize
the difference in the local statistical content (means and covariance matrices) of two DT images
through a gradient descent procedure. The result of the algorithm is a dense vector field that can
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Recalage non-rigided’ | RM du tenseur dediffusion

Résumé : Nous proposons un nouveau cadre variationnel pour le recalage dense non-rigide
d’IRM du Tenseur de Diffusion (IRM-TD). Notre approche repose sur les propriétés géométriques
de la variété Riemannienne des distributions normales multivariées, équipée d’une métrique déri-
vée de la matrice d’information de Fisher. L’existence de formes closes pour les géodésiques et
les symboles de Christoffel nous permet de définire certaines statistiques et de réaliser le trans-
port paralléle de vecteurs tangents dans cet espace. Nous proposons une énergie, pour notre
probleme de recalage, dont I’objectif est de minimiser les différences entre statistiques locales
(moyennes et matrices de covariance) de deux IRM-TD a travers une descente de gradient. Le
résultat de I’algorithme est un champs de vecteurs dense qui peut étre utiliser pour transformer
I’image source vers I’image cible. Cet article est essentiellement une étude mathématique du pro-
bléeme de recalage. Des experiences numeériques sont présentées dans le but d’illustrer la faisabilité
de la méthode.

Mots-clés : recalage, recalage non-rigide, équations aux dérivées partielles, géométrie différen-
tielle, transport paralléle, statistiques, élasticité linéaire
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4 Faugeras, Lenglet et al.

1 Introduction

We deal with the problem of estimating the geometric deformations between two diffusion tensor
images. This is reminiscent of the problem of estimating the deformation of two images where
the values at each voxel are real numbers [12]. This is solved by minimizing with respect to the
deformation field £ an error criterion that takes into account two sources of a priori knowledge:

1. The properties of the images intensities characterizing their similarity.
2. The constraints on the possible geometric deformations.

In our case the "intensities” are diffusion tensors. The problem of measuring their similarity is
much more complicated and the corresponding gradient descent scheme becomes significantly
more involved.

Previous works on the subject was initiated by Alexander et al. [1] by extending multiresolu-
tion registration techniques to DT1 after having introduced various possible dissimilarity measures
for such images [2]. In [30] and [29] the authors proposed to register three-dimensional scalar,
vector and tensor data by matching areas with a high degree of structure and then interpolating
the sparse estimated displacement field to the complete dataset. Other approaches like [18], [15],
[25] and [28] rely on one or several transformation invariant tensor characteristics like the eigen-
values, the anisotropy measures, the apparent diffusion coefficient or even the tensor components
to perform the registration. When several characteristics are used, which is often the case, multiple
input channel registration methods like the demons algorithm [16] are used. In [35, 33] and then
[34], the authors proposed a piecewise affine registration technique based on the L? inner product
of diffusion profiles. They also investigate the tensors reorientation issue raised by Alexander et
al. in [3]. Recently, Cao et al. [8] proposed to apply the framework of the large deformations
diffeomorphic metric mapping to DTI. Finally, Leemans [19] introduced an affine multi-channel
registration technique based on the mutual information as well as an original feature based regis-
tration method based on the curvature and torsion of fibers pathways. We also want to point out
that a few recent works have used the Riemannian or Log-Euclidean metrics to characterize the
properties of deformation fields [4, 6, 26] obtained by scalar images registration algorithms.

Contributions of this paper:

In this paper, we extend the approach presented in [12] to matrix-valued images I : Q —
ST(3). To our knowledge, this is the very first work to make use of the Riemannian structure
of S*(3), proved to be relevant for DTI processing for instance in [27, 13, 5, 20], in a non-rigid
DTI registration algorithm. The numerical implementation of the method is very tedious. We will
illustrate the feasibility of the approach on two-dimensional synthetic datasets.

Organization of this paper:
We first set up the registration problem in section|2/and recall some important notions on S*(3).
We then detail the regularization (section [3) and the data (section 4) terms of the initial value

INRIA



Non Rigid Registration of DTI 5

problem 3. We detail the computation of the gradient of the data term in section 5. Finally, we
present numerical experiments in section 6|

2 TheRegistration Problem

We consider the problem of estimating the geometric deformations between two Diffusion Tensor
Images (DTI). At a conceptual level, DT images are integrable bounded functions defined in R™,
n = 2,3 with values in S*(3) (noted ST in the sequel). As briefly recalled below, this space has a
natural Riemannian structure. Bounded means that all observed diffusion tensors are within a ball
of center T, the 3 x 3 identity matrix, for the distance defined by equation 4. The same equation
shows that the eigenvalues must lie between two strictly positive constants and therefore that the
set of bounded diffusion tensors (for the Riemannian metric) is also bounded for the 2-norm and
therefore for all the usual p-norms and the Frobenius norm.

These abstract images are not directly observable because of the physics of acquisition. What
we call an image is an element of C>°(R", S*), the space of infinitely differentiable functions.
They are bounded and Lipschitz continuous as well as all their derivatives.

2.1 Statement of the problem

Let /; and I, be two images and ~ : €2 — RR™ a vector field defined on a bounded and regular
region of interest {2 C R™. The registration or matching problem may be defined as that of finding
a vector field ~* minimizing an error criterion between I; and I, o h. The search for this function
is done within a set F of admissible functions so as to minimize an energy functional Z : 7 — R*
of the form
Z(h) = J(h)+ R(h).

The term 7 is designed to measure the "dissimilarity” between the reference image /; and the
h-warped image, noted 7, (/>). We have the following proposition

Proposition 2.1.1. If the relation between the two images I; and I, is a change of coordinates
«' = h(zx) then the value I, (z) should be equal to the value 7,(15)(x), where

T,(I3) = Dh~'I,(h)Dh™T. 1)

Proof. I;(z) is a twice contravariant tensor. In the new coordinate system defined by 2’ = h(z) it
is equal to

I)(2") = Dh(z)I,(x) Dh* (),
because of the way tensor components change with changes of coordinates. This new tensor should
be equal to /5(x") and this yields the expression for 7;,(15)(z). O

Note that other possibilities for 7;,(I3) have been considered in the literature (see [3] for in-
stance). R. Sierra [31], has considered the case where one wants to preserve the determinant of I;
this leads to

T (1) = (det(Dh))*3Dh~1I,(h)Dh~T

RR n° 6104



6 Faugeras, Lenglet et al.

In the following we consider that 7,(1,) is defined by equation 1. The term R(h) is designed to
penalize fast variations of the function A. It is a regularization term introducing an a priori pref-
erence for smoothly varying functions. Our error criterion is classically the sum of a data term 7
and a regularization term R.

The set F is a dense linear subspace of a Hilbert space H whose scalar product is denoted by
(+,-)g. If Z is sufficiently regular, its first variation (also called the Gateaux derivative) at h € F is
defined (see, e.g., [10]) as
Z(h+c¢ek)—Z(h
5 Z(h) = lim (hte 6) () @)
If the mapping £ — J,Z(h) is linear and continuous, the Riesz representation theorem [11] guar-
antees the existence of a unique vector, denoted by V ;Z(h), and called the gradient of Z, which
satisfies the equality

5kI(h) = (VHI(h), k)Ha

for every k € H. The gradient depends on the choice of the scalar product (-, -) z though, a fact
which explains our notation. If a minimizer h* of Z exists, then the set of equations 6,Z(h*) = 0
must hold for every k € H, which is equivalent to V 5z Z(h*) = 0.

These equations are called the Euler-Lagrange equations associated with the energy functional Z.
They give necessary conditions for the existence of a minimizer but they are not sufficient since
they only guarantee the existence of a critical point of the functional Z. These critical points can be
found in many ways, including methods for nonlinear equations. Rather than solving them directly
the search for a minimizer of Z is done using a gradient descent strategy. Given an initial estimate
ho € F, a time-dependent differentiable function (also denoted by h) from the interval [0, 00|
into H is computed as the solution of the following initial value problem:

Z—? — (ij(h) n VHR(h)),
h(0)(-) = ho(-).

The asymptotic state (i.e. when ¢ — o) of h(¢) is then chosen as the solution of the matching
problem, provided that h(t) € F Vt > 0.

3)

2.2 Precisonson the Riemannian structure of S*(n)

In this section, we remind some basic concepts that will be useful for the following. We recall
that S*(n) denotes the set of n x n real symmetric positive definite matrices, >. It is a subset
of M, (R), the set of n x n real matrices. It is also a m,,-dimensional C'*° submanifold of R™~
(m,, = n(n + 1)/2) whose local coordinates can be chosen as the m,, algebraically independent
components of the elements of X. We note ¢,, : S*(n) — R™ the natural coordinates mapping
of this manifold. We recall that 755" (n), the tangent space at > of S*(n), coincides with the set
S(n) of n x n real symmetric matrices. This is a vector space which can be identified with R™~
through the mapping ,,. Elements in that space are contravariant vectors. We finally denote by
T¥.S™(n) the cotangent space at & of S*(n), the dual space of 755 (n). Elements in that space

INRIA
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are covariant vectors. The basis of 7,57 (n) and 73,5 (n) are taken to be as in [20].

We recall the following theorem, see, e.g. [22]:

Theorem 2.2.1. Let £ be the set of real n x n matrices such that all the eigenvalues \; are such
that |Im(\;)| < w. The restriction to £ of the exponential is a diffeomorphism between £ and
exp €.

There are two consequences of this theorem that are used in the sequel. The first one is the
Corollary 2.2.1. The exponential is a diffeomorphism between S(n) and S*(n).

In other words, the exponential of any symmetric matrix is a positive definite symmetric matrix
and the inverse of the exponential (i.e. the principal logarithm) of any positive definite symmetric
matrix is a symmetric matrix. Moreover, both the exponential and the logarithm are continuously
differentiable in S(n) and S*(n), respectively.

The second one is the

Corollary 2.2.2. The logarithm of a matrix with positive eigenvalues exists, and is unique and
differentiable.

Proof. Any such matrix belongs to exp £ defined in theorem 2.2.1, Therefore its logarithm exists,
is unique and differentiable. n

We introduce two notations

Definition 2.2.1. We note exp and log the exponential and its inverse, the logarithm. Given M €
M, (R), we note dexp (M, X) the derivative of exp at M, applied to the element X € M, (R).
This is also sometimes called the derivative of the function exp at M in the direction X. In a
similar manner, given M € exp £ we note dlog (M, X)) the derivative of the function log at M in
the direction X.

Details on the directional derivative of the matrix exponential and its computation can be found
in [24]. However, to our knowledge, there is no previous work on the computation of the direc-
tional derivative of the matrix logarithm. As we will see in section |5, this will be a key component
of our method. In [21], we proposed a novel formulation for the directional derivative of the matrix
logarithm dlog (M, X') based on the spectral decomposition of A/. We will show that it is in fact a
linear function of its second argument X.

The geodesic distance between two elements ¥; and X, of S*(n) was described in [20] and is
defined by

1 - -
D(2), %) = \/Etr (log2 (21 Y2y 5 1/2>>, (4)

It is justified by corollary[2.2.1. At each point X of S, the metric tensor G acts on pairs of tangent
vectors of 7%,S™ and defines an inner product. Its inverse G~ is twice contravariant. For any real
differentiable function f defined on S+, one defines its differential, noted D f = [2L ... 2L

ox1 ) Oxmn

RR n° 6104



8 Faugeras, Lenglet et al.

with respect to the coordinates defined by the chart ,,, a covariant vector, and its gradient, noted
V f, which is a vector of T,S*. The relation between D f and V f is through the metric tensor:

Vf=G'Df (5)

Equation 4 defines a real function on S*(n) x S*(n) which is differentiable. The gradient of D?
with respect to X;, noted Vy,, at X3, and for some fixed >, is equal to [23]:

Vi, D?(31,%,) = By log (X5%) - (6)

It is a vector of T, S*(n), hence a symmetric matrix. This can also be seen from the general
relation
log(A™'BA) = A (log B)A, (7

by writing
21 lOg (25121) = 21 lOg (Eflzlzglzl) = lOg (212;1) 21 = (21 lOg (25121))T

It is tangent at >J; to the (unique) geodesic between ¥, and . In the following, we use the cases
n = 3 and n = 6. To facilitate the reading of the formulas, indexes running from 1 to 3 are
lower case Latin characters, e.g., © = 1,2, 3, indexes running from 1 to 6 are upper case Latin
characters, e.g., I = 1,...,6, and indexes running from 1 to 9 are lower case Greek characters,
eg,x=1,...,09.

3 Regularization term

This section studies the regularization part of the initial value problem|(3; i.e. the term VR (h). We
choose concrete functional spaces F and H and specify the domain of the regularization operators.

3.1 Function spaces and boundary conditions

We begin by a brief description of the function spaces that will be appropriate for our purposes. In
doing this, we will make reference to Sobolev spaces, denoted by W*?(£2). We refer to the books
of Evans [11] and Brezis [7] for formal definitions and in-depth studies of the properties of these
functional spaces.

For the definition of V 5 Z, we use the Hilbert space

H=1%Q) = L*Q) x - x L*(Q) = (W**(Q))".

~~
n terms

The regularization functionals that we consider are of the form

R(h) = f{/Qcp(Dh(x)) dz, (8)

INRIA
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where Dh(z) is the Jacobian of h at x, ¢ is a quadratic form of the elements of the matrix Dh(x)
and x > 0. Therefore the set of admissible functions F will be contained in the space

HY(Q) = (WH(Q)".

Additionally, the boundary conditions for / will be specified in 7. We consider Dirichlet condi-
tions of the form 4 = 0 almost everywhere on 02 (in fact, because of the regularity of A, this
condition holds everywhere on 0f2), and set

F =H;(Q) = (Wy*())".

Because of the special form of R(h), the corresponding regularization operator is a second order
differential one, and we therefore will need the space

H*(Q) = (W**())"

for the definition of its domain.

3.2 Linearized easticity

The family that we consider is inspired from the equilibrium equations of linearized elasticity (we
refer to [9] for a formal study of three-dimensional elasticity) obtained by defining ¢ in equation 8|

by
©(Dh) = % (¢Te(DR"Dh) + (1 — §)Tx(Dh)?), (9)

where 1/2 < ¢ < 1. Itis straightforward to verify that the Euler-Lagrange equation corresponding
to equation 8 in this case is:

VuR(h) =div (Dp(Dh)) = EAR+ (1 = &§)V(V - h)
We thus define the corresponding regularization operator as follows.
Definition 3.2.1. The linear operator A : D(A) — H is defined as
{ D(A) = H}(Q) N H(9),

Ah =VuR(h) =EAR+ (1 —&)V(V - h)
for1/2<¢<1

4 Defi nition of thedataterm 7

We want to compare the values of the image /; in a neighborhood of a voxel x to those of I, in the
corresponding neighborhood transformed by h. We propose a statistical framework for doing so, in
the spirit of block-matching techniques. Local statistics (mean, covariance matrix) has been found
to be very useful for warping scalar images, i.e. real-valued images. This idea can be generalized
to tensor-valued images as follows.

RR n° 6104



10 Faugeras, Lenglet et al.

4.1 Local mean and covariance matrix

Given a voxel z in the volume €2, the local mean i, (x) is defined as one of the minima with respect
to its first argument of the following function defined on S* x Q

C /M, |Q|/D /JJ1>[1 (x—y)dy,

where G, is a three-dimensional Gaussian with 0-mean and variance ~*

! LN
GV(QZ) = (27(72)3/2 exp (-2—r>/2) .

|| is the Euclidean norm of the vector = and D is the geodesic distance defined in equation 4 be-
tween the two elements y; and 7;(y) of S* [20]. C is a weighted average of the squared geodesic
distances between the element y; of S* and the elements of the image 7;. The amount of locality
is controlled by the parameter 2, the variance of the Gaussian. We call i, (x) the element of S
that minimizes C;. It is the weighted Riemannian mean of the family 7;(y) of elements of S+,
where y varies in €2, a notion introduced by Grove, Karcher and Ruh [14].

Hence we have

. .1
jla) = axgmin =1 | D2 ()G (o =) dy
1231

Because of equation 6 we can write an expression for the gradient of the function C with respect
to 1, at -

Vi Cip, x |Q | /log Ly ) Gy(z —y)dy
At the minimum /i, (x), this gradient is equal to 0:
i (o )
) [ log (1) (o) 6o - )y =0 (10)
Q

An interpretation of this relation is the following. Each of the matrices

B, y) E () log (L (y) i (x)) Gola —y)

belongs to the tangent space 7}, (,)S™, a copy of S, the space of symmetric matrices. Since
Tjy(2)S™ is identified to R® through the chart 3, one can define the covariance matrix of the
vectors os(51(z,y)), noted 5;(z,y) for simplicity, which have zero-mean according to equation
10:

Ay(z) = ﬁ / Bu(z, )BT (2, y) dy

This is a twice contravariant tensor defined on 7}, (,)S™.

INRIA



Non Rigid Registration of DTI 11

Applying the transformation £ to the second image 75, we can define the corresponding quanti-
ties. The local mean at the voxel i(z) becomes:

fi2(x, h) = argmin Cy (9, ) = argmin

e o 19 /521’2(“2%02)(9))% —u)dy,

and satisfies

¥, Cala(e 1)) = P80 [ r0g (5 (1) (e ) Gofir = ) dy =0, 2

The tangent vectors to S at fiz(x, h) are

Ba(,y,h) = —fia(, 1) log (Ta(I) ™ (y)iia(z, ) Go(a —y) (12)

and their covariance matrix is
1

We now face a difficulty. We would like to compare the tangent vectors (3, (z, y) and Bz (z, y, h)
but this cannot be done in a straightforward manner since they live in two different vector spaces,
T (2)S™ and T}, (2,,)S™. In order to compare them, we must either parallel transport the vectors
Bi(x,y) 10 Ty, n St (obtaining the vectors 5 (z,y, h)) or the vectors By(x, y, h) t0 T, (7S (ob-
taining the vectors 5(z, y, h)).

We can then define the covariance matrices Alg(x, h) and /~\21(:C, h) of the parallel transported
vectors 31 (x,y, h) and Bs(z, y, h), respectively:

~ 1 ~ ~
AIQ(‘/E’ h) = m/gﬁl(xuy’h)ﬁf(xvya h) dy (14)
and

,/N\Ql(x, h) = ﬁ /QBQ(:L',y,h)BQT(x,y, h) dy (15)

4.2 Paralle transport

We now detail the process of parallel transport as illustrated on figure [1!

4.2.1 The equations

To parallel transport a vector 3, (z,y) from T, (,)S™ along the curve G(¢) such that G(0) = i, ()
and G(1) = fio(z, h) one has to solve the first-order linear differential equation

Vg'(t)ﬁ(t) =0 (16)

RR n° 6104



12 Faugeras, Lenglet et al.

Figure 1: Parallel transport of vector 55(x, y, h) along G(t)

with initial condition 5(0) = fi(z,y). Vg, stands for the covariant derivative in the direction

G(t) of Tg(;)S™ and equation |16 can be rewritten in local coordinates as:

(Toi®)' = L 14 (@t)6) 5 (1) = 0 )

where the I'}, . ’s are the Christoffel symbols of the second kind associated to the metric of S™.
This linear differential equation can be written in the form

10— a0 (19
with the same initial condition 3(0) = 3, (z,y). The 6 x 6 matrix .A(t) is equal to
(A (1) = Thx(G()G(1)”. (19)
We recall that G(t) is the geodesic between /i (x) and fio(z, h) whose equation is [20]
G(t) = fun(2)"? exp (tX) fur (), (20)
where
X =log (fu ()2 jia(w, h)jun (2)7/?) (21)

Similar considerations apply to the problem of the parallel transport of the vector 5»(x, y, h) along
the geodesic G(t) from T}, (, »)S™T10 T}, (ST by introducing the matrix B(t).

4.2.2 The matrices A and B

In the following, we prove that the matrices .A(¢) and B(t) do not depend on the curve parameter
t. The solution of equation|18 is therefore

Bl(‘ra Y, h) - 5(1) = €Xp (_‘A) 6(0) = eXp (_'A) 61(1;7 y) (22)
Similarly

ﬁQ(fL‘7y, h) = exp (_B) ﬁ2($7y7 h) (23)
We have the following

INRIA
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Proposition 4.2.1. The matrix .A(¢) is independent of ¢. It is given by the following expression

Az, h) = (24)
(o Wiz 0 )2 0 0 ]
vy (U1 +93)/2 WP 452 Yi/2 0
0 1/2 > 0 3/2 0
_ 1/J2/ ¢2 ¢2/ D:efM(w)’

3 Y32 0 (Wr+v3)/2 /2 ¥
0 v3/2 WE /2 (W3 +E)/2 Y3
0 0 0 wi/2 w2

where the matrix ¢ is equal to log (fiz(z, k) iy (z)1).

The matrix B(t) is also independent of ¢ and its expression is similar to that of A by replacing
the matrix ¢ with the matrix 6 = log (ji1(z) ™' fia(z, h)).

Proof. It can be shown [32] that the Christoffel symbols, at G(¢) € S, are given by:
1 1

r (Epfb E.s; E:;v) = _§tr (qug(t)_lErsE;v) - §tl’ (Ersg(t)_lquEZv)

vp7Q7T7SaU'7U = 17273

The indices p, ¢, 7, s, u, v are used to access the components of the basis elements in matrix form
and therefore run from 1 to 3. We introduce the indices 7, J, K which run from 1 to 6 since they
correspond to the coordinates of a given matrix expressed in the associated local coordinate system
(see, for example, equations 17/or/19). Hence we use the following convention:

K=3r—-1)+s if r<s

J=3(p-1)+q if p<q (25)
I=3u—-1)4v if u<w

We can now express the quantity I'} . (G(t)) G”(t) as:
*\ J 1 5 J -1 * 1 —1, J *
D (Ey, B Bf) §(1) = =5t (g(t) ESG(t) EKEI> -5t (EKg(t) (1) EJEI>
Noting that G(t)’ E; = G(t), this reduces to:
1

D (Ey, B Bf) (1) = =5t (Q(t)g(t)*lEKE}*) . %tr (EKQ(t)’lg(t)Ef)

In our case G(t) € ST, and since

g(t) = /11(37>1/2X exp (tX) ﬂl(@lﬂ = /11(37)1/2 exp (tX) Xﬂl(l’)l/Q
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14 Faugeras, Lenglet et al.

and

we have
GG (1) = (. h) = fu () * X i (z) 7 = log (fia(x, h)fn () ")

_ : de ~ _ ~ N N
G (1G(1) < 0w, )T = i (2) 72X fin(2)'/ = log (jur () fia(x, h))
which do not depend on ¢. Note that ) and 6 are once contravariant and once covariant tensors.

The last equality in the previous two equations holds because of equation|7.
The matrix A(t) is therefore independent of ¢ but depends on x and £, thus we note A(z, h). The
contraction of the Christoffel symbols then yields the once covariant, once contravariant tensor:

[(Ej Ex;E7)G(t)) = Al(a,h)
1 1
= =St (e, h)ExcE7) — 5t (Exct(a, )T Ef)
1 x
=~ (v mEx + (W, W) EQ)T) E7)
This provides an expression for A(z, h), as a function of ¢ (x, h), in terms of /i;(z) and fiz(z, h)

(We use the notation 2 to denote the pq'" element of o (z, h)). O

43 Thedataterm J

We are now ready to define the data term .7 in the error criterion for the registration of two DT
images I; and I,. This data term is the combination of two terms. The first enforces that the means
f1(x) and fiz(x, h) at two corresponding voxels = and h(z) are sufficiently similar. We define the
local energy:

jMean(:E7h) = DQ(ﬂQ(x’h)vﬂl(l‘))a (26)
where D? is the geodesic distance 4 in S+.

We also want the covariance matrices Ay (z) and Ay (, h) (respectively Ay (z, h) and Ajo(z, b)) to
be as close as possible. We therefore define the local energy

Jac(z, h) = % (’Al(fc) — Ao (2, B)[3 + [As(z, h) — App(x, h)\%) (27)

where | - | » denotes the Frobenius norm. A more consistent definition of Ja¢(x, k) can be obtained
by using the geodesic distance instead of the Frobenius norm

Tno(w, h) = % (D7 (M) Bar (. 1)) + D (Aalie, 1), Rs(a 1)) ) (29)

This has very little incidence on the final form of the gradient of 7¢ but may be the source of
numerical problems. Indeed, if the region of interest is homogeneous, the covariance matrices
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Non Rigid Registration of DTI 15

tend to be degenerate and the geodesic distance is not defined anymore. In practice, we check if
that case happens and only use the Euclidean distance if this is the case. Otherwise, we use the
geodesic distance.

We combine these two local criteria into a local data term
j(l’,h) - jMean('ruh) +051u7AC<$7 h)a (29)

where «; is a positive weight. The global criterion is obtained by integrating the local one over Q:
j(h, Dh) = / j(QT, h) dr = jMean(h, Dh) + Oélec(h, Dh) (30)
Q

For the sake of clarity, we usually do not express the dependence in Dk of 7 (x, h). However, we
have to keep in mind that Jyjcan (2, h) and Jac(x, h) do depend on the Jacobian of the vector field
h because of equation|1. Hence the equation30.

5 Thegradient of thedataterm

We show that the gradient of the data term exists in H and can be effectively computed and imple-
mented for numerical experiments. The main ingredient in the proof is to show that 6,7 (h, Dh)
can be written as (J, k)g + (Jpn, Dk)y, where 7, and Jp;, are complicated but computable
functions of H. We spend the next sections to prove the following

Theorem 5.0.1. For any k € F the quantity
5.7 (h. Dh) = lim J(h + ek, Dh+eDk) — J(h, Dh)

e—0 g

exists and is equal to
(TIn:k)g — (Tpn, DE)m,

where the functions 7}, and [Jp;, are defined in the proof.

51 Thefirst variation of Kiean(h, Dh)

Because of equation 30 we have

6kL7Mean(ha Dh) - / 6ijean(x7 h) d[E
Q

Because of equations|5, 6 and 26 we have

6k\7Mean(l‘7 h) = DjMean(‘Ta h)‘sz(ékﬂQ(‘xv h)) =
G (p3(fia(x, h)log ((fu(x)) " fia(x, h)))) @3(Ofia(z, k), (31)
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where D Jyiean (7, 1) is the differential with respect to its first argument of the function D?(jis(z, ), ji1()).
Note that

G (3(jrz(w, h) log ((un(x)) ™" fia(w, 1))
is a covariant vector of T}, (, »)S™ while ¢3(dkfi2(x, h)) is a contravariant vector. We thus need to
compute xfiz(z, h).

5.1.1 Computation of §j fis(z, h)

We remember that the minimum of the functional

Calpiz, ) = / D? (13, To (1) (4)) G (& — y) dy.

1
12 Ja
is achieved at fio(z, h). It therefore satisfies
VH2CQ(:&’27 x) =0.

To simplify notation, we note £ the vector V,,C, of T;,S*. This vector is a 3 x 3 symmetric
matrix which we identify with its image by 5, a vector of R®. The previous equation becomes

E(/lQ(xv h),ZL’, h) = 07

where the notation indicates that £ depends upon A indirectly through /i, and directly through its
definition. We compute ¢, of the lefthand side and equal it to zero.

oL .
o =—(fi2, @, )3 (O fiz (@, h)) + 6, L(fi2, x,h) = 0
H2
We next compute 2£, a once contravariant and once covariant tensor, a 6 x 6 matrix, as well as

0, L. For the sake o#clarlty we drop in the sequel the index 2 in ..

Computation of ‘g—ﬁ: According to equation|11/we have

o5 (a—ﬁ) o [ 0w (B0 ) Gt = vy +

ot} 19
- 1y, O TI) T W) B
m /Q dlog (ZL(IZ> (y):ua 8[,61 ) G,Y(ZL’ — y) dy’ ] = 17 . ,6,

where the notation £; has been defined in section 4.2.2. We also have

T (L) (y)p

ol =Tu(1)"'(y) Er.
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Computation of 6, L:  9,L is the sum of two terms corresponding to the variation with respect to
h and Dh, respectively. We note them (§,£)" and (6,£)?. We have

#5((0)) = A [ dtog (T e L) ) 60 )y

Because of equation|1,

0Tn(12) " (y)u

oy —Dh(y)" I(h(y) ™" (DI(h(y))), I2(A(y)) = Dh(y)p,

where D1, is the twice contravariant once covariant tensor obtained by taking the derivative of I,
with respect to the space coordinates.

We introduce the thrice covariant tensor %ffj)_l such that

0T, (1)1

W) = —Dh"(y)I:(h(y)) " DIy (h(y)) L2(h(y)) " Dh(y) (32)

Because of the linearity of the function dlog (, ) with respect to its second argument we obtain

G (0) =~ [ aog (TR TE ) k) 6ot — )y 39

Note that for each value of the covariant index ¢, the matrix

pdlog (Th(fz)‘l(y)m (%ﬁf)_l)i (y)u)

is symmetric. At this point we introduce the corresponding once contravariant and once covariant
tensor, noted 2:

() en-

- e (et (1) a0, R 0))- @

We write or
(0kL) (. h) = | - (x,y, h)k(y) dy
q Oh

(6xL)? is obtained in a similar manner:

o5 (007 = i [ o (i1 e 2O pig )} 6~ )
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18 Faugeras, Lenglet et al.

where, because of equation|1,

OTh (L) (y)p

ODIL (y) Lada(h(y)) " Dh(y)p + Dh(y)" Io(h(y)) ™ Ly,

where 1,,,and 1,,,; are matrices whose only non zero element is located respectively at line [, row
. . . . . —1
m or line m, row [. We introduce a once contravariant thrice covariant tensor 22242 gych that

0Dh
<6Tg(1§2f3 )l (y) = Louda(h(y)) ' Dh(y) + Dh(y)" L(h(y)) " Lim (35)
and therefore
OTy(I2) !

ﬂ) " (0D (),

oDk - ()

where [ and m vary from 1 to 3. Using again the linearity of the function dlog (, ) with respect to
its second argument we obtain

0 = chir [ o (Tm 0 T ) DRI Gy — )y @9

Note that for each value of the covariant index [ and contravariant index m, the matrix

g (75 ) (T ()

l

Is symmetric. At this point we introduce the twice contravariant and once covariant tensor, noted

oL
DR such that

oL\
(m>l (ZE,y,h) =

Cule D iy (it mctos (T22) it ), (=) " ) )81

l

We write

(BP0 h) = [ S, D) dy

This allows us to compute 6y /i (z, k) if the matrix % Is invertible:

oL )‘1 oL

altuia(o ) == (g=en)) [ GG mit) dy-

oL oot
(8—M(x,h)> /Q @,y M) DE(y) dy - (38)
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all expressions being evaluated at ( iz, x, h).

We define the once contravariant and once covariant tensor

Toph) = (Geh)) - GrGean), 9)

and the twice contravariant and once covariant tensor

Ulo ) = (o)) o) (o)

and rewrite equation |38 in a more compact manner, namely:

ea(Guiafe, ) = [

QT(%y?h)k(y) dy—/QU(w,y, h)Dk(y) dy. (41)

Using indexes, this is equivalent to

(¢a(Bufia(z, 1)) = /Q T (2, y, W)k () dy — /Q U™ (2, y, h) DK, (y) dy.
[=1,--,6,l,m=1,--3

In the next sections we will also need the twice contravariant and once covariant tensor 5 *(T) and
the thrice contravariant and once covariant tensor o5 ' (U) which we note t and u. The previous
formula can be rewritten as

(Opfio(z, b)) = _/

t (2,5, h)k'(y) dy—/“ijm(%y, 1) Dk, (y) dy,
Q

Q
27]:17 737 lam:17"' 73 (42)

5.1.2 An expression for 6y Jvean(h, Dh)

We are in a position to prove the following
Proposition 5.1.1. §x Jvean(h, Dh) exists and is of the form of theorem 5.0.1.
Proof. We introduce the once covariant tensor
tyean (T, Y, ) = D Tvtean (2, ) T (2, y, ),
the once covariant and once contravariant tensor
uMean(I,y, h) = DjMean(iC, h)U(:c,y, h)>

and write

5ijean(x7h) = /

tatean (7, Y, R)k(y) dy — / Uniean () DE(y) dy,
Q

Q
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or, using indexes

5k\7Mean(x7 h) = /

tMean l(xa Y, h>kl<y) dy - / uﬁean 1('1'7 Y, h)Dkin(y) dy7
Q Q

where, for example:
tMean 1(3}', Y, h) = DjMean I(xa h,)TlI(.’L‘, Y, h)
We finally introduce the once covariant tensor
TMean(xa h) = / tMean('Za x, h) dZ,
Q

and the once covariant and once contravariant tensor

UMean(fEa h) = / uMean(Za x, h) dZ,
Q
From this follows the fact that 0, Jnean(h, Dh) can be written in the form of theorem 5.0.1

6k\.7Mean(h7 Dh) = /

TMean<x; h)k(l‘) dl'—/ UMean(CE,h)Dk(.T) dx
Q Q

O

It is then possible to rewrite o, Jvean (h, D) in the form of a scalar product with k(). Indeed,
integrating by part, and using the fact that % is zero on 0f2, we obtain

(UbMean, Dk) g = —/

divUptean (2, )k () doz = — / iUﬁeanl(x, h)k!(z) da
Q Q al’m

with z™ the m'" € [1, 2, 3] coordinate of the position = € R3. Hence,

S Tatean (B DI) = / (Tatean (@, ) + divUgean (2, 1)) k() da
Q

and
ijMean(xa h) = TMean(Ia h) + diVUMean('ra h)

This is the first contribution to V5 7 (x, h) (see equation 3) to be used in our gradient descent.

5.2 TheFirst Variation of Jac(h)

We would like to compute the second contribution to V 57 (x, h), associated to the matching term
for covariance matrices. The calculations are similar to the previous ones but very much involved
so we detail them in appendix|A.
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5.3 Conclusion
We are now ready to give the proof of theorem 5.0.1.

Proof. It suffices to combine propositions’5.1.1,/A.2.1, A.3.1 and A.4.1/to obtain

6T (hy Dh) = (Tyean + The + Thce + T3¢, k)i — (Untean + Uk + Ui + U, Dk) i (43)

O
This yields the existence of the gradient of the data term:
Proposition 5.3.1. The gradient V7 (h) of data term 7 (h) exists and is given by
VuJ(h) = Tuen + Tac + Tic + Tac + div (Unean + Uje + Ui + Ulg)
Proof. This is a direct consequence of the proof of theorem|5.0.1 and of equation 43| ]

We thus know how to compute the gradient of the data and regularization terms. In the next
section, we address some of the many numerical difficulties arising in the implementation of this
registration technique. We also provide examples on two dimensional synthetic datasets, as a proof
of concept.

6 Numerical experiments

In this section, we will illustrate our method on three different examples. An in-depth study of
many numerical aspects of this problem is still needed but we believe that current results, though
simple, demonstrate the feasibility of the approach. The code was written in C++.

Up to now, we concentrated on the implementation of the gradient of the matching term Jyjean (2, h).
The gradient of the other term Jac(z, h) is much more tricky to compute and, most importantly,
extremely time consuming because of the numerous numerical integrations to perform. The ex-
amples below were thus generated by only using V g Juean(, k), Which makes sense since we
definitely want the local means to match before the local covariance matrices do. Regarding the
computation of the gradient of the linear elasticity regularization term, V ;R (h) (equation(3.2.1),
we refer to [17] where adequate numerical schemes were given.

In order to recover large displacements, we used a multiresolution approach. The original im-
ages I; and I, were subsampled such that every level of the multiscale pyramid had a resolution
equal to half of the resolution at the previous level. Details on that point can also be found in [17].
In the following experiments, we used 2 levels in the pyramid in addition to the original images.
Subsampling was performed by computing local Riemannian averages of 7; and I,. Whenever the
algorithm converged at a given level, it is easy to propagate the resulting diffeomorphism to the
next level by bilinear interpolation. This serves as the initial value of the evolution for the next
level. At the lowest resolution, the vector field 4 is initialized with the identity.
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At each resolution, the evolution 3 requires the definition of a few parameters. First of all, we
check for convergence by simply looking at the evolution of the energy [30. Whenever it stops
decreasing for many iterations, we stop the gradient descent at the current level and propagate the
estimated diffeomorphism to the next scale. The scale parameter -y, used to smooth the images
at each resolution was fixed, in all our experiments to a small value, typically between 0.5 and 1
pixel.

Finally, the coefficient x of the regularization term (see equation 8) and the time step dt can be
chosen, as proposed in [12], as follows. In order to control the range of the regularization term,
x is normalized by the maximum value xo = |V g7 (h)|~ such that C' = kkg. Using C instead
of x makes the algorithm much more stable and we used x = 10. The time step dt is adapted at
each level of the pyramid so that C'dt is less than a specified value. In our experiments, we set
Cdt =0.2.

It also makes sense to favor rigid transformations like translations and rotations at coarse reso-
lutions. Consequently, at the first and second levels of the pyramid, we fit the estimated non-rigid
deformation field with the best rigid transformation, expressed as the combination of a rotation and
a translation, and this rigid transformation is used in place of the estimated non-rigid one. This is
easily achieved by solving, for the 2D case, the following linear system

h(:pl)l . h(xN)l Ry Ry T ZL’% o I}V
h(xl)2 Tt h/(ZUN)2 = |Ris Ras T2 .f% . 'CE%V
L 1 o o0 1|1 - 1
< Y, pe

where, for an image containing N pixels, X is the 3 x N matrix whose columns contain the
components of the estimated diffeomorphism, X is the 3 x N matrix whose columns contain the
coordinates of each pixel and M is the 3 x 3 matrix containing the rotation matrix R and the trans-
lation 7. X and X being given, we simply have M = X (XTX)_1 XT. A QR decomposition of
the submatrix R of M should be used to replace R by only its rotational component.

In figure 2, we present the very simple example of a translation. It is perfectly recovered. In
figure 3, the more complicated example of a rotation is shown. We can see that the rotation is well
recovered and, most importantly, that the tensor reorientation is correctly performed. Finally, we
considered the case of a non-rigid transformation taking an ellipse onto a circle (figure4). During
the evolution, the algorithm first estimated a translation that maximized the overlap of the ellipse
on the circle. Afterwards, non-rigid effects took the advantage in order to fully deform the ellipse
into the circle.

7 Conclusion

We have presented a mathematical study of the non-rigid registration problem for diffusion tensor
images. We setup a variational formulation taking into account the Riemannian structure of the
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space of diffusion tensors to derive the matching energy. To our knowledge, this is the first time
that the properties of the manifold S+ are exploited for DTI registration. As shown in this pa-
per, the computations are a bit tedious and the numerical implementation must be done carefully.
We demonstrated the feasibility of the approach by successfully applying the algorithm to three

pit
i

different transformations.

il

WWWH 1[I

40 4

=

L

50

At

nj

Figure 2: Estimation of the translation (6 pixels) of a square. I, I; and 7,(15) on top, & at bottom.
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A Detailson thefirst Variation of Jyc(h, Dh)

A.1 Introduction

In this appendix, we compute the first variation of the term Jac(h, Dh) introduced in section 4 and
corresponding to the matching term, for the DTI registration problem, between local covariance
matrices of the images 7; and 7, (15).

We identify the covariance matrices, elements of S(6) with their images by the canonical map ¢g.
Because of (30) we have

5ijc(h, Dh) = / 6ijc(SE, h) dz.
Q
Because of (27) we have
1 ~
dudac(eh) = 5 (1 ghellAae, b) = Rusla WI[F uha(a, ) +
gl Aa(a, h) = Avs(a, h) |7 Sehas(ar, h) +
S (2) = Ras (2, R} 04 Ran (2, 1))

In this equation, the partial derivatives are covariant vectors and the variations ¢,, - are contravari-
ant vectors. The expression of the partial derivatives follows from the fact that ||[A — B||%2 =
tr(A—B)(A-B)")and Z||A— B|2 =A—-B=-5%|A-B|%

1 0 < ~ e
s M@, h) = Aua(e W3 = Aola,h) = Aiaar, h) < O(a)
2
1 0 - -
20 [Ag(x, h) = Aa(z, D)7 = Asalw, h) — Ag(2,h) = —O(2)
12
19 . . .
s M) = Aa(e )l = Aa(eh) = M) < o)
21

Note that in these formulas, © and ® are 21-dimensional covariant vectors that we identify for con-
venience with their images by o, . © and ® are therefore twice covariant tensors. Note that, since
we know how to compute the gradient of the geodesic distance function D, it is straightforward to
define these quantities when they involve D instead of the Frobenius norm.

We have obtained an expression for §, Jac(z, h) and thus, by integration, 6y Jac(h, Dh) as the
sum of three terms

SrTac(z, h) = O(2)6r Ao (2, h)
onT2c(z, h) = —O(2)0kAa(z, )
orTso(x, h) = ®(2)6pAs (2, )

Let us write the first equation using indexes:

(sijl(J(l’, h) = @[J(SkAgJ(:E, h)
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We thus need to compute the three quantities d,Ay(x, h), 6pAa(z, h), 0xAor(z, h). It involves
taking derivatives of logarithms and exponentials of matrices which require some numerical care.
In [21], we detailed how to evaluate the directional derivative of matrix logarithms and we already
referred the reader to [24] for details on the exponential case. The following computations are not
difficult but tend to be a little bit involved.

A.2 Computation of §zAs(x, h)
Because of (13) we have

5kA2(x7 h) - ﬁ /Q ((6k52<'r7 Y, h))ﬁg(l‘, Y, h) + 62<‘T7 Y, h) (5kﬁ2(x7 Y, h)>T> dy (44)

Because of (12) we have

OrBa(m,y,h) = =G, (x — y)@3< (Sfiz(, b)) log (Tn (L)~ (y)fia(z, b)) +
fia(w, 1) (6 1og (Ta(L) ™ ()ja(, ) )~ (45)

~

We have computed 6,12 (z, k) in section 5.1.1, we now compute &y log (75, (12) " (y)fio(z, h)).

Computation of §;, log (75, (1) (y)f2(z, h)):  We note that since the matrix 7;, (1)~ (y)fia(, h)
is similar to jiy(x, h)Y/?7;,(15) " (y) iz (, h)*/? which belongs to S+, it satisfies the hypotheses of
corollary2.2.2 and we can write

0k (log (Tn(L2) " ()pia(z,h))) = dlog (Tu(I2) ™" (y)ida(x, h), 0 (Tu(I2) ™" (y)ida(x, 1))
We need to compute &, (75, (1)~ (y)/iz(x, h)). Using the formula for the derivative of a product
O (Tn(L2) " ()i, b)) = 0 (Ta(12) ™' () fia(, h) + T (I2) ™ (y)dnfia(, 1)
We have already computed the second term in the righthand side (equations (32) and (35)), hence

S (T(12) () il ) = P e myi() + T ) ) D)

Hence we get,

On (Tn(12) " (W) fia(z, h)) = Tn(L) " (y)0k fia(z, h)
TR ot () + TP )t ) D),
which we write in tensor form
O (Tn(L2) ' (y)fia(, b)) =

/Qtl(ac,y,z)k(z)dz—|—t2(x,y)k(y)—/Qul(x,y,z)Dk(z)dz—uQ(x,y)Dk(y), (46)
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where t is the once contravariant and twice covariant tensor obtained by contracting the second
covariant index of 7;,(I;) ! (y) with the first contravariant index of t:

tlijl(xayaz) = —(Th(L) ") jm ()t (z, 2),
and u; is the twice covariant and twice contravariant tensor obtained from U in a similar fashion:

w2,y 2) = —(Ta(L2) ™) (y)u™ (2, 2).

The tensor t, = M(y) fi2 1S once contravariant and twice covariant; its coordinates are given
by
t 7 <a7;b(12)1) ~Mmi
3 1 A W — Ko
! ah jlm
The tensor uy = 87%%2}3_1 (y) /12 is twice contravariant and twice covariant; its coordinates are given

by -
u i_m _ 8771(]2)_1 AT
2 gl 3Dh iin Mo

Computation of 6,3, and d,A2:  We now do a bit of rewriting in order to get an expression for
032 and 95 Ao. This is tedious but not difficult. We first prove the following

Lemma A.2.1. §.3» can be written as
Sua(e.9) = [ Tas 3, 2Ih(2) d + Ta o )k(w) -
Q

/QULgQ(:z:,y, 2)Dk(z) dz — Ugg, (z,y)Dk(y),

where the expressions of the tensors T,, T2s,, U1, and Uag, are given in the proof.
Proof. We combine equations (41) and (46). Using equation (45) we can then write

Ok (,y) =
— 903((</Qt(9c, 2)k(z)dz — /Qu(a:, 2)Dk(z) dz) log (7n(12) " (y)fia(z, h)) +

/lz(a:,h)(/gtl(x,y,Z)k(Z) dz + ta(w, y)k(y)—
/Qul(x, y,z2)Dk(z) — uQ(JE,y)Dk(y)))G(fC —9)),

and obtain
Tip, (2, y, 2) = —ps((t(z, 2) log (Tn(L) "' (y)fiz(x)) + fia(x, h)t1(2,9))G(z — y))
Top, (2, y) = —p3(fta(z, h)ta(z, y)G(z — y))
U, (2,9, 2) = ps((u(x, 2) log (Tn(L2) "' (y)fi2(, b)) + fio(a, h)uy (z,))G(x — y))
Uag, (2, y) = pa(fta(z, h)ua(z,y)G (2 — v))
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]

This lemma allows us to prove the following proposition concerning the form of the first term
in the expression of ;. 7ac.

Proposition A.2.1. The first term §, 7. in the expression of 6, 7ac is of the form described in

theorem 5.0.1.

Proof. The previous manipulations and equation (44) yield
(6o ()" =
|QL/ ([ Thos il W) 4 Ty, bl )
— [ OB (o) DR 2 = UL (o) DI ) B o)
B ( [ Ty o DK @) ds + Ty, K )
— | Ul e DI () 4 = UR (@) DI, ) ) dy
The corresponding term 6, 7iq (7, h) = O (x)(0pAa(z))! in 04 Tac(z, h) is

R

/U%aw,D%WM—UW@wM%%M@mw

) ( [ Ty o DK @) de + Ty, K )

~ [ Ul ) DEL () 2 = UL (e )DL 0) ) dy @)

We define

()
Hi(z, ) = (ﬁf{é(Tgﬂ@aawﬁﬂxw>+5ﬁazﬂm%xmay0d%+

©
2[|J§(233|) (Tégg (z, ?J)ﬁgJ(x, y) + 55(% y)Tgﬁ2 (z, y)),

INRIA



Non Rigid Registration of DTI 31

and rewrite (47) as
k(o) = [ Hiey WK () dy — [ K (o,.0)DK, o) dy
Q Q

The corresponding term in 0, Jac(h) is

KXLEW%me@)M—A(Am%wmm%@@>m. (48)
ﬁl(%h)z/QHz(z,x,h)dz

K, (z,h) :/QK}”(Z,x, h)dz.

Now define
and

Exchanging the order of summation in the second term of (48) and renaming the variables, we
obtain a new form of (48):

AE@@M@M—LK%wwH(M

/TAC x, h)k I—/Ukc(x,h)Dk(x)dl’
Q
[
A.3 Computation of §;A5(z, h)
According to equation (14), we have
~ 1 . - _ _ T
Shnet) = g [ (GG )+ i) () ) dy

Because of (22), we have

Ot (w,y.h) = 0 (exp (— Al 1)Bi(2,9)) = (deexp (— Az h) ) Biy),  (49)

since the vectors (3;(z,y) are not functions of h. A(x,h) is defined in section [4.2. In order to
compute oy exp (—A(z, h)), we use the following result from [24]. Let X be a diagonalizable
matrix of M, (R), and V' a matrix. We are interested in computing the directional derivative of the
exponential of X in the direction V/

1
dexp (X,V) = Pr% ;(exp(X +tV) —exp(X))

The following theorem (page 41 of [24]) provides an answer and shows that dexp (X, V') is, like
the matrix logarithm, linear in its second argument V.
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Theorem A.3.1. If X = ZDZ~! is the spectral decomposition of the semi-simple matrix X, its
directional derivative in the direction V' is given by

dexp (X, V) =2 (VeE)Z "

where V = Z~'V Z and V e = denote the Hadamard (entry-by-entry) product of V' with the matrix
= whose entries are given by:

X o2 .
(o e;i_ijj ifNi # /\j
6)\i Zf)\l = )\j

Computation of 65 exp (—A(z, h)): According to definition 2.2.1 and the chain rule
dpexp (—A(z, h)) = —dexp (—A(z, h), opA(x, h)).
According to equation (24), in order to compute J;.A(x, h), we need to compute o, (x, h) where
Uz, h) = log (fia (2, h)jun(z)™") .
According to corollary2.2.2/and definition 2.2.1/we can write
0t (w, h) = dlog (jia(x, h)iur ()", (Okfiz(w, b)) fua ()" -

Because dlog (,) is a linear function of its second argument, using equation (41), the previous
equation can be rewritten as

xt(z,h) = /

Qt¢(x,z)k(z) dz—/uw(x,z)Dk‘(z) dz,

Q
where

b2, 2) = dlog (fa(r, () ", b, =) ()
ud)(x’ Z) = dlog (/12(1‘7 h)[“(x)_l? u(x, z)ﬂl(x)_l) .

Using indexes, ,
tyy =y dlog (fia(z, h) (@)~ T (fu(x)™),, )
Since the relation between 2/17;’1(; Ais linear (A = M(v)), see equation (24)), we have
dpA(x, h) = /QM(W(% 2))k(z)dz — /QM(uw(x, 2))Dk(z) dz,
and therefore, using the linearity in the second argument of dexp (-, -),
dpexp (—A(x, h)) =
— /Qdexp (—A(z,h), M(ty(z, 2))) k(z) dz + / dexp (—A(z, h), M(uy(z, z))) Dk(z) dz.

Q
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We obtain an expression for 8,5

6k61<xay) :/Tﬁl(x,y,z)k(z)dz—/U/@l(x,y,z)Dk(z)dz,
Q Q
where

Tﬁl (:L', Y, Z) = _deXp (—A(ZL‘), M(td}(xa Z))) ﬁl ((L‘, y)
Uﬁl (ZE, Y, Z) = —dexp (—A(ZE), M(U¢($, Z))) Bl (33, y)

This allows us to prove the following

Proposition A.3.1. The second term, 6,73, in the expression of 6, 74c is of the form described

in theorem 5.0.1!

Proof. The previous manipulations yield
IJ l Im m
<5kA12 | 0 | / / 13 l ZL’ Y, 2 )k (Z) _Uél l<$’y7Z>Dkl (Z)) dZ)ﬁ (.I’ y)+
&@wlxﬁ@@%@W@—Q%@%@DW@DW%@
The corresponding term, 6, 72 (x, h), in 6, Jac(z, h) is
_ Oul@) / ((/ (TI~ (z,y, 2)k'(2) — U (2,y z)ka(z)> dz)BJ(m y)+
| 0O ’ 0 0 By 1IN By I\ 1 1 )
Bi(w0) [ (T o0 W) — UL (o9 DT (2) =) dy
Q

This results in the following expression for §; 73 (h)

@ﬁd@z/T%@h m—/U'thk)d
Q

where

Theeh) = —7 [ [ 00 (T, (20309 + 52T, (0.2.0)) dy
and

Ued) = —rg | [ onm) (U5 =0 0.2 + AU . 2.) dyds
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A.4 Computation of 6;As (z, h)
According to equation (15), we have

5.%[\21 ({L‘, h) = ﬁ /Q (519@2(177 Y, h)Bg(ZL’, Y, h) + BQ(:L'7 Y, h) <5kﬁ~2(xv Y, h)>T> dy (50)
Because of (23), we have
5k5~2($7 Y, h) = 5k < exp <_B(I7 h)) ﬁ2<l’, Y, h))

- <6k exp (_B(I7 h>>>62<m’ Y, h) + exp (_B(‘I7 h)) <5k52(x7 Y, h))
We have already derived, in the previous sections, all we need to evaluate this derivative.

Computation of the first term of 5kﬁ~2(x, y,h):  The first term of 5k52(x, y, h), namely
(61 exp (=B 1)) ) Aol . ),

is readily obtained from the derivations carried out in section A.3. Since
Ok eXp (_B(x7 h)) = _deXp (—6(1’7 h)7 5]68(‘%‘7 h‘)) )

all the arguments used previously to derive an expression for 6, exp (—A(x, h)) are still valid.
Replacing ) by

9('737 h) = log (,al(x)_llaQ(xa h)) )
results in the expressions

0xl(z, h) = /th(a:,z)k:(z) dz —

S~

uy(z, 2) Dk(z),
where

ty(z, z) = dlog (ﬂl(x)fl,[@(% h), in (@)t (z, Z))

uy(z, z) = dlog (ﬂl(x)i fia(z, h),/jl(a:)*lu(x,z)) :

>

Using indexes,

ty1 = Z dlog (fur (x) ™ fia(, h), (fn(x)™h) ™)

m=1

Since the relation between ¢ and B is linear (B = M(6), see equation (24)), we have
Bz, h) = / M(ty(z, 2))k(2) dz — / M(ug(z, 2))Dk(2) dz,
Q Q

and therefore, using the linearity of dexp (-, -) with respect to its second argument:
5]4 €xp (_B(I7 h))ﬁZ(I7 Y, h) =
—/dexp(—B(x,h),M(tg(x,z)))BQ(x,y, h)k(z) dz+
Q

/Q dexp (— Bz, h), M(ug(z, 2))) fa(w, y, h) Dk(=) d
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Computation of the second term of 6k52(x, y,h): The second term of 6k52(x, y, h), namely

exp (—B(x, h)) (5k52(557 Y, h))

is readily obtained from the derivations lead in section Indeed the derivative 5 /55(x, y, h) was
proved in lemma A.2.1 to be equal to

M%—LTm@%dM@w+T%@w%M—
l/IL@C&%Zﬂ”d@dZ—LM%@JDDk@)
Q

Combining these two results allows us to prove the following lemma, analog to lemma A.2.1

Lemma A.4.1. 6,0, can be written as

o) = [ Ty, 2K C) d o+ T . (o)~
/QUIBz (z,y,2)Dk(z) dz — U252(x, y)DE(y),

where the expressions of the tensors T 5, T,3,, U, 5, and U, are given in the proof.

Proof. We can write immediately

%@:/T@WW%WM@W+TmWMMHW—
Q

LLI%@@z%szDkwﬁk-*UwJ%yJka@%

where
T\;,(2,y,2) = —dexp (=B(z, h), M(tg(z, 2))) B2(x,y, h) + exp (=B(z, h))T1p, (2, y, 2, h)
TQBQ (Q?, y) = exp (—B(Q?, h))T2ﬂ2 (l’, Y, h)
U5, (z,y,2) = —dexp (=B(z, h), M(up(z, 2))) Ba(,y, h) + exp (=B(x, h)) Ui, (,y, 2, h)
U, (2, y) = exp (=B(z, h))Usg, (z,y, h)

This allows us to prove the following

Proposition A.4.1. The third term, 6, 73, in the expression of d, Jac is of the form described in
theorem 5.0.1.
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Proof. The proof is completely analog to that of proposition|A.2.1. We end up with
SuTrna(h) :/QTj’;C(x h)k dm—/U x, h)Dk(z) d,
where
T3 (2, h) = H(z, h) - /Q H(z, z, h)dz

UL (z, h) = E(x, h) = /QE(z,x, h)dz

where the once covariant tensor ﬁ(z, x, h) is given by the following expression

ﬁz(:c,y) _ ®|IJQ(9|U) /Q (T{ﬁ l(a;,z,y)@g’(x,z) + 6l(x, z)Ti]ﬂ l(x,z,y)) dz+

P ~ -
2[|J((2$|) <Téﬁ2 (z,9)83 (z,y) + Pa(x, y)TgB (, y))’

and the once covariant once contravariant tensor IN{(z, x, h) is given by the following expression

- d . N
Ky (w.y) = ,‘;ﬁ) | (U5 ez 2) + B U (2 do

& B N
2I|J§(Zx|) (Ué;’; (z,9)53] (z,y) + 6§($7y)U‘2]£” (@, y>)

]
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