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Abstract

Let v be a vector field in a bounded open set G C R?. Suppose that v is observed with a
random noise at random points X;, ¢ = 1,...,n that are independent and uniformly distributed
in G. The problem is to estimate the integral curve of differential equation

dx(t)
dt

=ov(z(t)), t>0, z(0)=z0€ G

starting at a given point z(0) = z9 € G and to develop statistical tests for hypothesis that
the integral curve reaches a specified set I' C G. We develop an estimation procedure based
on Nadaraya-Watson type kernel regression estimator, show the asymptotic normality of the
estimated integral curve and derive differential and integral equations for the mean and covari-
ance function of the limit Gaussian process. This provides a method of tracking not only of
the integral curve, but also of the covariance matrix of its estimate. We also study the asymp-
totic distribution of the squared minimal distance from the integral curve to a smooth enough
surface I' C G. Building upon this, we develop testing procedures for the hypothesis that the
integral curve reaches I.

The problems of this nature are of interest in diffusion tensor imaging, a brain imaging
technique based on measuring the diffusion tensor at discrete locations in the cerebral white
matter, where the diffusion of water molecules is typically anisotropic. The diffusion tensor
data is used to estimate the dominant orientations of the diffusion and to track white matter
fibers from the initial location following these orientations. Our approach brings more rigorous
statistical tools in the analysis of this problem providing, in particular, hypotheses testing
procedures that might be useful in the study of axonal connectivity of the white matter.



1 Introduction

Let G C R? be a bounded open set. Suppose a vector field v : G — R? is observed at points
X, €G, i =1,...,n with random errors, i.e. the observations are

where &, &1, ..., &, are i.i.d. E€ = 0 and Cov(,¢) = X.

We are interested in Cauchy problem for the following differential equation
dx(t)
dt

which of course can be equivalently written in an integral form:

=uv(z(t)), t>0, z(0) =z € G, (1.1)

t

x(t) = xo + /v(x(s))ds.

0

Our goal is to provide an estimate X (t), ¢ > 0 of its solution based on the data (X;, V;), i =
1,...,n, and, most importantly, to study the asymptotic behavior as n — oo of such statistics

as )
inf d*(X (), D),

0<t<T

where I' C G is a given subset of G' (most often, it will be the boundary of a specified region
in G) and
d(z,T) :=inf{lx —y| :y e T}

is the usual Euclidean distance from x to I'. This would allow us to suggest tests of hypothesis
that the true trajectory z(t), 0 <t < T reaches certain region in G.

Our main interest in this problem is related to its potential applications to diffusion
tensor (DT) imaging, a technique in brain research introduced several years ago. It is often
combined with conventional MRI in a method called DT-MRI (see, e.g., [5]).

The diffusion of water molecules at a given location is characterized by a symmetric
positively definite 3 x 3 diffusion matrix (often called in the literature diffusion tensor). The
principal eigenvector of this matrix shows the dominant direction of the diffusion. In cerebral
white matter, the diffusion is typically anisotropic and DT imaging allows one to recover
its dominant directions by measuring diffusion tensor field within voxels at a discrete set of
locations and computing principle eigenvectors of diffusion matrices (thus transforming the
tensor field into a vector field, see Figure 1).

The fiber tract then can be reconstructed by following the directions of the vectors in
small steps from a specified initial location. This essentially means solving numerically the
differential equation generated by the vector field. This provides a noninvasive approach to
study the axonal connectivity of white matter fiber inside a brain region. The method is
often referred to as white matter fiber tractography.

Since the diffusion tensor field is being measured at a discrete set of locations and each
matrix in the field represents an average within a voxel corrupted with noise, it becomes



Figure 1: shows the 3D wvelocity from DT-MRI data. The left graph is fractional
anisotropic(FA) map; the right graph gives the 3D visualization of velocity inside selected
rectangle region of FA map.

crucial to use some methods of smoothing of tensor or vector fields or regularization tech-
niques that restrict fibers to smooth paths. For instance, in the paper of Basser et al [1],
B-spline smoothing was applied to the tensor field and in the paper of Poupon et al [14]
Markov random field models were used to obtain a regularized estimate of the vector field.
However, even fiber track estimates involving smoothing would possess certain degree of
variability and very little is known about the qualitative ways to assess the variability of
fiber track estimates which would facilitate the development of more rigorous approaches to
statistical analysis of DT-data. Recently, Parker et al [11] described a Monte Carlo approach
to construction of probabilistic connectivity maps that takes into account the uncertainty of
fiber orientation. Johns [7] suggests a bootstrap method of constructing confidence intervals
for fiber orientation estimates. However, up to our best knowledge, very little has been done
so far to develop a statistical theory of fiber tracking procedures that would provide a more
rigorous foundation for their further development (the situation is somewhat different in
conventional MRI and fMRI where the approaches based on rather deep statistical under-
standing of the problem are becoming more common, see, e.g., [15] and [13]). This seems
to be an important task since mathematical models used in fiber tractography are rather
involved and the existing methods utilize tools coming from very different areas (spline
smoothing and Frenét equation [1, 2], fast marching methods [9, 10], Markov Random Fields
and Bayesian techniques [14], tensorline tracking [16], PDEs and differential geometry based
methods [4], Linear State Space Models and Kalman filtering [6], etc.). Such a variety of
completely different and rather complex methods, often with different data acquisition tech-
niques, and with very little theoretical analysis makes their comparison and and evaluation
of their performance a very complicated problem.

Our goal in this paper is to make the first (and rather modest) step towards better
theoretical understanding of statistical problems in DT-imaging. Our approach to estimation
of z(t), t > 0 will utilize Nadaraya-Watson type kernel regression estimate V(x), x € G of
the vector field v(z), € G and then plugging V instead of v into the differential equation
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(1.1). The solution of the resulting Cauchy problem is our estimate X (t), ¢ > 0. [Thus, our
approach is somewhat akin to that of Basser et al [1]: the difference is that we are applying
smoothing to the vector field and not to the tensor field, which would be more natural,
but mathematically harder to analyze; also, we are using kernel regression based smoothing
instead of splines.] For this estimate, we establish in Section 2 its asymptotic normality,
i.e. the weak convergence (in the space of continuous functions) of the properly normalized
deviation process X (t) — z(t), t € [0,T] to a vector valued Gaussian process on [0, 7] with
mean and (matrix valued) covariance function that depend on the vector field v, on the
covariance matrix X of the noise £ and on the kernel of Nadaraya-Watson type estimator
we are using. We will derive integral and differential equations for the covariance function
of the limit process, which allows us to develop a technique of simultaneous tracking of fiber
path and its covariance (see Section 4). In Section 3, we study the asymptotic distribution

(as n — o0) of the distance
. 2 >
oé?de (X(t),T)

from the estimated integral curve X (t), ¢t € [0,T] to a set I' C G. In particular, our results
apply to the case when I is a one point set, or when it is a sphere or other smooth enough
surface which is a boundary of a subregion of GG. The asymptotic distributions for such
distances happened to be especially simple in the case when the minimum of the function
[0,T] 5t — d(x(t),I") is attained at a single point. In this case, the distributions are either
normal, or x2-type (the distributions of quadratic forms of normal vectors) and they depend
on the geometry of I' and on whether the true integral curve x(t), t € [0, 7] reaches I" and in
which way. These results allow one to bring in the analysis of DT-data some tools of rigorous
statistical inference. In particular, one can use the asymptotic normality of X (t) to construct
confidence ellipsoids for x(t) for a fixed ¢; one can go further than this and try to use the
results on Gaussian processes to develop nonparametric confidence bands and hypotheses
tests for the whole integral curve x(t), ¢t € [0,7]; one can develop statistical tests for the
hypothesis that the true integral curve z(t), t € [0,7] reaches a specified subregion of G;
one can develop confidence intervals for the distance from z(t), ¢ € [0,7] to a subregion.
The last two possibilities are especially important since they are related to the problem of
axonal connectivity which is one of the central in DT-imaging. We study some of the above
options in Section 4 both for simulated and for real data.

It should be mentioned that there is a number of issues that (in our view) go beyond
the scope of our paper, but they need to be explored in order to develop this methodology
to the full extent. First of all, a choice of estimator of vector field v in our paper (Nadaraya-
Watson type regression estimate) is relatively arbitrary and it is based only on our personal
tastes. Similar theory could, in principle, be developed for a number of other smoothing
techniques. Moreover, it might be more natural and it is statistically more appealing to do
smoothing of the underlying tensor field and only then to compute the principal eigenvectors
creating a vector field. This would lead, however, to one more layer of mathematics (mostly,
perturbation theory) needed to develop the asymptotic results of the type we are considering
below. Although this is rather important, we decided (as a first step) to restrict ourself here
to a simpler model in which the vector field is measured directly. Also, it is not common
in DT-imaging (at least, up to our best knowledge) to measure direction vectors at random



locations, so, regression model with fixed design would be more appropriate here than the
model with random design we are using below. However, the probabilistic and analytic
computations seem to work nicer in the case of the random design. Because of this, we
chose this option here leaving the fixed design case for a future work. The vectors V; are
usually normalized so that their norm is equal to 1, so they are, in fact, points on the
unit sphere in R?. So, it would be more natural to consider some nonparametric regression
model for directional data rather than viewing it as an additive (R%valued) noise model,
as we are doing here for simplification. We are using kernel type nonparametric estimator,
but we are leaving open the questions of data-driven choice of the bandwidth parameter as
well as the development to the full extent of the theory of nonparametric problems of this
type (minimax lower bounds, optimal convergence rates, adaptation, etc). Finally, in fiber
tractography it is of great importance to take into account the possibility of fiber paths
branching or intersecting one another. This is not covered by our model (because of the
uniqueness of the solution of differential equation) and the extension of our results to this
case poses some nontrivial problems.

Realizing the importance of all these and some other issues, we, however, believe that the
results we obtained so far might be of some interest for further development of comprehensive
statistical theory of DT-imaging.

2 A kernel estimate of integral curves and its asymp-
totic normality

We will assume that G C R? is a bounded open set of Lebesgue measure 1 and, for simplicity,
that X; are i.i.d. uniformly distributed in G and that r.v. {{;} are independent of {X;}. We
will also assume that

supp(v) := {z : v(z) # 0} C G,

which allows us to set v = 0 outside of G. Furthermore, we need a smoothness assump-
tion on the vector field v. Unless stated otherwise, we assume that it is twice continuously
differentiable.

We will use the following Nadaraya-Watson type estimate of the vector field v

~ ~ 1 - I—XZ'
V(f)ZVn(f):WZK( . )Vi
=1

with some kernel K satisfying standard assumptions, in particular,

K(z)dez =1, | K(z)xdx =0,
R R
and with some bandwidth parameter h = h,,. It will be also convenient to assume that K
has a bounded support, where it is twice continuously differentiable (the last assumption
can be replaced by more mild in most of the results, but it is not of great importance in the
context of the paper). As a result, the estimate V(x) = 0 outside a bounded neighborhood



of G. Comparing with the standard Nadaraya-Watson estimate, our estimate is simplified:
since the distribution of X is known (it is uniform), we do not need to use the kernel density
estimator in the denominator of V.

Then, we define a plug-in estimate of the solution z(t), ¢t > 0 as the solution
X(t) = Xu(t), t >0
of the following Cauchy problem:

% =V(X(t), t>0, X(0) =10 € G, (2.1)

which is equivalent to the integral equation
t
x@:%+/vm@m& (2.2)
0

Note that since both v and V/ vanish outside a neighborhood of G (v actually vanishes
outside G itself), the solutions z(¢) and X (¢) will remain in this neighborhood for all ¢ > 0.

To be specific, we assume that all the vectors are vector-columns; the sign * will denote
transposition of vectors or matrices. Whenever it is convenient, we use the notation (-, ) for
the inner product in RY. T denotes in what follows the identity matrix.

In what follows, we need also an estimate of the derivative of v and we use for this

purpose
~ 1 - Tr — XZ *
Vi(z) = nhd+1 ZW(K,( h )) :

i=1

Under the assumptions we imposed \7, V' are consistent estimates of v, v’ uniformly in R?
(see Lemma 1 below).

Our first goal is to prove that under the assumptions h — 0 and nh®™3 — 3 > 0 the
sequence of stochastic processes

Vnhd=1(X(t) — z(t)), 0<t < T

converges weakly in the space C[0,7] = C([0,T],R?) of Ré%valued continuous function on
[0, 7] to the Gaussian process with mean and covariance given by the following expressions:

Mp(t) = v/BM(1),
M(t) = %/0 Ult, s)/K(z)(v”(z(s))z, z)dzds,

t1A\t2

Clt, t2) := /¢(U($(S)))U(t178)'[E+U(I(S))'U*($(S))]'U*(th)dSa (2.3)



where

(v) '—/\II(UT)dT

/K K(z+y)dz,

and U(t, s) is the solution of the Cauchy problem for the following matrix differential equation

dU(t, s) -, B
dt =v'(x(t)U(t,s), U(s,s)=1L

Note also that v”(z(s)) in the expression for M (t) is a d x d x d-tensor and (v”(x(s))z, z) is
a vector valued quadratic form.

Equivalently, the Cauchy problem for the differential equation defining U(t, s) can be
written as the following integral equation:

t
Ut,s) =1+ /v'(x(T))U(T, s)dr.
Ul(t, s) is often called the Green’s function. If U and v’ commute, then U is matrix exponent,

otherwise U can be represented as a series. Since v’ is uniformly bounded in G, U is bounded
by Gronwall-Bellman inequality. Also U is Lipschitz in t.

The Gronwall-Bellman inequality will be frequently used in the proof of Theorem 1
below. We formulate it here for completeness. Let F G be nonnegative continuous functions
in [a,b] and D > 0 be a constant. Suppose that for all ¢ € [a,b)

G(t) <D+ /tF(s)G(S)ds.

at) < Dexp{/atF(u)du}.

The definition of M implies that
M 1
d dt(t) = ' (z(t))M(t) + Q/K(z)@”(x(t))z,z)dz (2.4)
with initial condition M (0) = 0.
With a minor abuse of notation, we set C(t) := C(t,t). Then C(t) satisfies the following
differential equation

dC(t)

5 = P(®)[E +v(() v (@(®))] + ' (2()C() + C6)o'(z(t)"

Then for all t € [a, b]

with initial condition C'(0) = 0. This equation can be easily solved numerically (with X (t)
plugged in instead of x(t) and V, V' plugged in instead of v,v’) simultaneously with the
equation

dX(t) . .

= V(X(t), X(0) =



providing a numerical method of estimating x(¢) along with the covariance matrix of the
estimate (see Section 4). One can also easily derive the following partial differential equations
for the covariance function C(tq,ts) : for t; <ty

% = P(o(a(t))[ + v(a(tr) - o (@)U (b, t1) + ' (2(02))C b1, )
and 9C(t,ta) _ C(ty, t)0 (x(t2))"
ot ’ |
for t; >ty
%;m (ot (b 1) + 0(z () - v (2(ta))] + Cltr, )0 (2(t2)"
and C(t, ta) _ V' (2(t2))C (1, L)
Oty o

The boundary conditions for this system are: C(¢,0) = C(0,t) = 0 and C(t,t) = C(t).
However, since the system involves the Green function U, it is unclear whether it has any

computational advantage comparing with the integral representation of C'(t1,ts) (as it was
the case with C(t)).

Theorem 1 Suppose that h, — 0 and nhé™ — oo as n — oo. Then for all T > 0

sup |X,(t) — z(t)| — 0 as n — oo
0<t<T

in probability. Suppose also that nh®™ — 3 >0 asn — oo. Let T > 0 and suppose that for
somey =~y >0 and for all0 < s <t <T

1 t
‘t — /s U(x()\))d)\' > .
Then the sequence of stochastic processes
Vnhd=1(X,(t) — z(t)), 0<t < T

converges weakly in the space C[0, T to the Gaussian process with mean Mg(t) and covariance

C(ty,ta).

We will need the following quite standard statement which we give without proof.

Lemma 1 Suppose that h — 0 and nh®*? — oo as n — oo. Under the assumptions above,

sup |V () — EV (z)| — 0,

x€R4
sup |V (z) — v(z)| — 0
z€R4
and

sup |V'(z) — /()] — 0

z€R4
in probability.



We now turn to the proof of Theorem 1.

Proof of Theorem 1. First we establish the following asymptotic representation: for
all t € [0,T] )
X(t) —a(t) = 2(t) + (1),

where z(t) = z,(t), () = 9, (t) are sequences of stochastic processes such that

Vnhi=! lim Ez(t) = Ms(t),

n—oo

nh?! lim Cov(z(ty), 2(t2)) = C(t1, 1) (2.5)

n—oo

and

1501 =0,y ) as)

Next, we will prove the weak convergence of the sequence z,(t), 0 <t < T to the Gaussian
process in question.
Let R
y(t) == X(t) — z(t).
We have

t

)= [IVCXG) = oao)lds = [ (7 = 0)(X(s)ds + [1o(X(5) = ola(s)lds

0

which implies (using a Lipschitz condition on v and the fact that both X and z remain in a
bounded neighborhood of G) that with some constant L for all ¢ € [0, T

z€R4

ly(t)| < T sup |V(z) — v(z)| + L/ ly(s)|ds.

By Gronwall-Bellman inequality, this implies for all ¢ € [0, T

ly()] < T sup [V (z) — v(z)|e™.
zcRd

Therefore,

sup [y(t)] < Te'™ sup |V(I) —v(x)] =0 asn — o0
tE[O,T} :EGRd

in probability by Lemma 1. This proves the first statement.

The following representation is obvious:

t t t

yw:/Wd@wwﬂwm:/W—wmm%+/wmmy@@+mm (2.7)

0 0 0
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where the remainder is defined as

= 107 = )X () = (7 = o)aloplds + [0 () — vla(s)) = (as)) - ylo)lds
Note that

(0~ 0)(X () — (7 — o) (a(s))] = } J O =0+ (1 - ayels))da- (s

< sup [(V = v)(aX(s) + (1= a)z(s))] - [y(s)| < sup [V'(z) = '(2)|ly(s)].

0<a<1 z€R4

Also,

() = ola(e) —  (alsy(s)] = / (@X(6) + (1 = r(s)) =/ afs)lda ()

< sup [o'(aX(s) + (1 = a)a(s)) —v'(2())] - ly(s)| < r(ly(s)]) - ly(s)],

0<a<l1
where

r(d) := sup sup |[v'(z +y) —v'(z)] = 0 as 6 — 0,
xR |y|<s

since v’ is uniformly continuous on G. Then for all ¢ € [0, T]

|R<t>|s(sup|V'<x> o (@) + r( sup_ly(s) ) / 1y(s)lds. (25)

z€R4 0<s<T

Since supy<,<7 [y(s)| — 0 in probability and by Lemma 1

sup |V' () — v'(z)] — 0

r€R4
in probability, we have for all T' > 0

T

sup 17001 = o, [ ()l ) 29
0<t<T
0
which also implies
sup |R(t)] = ( sup \y(tﬂ). (2.10)
0<t<T 0<t<T

11



Denote
t t

2(t) == /[V(x(s)) —v(z(s))]ds + /v'(x(s))z(s)ds.

In other words, z satisfies the equation

T — w0 — ottt + @ 0):0), 20 =0

Then the following integral representation for z holds:

t

A(t) = / Ut s) - [V (2(s)) — v(z(s))]ds. (2.11)

0

Let 6(t) := y(t) — z(t). Then we have

which implies
5(6)) < IR0 + [ @) 156)lds < sup [ROI+ [ 10(a(s)] - 606)]ds,

0<t<T
0 0

Applying again Gronwall-Bellman inequality, we get

50 < swp R() exp{/w |du}
0<t<T

and using the boundedness of the exponent in the above inequality

6()] < C sup [R()|, 0<t<T

0<t<T

with some constant C' > 0. As a result, by (2.9),

T
sup [0(t)] = o, (/ ]y(t)\dt) as n — 00.
0<t<T 0

Since y(t) = z(t) + d(t), we also have
sup [4(t) (/ |2( |dt) as n — 0o.
0<t<T

12



It will follow from the computation of the mean and the covariance function of z(t) given

below that .
1
z2(t)|dt =0, — ). 2.12

[ 101 =0,( =) 212)
Therefore, we will also have

sup |6(¢)| ( . ) (2.13)

u =o . .

OStST P\ Vnhi1

Namely, we will prove that

Ex(t) = —h / ft(s)-v'(x(s))-( / K(z)zdz) ds+h; /O Ut s). / K(2) (" (2(s))2, 2)dzds+o(h?),

(2.14)
which under the assumption [ K(z)zdz = 0 gives Ez(t) = O(h?), and, moreover, under the
assumption nh®3 — 3 it yields

_ Mp(t) +0(1)

() = M0 (2.15)

In addition,

Cov(z(t1), 2(t2)) = % / /\Il(v(x(s))T)dTU(tl,s).[Z+v(x(s)).v*(x(s))].U*(tQ,s)ds
’ (2.16)

with 0 and O being uniform in ¢, ¢, t,. This implies (under the assumption nh®*? — 3) that

E)2(8)[2 = o(#)

uniformly in ¢ € [0, 7] and (2.12) follows. Thus, (2.13) holds and together with (2.14), (2.16)
this yields the statement of the theorem. It remains to show (2.14) and (2.16).

Let us rewrite (2.11) by defining a matrix valued function fi(s) := Ijo4(s)U(t, s) :
2(t) = /[[o,t](S)U(ta s) - [V(w(s)) = v(a(s))ds = /ft(s) [V (2(s)) — v(x(s))]ds
= X(5) = [ £65) - vla()ds,
where

50 = [ 160 Vot = 53 [ s (BL - 0 + ).

Let L denote the set of all d x d-matrix valued bounded functions f on R such that the
support of f is a subset of [0,7] and f is continuous almost everywhere in R. Note that L

13



is a linear space and functions f; we are interested in belong to L. In computing asymptotic
representations for expectation and covariance of X, (f), we assume that f € L. We start
with EX,,(f) :

EX,(f ;d/f EK(I(S)h_X)-U(X)ds
Lo (55 o
/ 19 [

/f /K l + };2< (2(s))2, 2) +0(h2)} dzds
/f ))ds — /f -(/Kzzdz)ds
_/f /K 2)dzds + o(h?), (2.17)
where we used a substitution z = Z8=¥ Also,
Cov(Xn(f), Xn(9)) = E{[Xa(f) — EXy(f)][X Xo ()}

s ([0 ( S

Jron(Z2 o)
i fron (S
foo

(z) +¢),

k(R s 03 +9)
([ s (e faton (I Jan-e)
— Cov(/f(s ( )ds o(X), /g(s)K(x(S)h_X)dg.v(X)>

= (1) + (1),

since

14



To handle (I), we write

e [ 16 K( M= a0 [ (MR )i
:m/ / E{K( == K(x(“){X)}f<s>zg*<u>dsdu
}

E{K(x(s)h— X) K(x(u)h— X)
_ha/K' ( ();xwvdwzww(ﬂ@iﬁiﬁ)

Changing variable u = s + 7h, we get

7mdk//‘( S+ﬁl_ﬂ))ﬂ@2f@+7mmd& (2.18)

z(s+ Th) — x(s)
h

Note that

Note that

— v(x(s)) asn — o0
and also for all 7 and a.s. for s
g(s+7h) — g(s) asn — oo

(recall that the functions f,¢g € L and hence are continuous almost everywhere in R). By
assumptions K has bounded support implying that the support of W is also bounded. At the
same time, we have

0<~vy<

/Suv(x(/\))d/\’ < sup |o(z)| < +o0.

u—Ss reRd

Therefore, the function

r s B(r) = sup \I/(Tuis/suv(x()\))d)\)

0<s<u<lT

also has bounded support and, since it is bounded, it is integrable. Thus, we can use Lebesgue
dominated convergence to prove that

l//‘( S+ﬂl ())ﬂng@+7mwd&ﬁ
[ [0ty ose s = [ 6@E) s 6

which along with (2.18) yields

- 125 - /¢ f(s)Xg*(s)ds.



[Indeed, the integration with respect to s is in finite range, the function (s, 7) — f(s)Xg*(s+
7h) is uniformly bounded and

"Il(x(s + rl;) — x(s))' < U,

so, Lebesgue dominated convergence can be used under the assumption that W is integrable
in R.]
Similarly, the expression (II) can be written as

(IT) = n;dE{/f(s)K x(s)h_X)ds-v(X) -v*(X)/K(I(u)h_X)g*(u)du}

1 [ 1) vtaleDds [ v (a(w) - g (wdu(1 + o(1)

R () )Kw -

=it [ K <>( P Y o(a(s) = 2 0 (ate) = 2B

where we use substitution z = %, dy = h%dz. Therefore,

#E{/f(s)f((x(s> X)dS.U(X)-U*(X)/K(x(u)h_X)g*(U)dU} =

— / / f(s / K(z ( h (S))U(x(s)—zh)-U*(x(s)—zh)dzg*(u)dsdu,

which after change of variable u = s + 7h becomes

hd 1 //f /K ( S+Tl;l) —2ls ))U(flf(s)—zh)~v*(a:(s)—zh)dzg*(erTh)drds.

As before, we use Lebesgue dominated convergence (under the same conditions) to show
that the last expression is equal to

—~
Q

thl / / f(s / K (2)K (2 + To(a(s)))dzdro(x(s)) - v (x(s))g" (s)ds
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implying that

=28 [ (a() - (as))g"(5)ds
Finally, the covariance
Cov(X,, = (I) + (I])
—1;51 / / () - (5 +0(a() - 0" @($)] - g7 (s)ds. (219

We now turn to the proof of asymptotic normality of vnh¢=1(X — ). First we show

that for all f € L
i 1( /f )

converges to a normal distribution. Since by (2.17)

nhdl( /f ds)—>—/f /K )z, 2)dzds,

it is enough to establish the CLT for

Vihi=1(X,(f) — EX,( hd+1 Z — En;),

w= [ 1 ( )ds (0(X,) + &)

Under the assumptions we have made it is easy to check Lyapunov’s conditions of CLT, and
to this end we bound the fourth moment of 7, :

where

Eln;|* = E(n}n;)?

- E(/ / K(x(s)h_ Xj)K(x(s”,j Xj) FW0X) + &) (0(X,) + éj)f(sl)dsd81)2-

Under the assumptions that v and £ are bounded, this gives with some constant C' > 0

et < cx( [ [ x (M) k() s )
e ()

X|f ()1 (s)llf (s2)[1f (s5)[dsdsrdsadss.

17



By change of variable, we then get

E|n;|*
<o [ Ko (s B o) 0 st
X[ f () f (sl f(s2)]|f (s3)]|dsdsidsadss

— OBt K(Z)K(z n Tll"(s +7h) - I(S)>K(z N TQx(s + moh) — x(s))

R5 Tlh Tgh

K (z PG Tjh}i —2(s) ) d2|£(s)||f (s + TR)||f (s + 12h)|| £ (s + T3h)|dsdridrsdTs.
3

Denote

A7, 72, 73) = sup/K(z)K(z + ﬁw)

R(s 42 o o=t

S9 — S S3 — S

where the supremum is taken over all s, s1, so, 83 € [0, T]. It follows from the conditions that
the function A is integrable in R3. As a result, we get

sl SChm///A(TWW?J(/|f(s)|4ds)1/4

1/4 1/4
(/]f s+ 71h 4ds) (/\f S+ 7o )]4(15) ( ]f(8+73h)\4d5) dridrodTs
:Chd+3/‘f(s)’4d8///A(Tl,TQ,TS)dTldTQdTS.

It follows that with some constant C

1 . Cnhdt3 C
n2h2(d+D) ZEW —Eny|" < 2R ppd—1 0,
i=1

implying Lyapunov’s condition of CLT. This shows the asymptotic normality of
VAR, () = BX,() and Vit (3,(0) = [ Fpla(s)s)

for all f € L. Hence, if f1,..., f,n € L (which is a linear space), the CLT holds for any linear
combination of fi,..., f,,. Using standard characteristic functions argument, this shows that
the joint distribution of (X, (f1), ..., Xn(fn)) is also asymptotically normal. Applying this to
f = f: proves the convergence of finite dimensional distributions of the stochastic processes
vnhi1z,(t), 0 <t < T to finite dimensional distributions of the Gaussian process with
mean Mz and covariance C(ty,t2). Due to (2.13), this also implies the convergence of f.d.d.
of the process

Vnht=H(X,(t) —z(t), 0<t<T

18



to the same limit.

Finally, we check asymptotic equicontinuity condition for the sequence of processes
Vnhi=1z,(t),0 < t < T to prove their weak convergence in the functional space C|0,T].
Again, due to (2.13), this would imply weak convergence of vVnhi=1(X, — ) to the same

limit. Since
VT, () = VAR (X () ~ [ fls)o(a(s))ds) =
VARTT(X,(F) = EX,()) + VAR HEX, (5) — [ f(s)ola(s)ds

and the bias term vnh?YEX,(f;) — [ fi(s s))ds) tends to Mgz uniformly in t € [0, 7]
due to (2.17), we have to cons1der only the process

Cn(t) =V nhd_l(Xn(ft) - EXn(ft))

To this end, we bound in a standard way the fourth moment of X,,(f) — EX,,(f) :

1 - !
j=1
= n424d {n(nz_ 2 (Eln - En|2)2 +nE|n — En\“} : (2.20)

As before,
Eln — Enf* < Elnf?

5[/ K(MT_X>K<MT_X>JC*(S)(U(X) &) (0(X) + &) (s1)dsdsy

<o [ [ar(mE )k (ST )i @iselass
<ont [ [ [ (s T sl s lasasy

gChd+1///K(z)K(z+Tx(s+Tf}>l_x(s))dz\f(s)Hf(s+Th)]dsd7

< Chd+1// (s)||f(s+ 7h)|dsdr

<Chd+1/ (/\f st)l/Q(/]f s+ Th)| ds) 2d7’
<Chd+1/ dr/|f )|2ds.

Plugging the bounds on E|p — En|? and on E|p — En|* in (2.20) yields with large enough
constant C'

4 n2p20+2 d+3
E(,/—nhd—lan(f)—EXn(fﬂ) LLQWH (/!f st) + 2h2d+2/‘f 4d8}
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of(f1seras) + i [ 16610

We will apply it to f := fi, — fi, with t1,t5 € [0,T]. Since U(t, s) is bounded and satisfies
Lipschitz condition with respect to t, it easily follows that with some L > 0

/\fh ~ f(5)[2ds < Llty — t5] and /\fh i (s)ids < Ll — b,

Therefore we have (with some C' > 0)

1
E‘Cn(tl) Cn(tQ)‘4 < Cl’tl - tQ‘ + nhd— 1‘ t2’ ’
which gives for [t — to| < ——
E|Cn(t1) - gn(t2)|4 < 2(j|t1 __t2|2‘

If now A,, is a maximal #—separated subset of [0, 7], then standard Kolmogorov’s type
chaining argument shows that for all € > 0

lim lim sup IP’{ sup |Ca(t1) — Culta)| > 5} = 0. (2.21)
=0 n—oo t1,t2 €A, |t1 —ta| <6
Let 7, be a mapping from [0, 7] into A,, such that
1

Using the definition of (,(¢) and boundedness and Lipschitz property of U(t, s), we easily
get (with some constant C' > 0)

|Cn(t1) — Cult2)| < CTVnhi=t sup |V(x) - Ef/(x)Htl — to].
xER4

Therefore,

1 A .
sup |Gu(t) — Cu(mpt)| < CT sup |V(x) — EV(x)|.
S [Glt) = Gurat)] € OT e s V) — EV (1)

Using Lemma 1,

sup |Cn(t) — Gu(mat)| = op(1). (2.22)
t€[0,T]

It immediately follows from (2.21) and (2.22) that
ftmswpP{ sup )~ Gt 2 < =0,
=0 n—oo t1,t2€[0,T|t1 —t2|<8

which is the asymptotic equicontinuity condition for the process (,.

O

Remark. The condition of boundedness of the support of the kernel K can be replaced
by the conditions that the functions ¥ and A are integrable. The proof of Theorem 1 goes
through and the theorem applies to such kernels as Gaussian.
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3 Asymptotic distribution of the distance from esti-
mated curve to a given region

We turn now to some consequences of the CLT for the process Vv nhdfl(f( — x), whose
Gaussian limit we will denote here £(t), ¢ € [0, T] (with mean Mp(t) and covariance C (1, t2),
as defined in Section 2). In particular, we are interested in asymptotic properties of statistics
of the following type )
At (d(X(2),T)),

where I is a subset of G, d(z,I') is a distance from x to I' and ¢ is a monotone function (for
instance, ¥ (u) = u? or ¥(u) = u, u > 0). In other words, we want to study the asymptotic
behavior of the minimal distance from the estimated integral curve X toa target set I'. Such
results are of statistical significance since they allow one to develop tests for hypotheses
that the true integral curve x(t) is passing through a given region or to construct confidence
intervals for the distance to the region. We will study this problem under the assumption
that the function

p(r) == ¢(d(z,T))

is smooth enough which leads to a somewhat more general question about convergence in
distribution (subject to a proper normalization) of the sequence

A

inf p(X(t)) — inf o(x(t)).

t€]0,7) t€]0,7)

Theorem 2 Let z(t), t > 0 be an integral curve starting at ©(0) = xy € G. Suppose that
¢ : G — R is continuously differentiable. Denote

M :={r€0,T]):o(x(r)) = inf @(z(t))}.

0<t<T

Suppose also the conditions of Theorem 1 hold. Then the sequence of random variables

Vnh1| inf o(X(t) — inf @(z(t))

t€[0,7) t€[0,T]

converges in distribution to the random variable

inf £(7)"¢'((7)).

TeEM

In particular, if the minimal set M consists only of one point 7 € (0,T), then the above
sequence is asymptotically normal with mean Mg(T) and variance

Suppose now that ¢ is twice continuously differentiable. If, for all T € M, ¢'(z(7)) = 0 and
¢"(2(r))(v(2(r)), v(z(7))) > 0,
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then the sequence of random variables

nhd_l{ inf o(X(t)) — inf sa(x(t))]

t€[0,7) t€[0,T]

converges in distribution to the random variable

Lt {go”(:r(f))(é(T),f(T)) -

(@”(33(7))(@(96(7)),6(7)))2}
), o) |

If the minimal set consists only of one point T, then the limit becomes

2 reM

! [so"u(f))(z, 7) -

(¢, 2))
; |

" (w(7)) (v(2(7)), v(z(7))) ]

where Z is a normal random vector in R® with mean Mg(7) and covariance C(1). On the
other hand, if for all u € R?
P (w(T)(v(x(7), u) =0,

then the distributional limit of the sequence

nhd_l{ inf p(X(t))— inf so(:r(t))}

te[0,T) t€[0,T)]

! inf " (z(7))(&(7),&(T)),

2 reM

which in the unique minimum case becomes 5" (x(7))(Z, Z).

Proof. Define

A~

Y(t) = o(X(1), y(t) = p(z(t), 0<t < T.

Let a, := vnh1. Since the function ¢ is continuously differentiable, we can use a standard
A-method type of argument to prove that the sequence of stochastic processes

a,(Y(t)—y(t), 0<t<T

converges weakly in the space C[0, T'] to the Gaussian stochastic process n(t) := ¢'(x(t))&(t), 0 <
t <T. Let

M:={r:y(r) = inf y(t)}
be the minimal set of y. Then the sequence

an( inf Y (t)— inf y(t))

te[0,T] te[0,T]

converges in distribution to the random variable inf ¢y n(7). The above fact might very
well be known (see, for instance, Pollard [12] for some results of similar nature in a slightly
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different context), but since we have not found a direct reference, we give its proof for
completeness. First note that for any small enough £ > 0 there exists 6 > 0 such that for all
t & Ms

£ > inf y(t
y(t) > tel[%,T}y( ) +e,

Ms being the d-neighborhood of M. Moreover, if one defines

i(e) == inf{(S >0:Vt g Ms y(t) > inf y(t)+ 5},

T tel0,T]

then 6(¢) — 0 as € — 0. [Indeed, otherwise there exists £, — 0 and 6 > 0 such that §(g,) > §
for all n > 1. For this 9, there exists t,, & My satisfying the condition

t,) < inf y(t n
y(tn) tel[r(){T]y()ﬂ%

Extracting a subsequence of ¢, that converges to 7 & M; we get y(7) = infieomy(t),
contradiction]. Let

An(e) = { sup |V (t) — y(t)’ < 5/3}.

t€[0,T]

Since weak convergence of a, (Y — y) with a, — oo implies

sup
t€[0,T]

Y (1) - y(t)] = 0

in probability, we have P(A¢(g)) — 0 as n — 0o. On the event A, (),

. " > . _ > . _ > . >
téﬁi Y(t) > tgjl\iy(t) e/3> tel[r&fﬂy(t) +e—¢/3> tel[%,fT]Y(t> +¢/3,

which implies on this event A R
inf Y (t) = inf Y(¢).
t€[0,T] teMs

The following obvious representation holds for all 7 € M and all ¢ with [t — 7| < § :

~ ~

Y(t) —y(r) =Y (1) = y(r) +y() = y(7) + (¥ = 9)(t) = (¥ = y)(7).
It implies that on the event A, (¢)

inf Y(t) — inf y(t)= inf Y(t) — inf y(t) =

t€[0,T] t€[0,T] teMs t€[0,T]
= inf |V (1) — inf (y(t) — W (0
inf V() =)+ int_(0(0) = )|+,
where A R
ma(0) < sup (Y —y)(t) — (Y —y)(t2)|.
[t1—t2|<d
Note that

inf  (y(t) —y(7)) =0

t:[t—7|<6
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and that the asymptotic equicontinuity of a, (Y — y) implies for all € > 0

lim limsupIP’{anrn(é) > e} = 0.

-0 pn—oo

This is enough to conclude that

inf f/(t) — inf y(t) = inf (Y(T) —y(7)) + op (i)y

t€[0,T7 t€[0,T7] TEM n

implying the convergence in distribution of

an( inf Y(t)— inf y(t))

t€[0,T] t€[0,T]

to inf,ep n(7).

We now turn to the case of ¢'(x(7)) = 0 for all 7 € M. Since we assume in this case
that ¢ is twice continuously differentiable, we can use Taylor expansion of the second order
to get for 7 € M and with some 6 € (0,1)

A~

P(X (1) = e(a(t)) + (s@’(x(t)) - 90’(1’(7))> (X(t) — (1))
—l—%(p" <x(t) FO(X () — x(t))) (X(t) —a(t), X(t) - .r(t)) . (3.1)

Since both functions ¢' and ¢ +— x(t) are Lipschitz and ¢” is uniformly bounded (as an
operator valued function), we easily get that

P(R(0) = p(e(®)| < mlt = 7]+ 72,

where with some constant L > 0

N 1
n = L X(s) — =0 .
=L sup |X(5) -~ a(o) ( rh)

Let M, — oo slowly enough (this sequence will be chosen later) and

B, = {\/nhdlnn < Mn}

Then, obviously, P(B¢) — 0.
Note that since z(t) is twice continuously differentiable we have

z(t) — (1) = v(z(r))(t — 1) + Ot — 7]?).

Therefore,
o(x(t) — p(x(r)) = %s@"(x(T))(x(t) —a(r),2(t) — 2(1)) + o(|2(t) — x(1)[*)
= %w”(fv(T))(v(x(T)), v(a(r)(t = 7)° +o(|t — 7[*) (3.2)
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with o-term being uniform in 7, ¢.

Since ¢ is continuous and for all 7 € M
¢ (x(7)) (v(z(7)), v(z(7))) > 0,
it easily follows that with some x > 0
lo(x(t) = e(a())] = K[t — 7]

for all 7 € M and |t — 7| < §, § being sufficiently small. On the event B,,, this implies for all
7€M andall [t—7] <0

M M?
\/W‘ s

P(X (1) = p(a(r) = p(a(t) —p(a(r)) = (|t —7|+n,) = Kt —7|* =

We can and do assume that k < 1. As soon as

; 4 M, .5
‘ _T‘ = \/W - Un,
we have on the event B,
2 2
5 K s 8 My
P(X(0) = plo(r) 2 Tt — 7P > S (33)

Now we will study the asymptotic behavior of

~

nhd_1< inf o(X(t) — inf go(x(t))) =nh®'inf inf <<,0(X(t)) - cp(x(ﬂ))

teMs,, t€[0,T) TEM t:|t—7|<bn

We will use representation (3.1) and relationship (3.2). Note that

8
—
~
SN—
!
8
—
\]
P ——
@
—
&
—~
\]
S~—
S~—
—~
~
a
\]
S~—
S~—
>
—
~
N—
|
\]/—\
~
N~—
S—

Using Gronwall-Bellman inequality the same way as at the beginning of the proof of Theorem
1, we get with some constant C' > 0

(X = 2)(t) = (X —2)()] < Clt = 7] sup [V(y) = v(y)|.

yERY

This easily gives the following bound on the remainder:

1| < o(lt = 7) sup [X(t) = ()] + Ot = 7]*) sup [V (y) = v(y)|

t€[0,T] yeRd

25



with o and O being uniform with respect to 7, t. In addition,

1//

3¢ (20) + 0(X (1) = 2(8)) ) (X (1) = o(6), X (t) — (1))

1

= 3¢/ @) (X (1) — (7). X() = 2(m) + 12

where
ry = ;(ga (2(t) + (X (1) — 2(1))) ~ sa"(xm)) (X(t) = w(0), X (1) = 2(t))
+¢" (@) ((X = 2)() = (X = 2)(7), X(t) (1))

+5¢" @) (X =2)(t) = (X =2)(7), (X —2)() = (X = 2)(7)).

As before, with some constant C' > 0 we have

il = (It = 71+ sup 1%0) = a(0)]) (sup 1500 - x<t>|)2

t€[0,77 t€[0,7]

Ol — ] sup [V (y) —v(y)] sup |X(0) — ()] + Clt — ﬂ?(sup V(y) - v<y>|) |

yeR t€[0,7) yeRd

If M,, — oo slowly enough, 7 € M and |t — 7| < 0, we get

P(X (1)) = o((7))

= %@"(I(T))(U(ZE(T)%U(x(T)))(t —7)° 4 " (@(7)) (v(x(7)), X () = 2(7))(t — 7)
_1_390”@(7—)) <X(T) — (1), X(T) — x(7’)> + Op(%) (3.4)

with op term being uniform in 7 € M and |t — 7| < J,. This implies that

inf  inf [cp(f((t)) — @(f(T))}

TEM t:|t—7|<dn

=it { it S ) 0l o)) = 7+ () 0Ge(r), X(7) = a(r) (e - 7)

TEM | t:|t—7|<by
49 () (X () = 2(7), X (7) - f’c(”)} ! (ﬁ)

The minimum of the quadratic function

R>t— %QO/,(ZE(T))(U(I‘(T)), v(z(T)(t = 7)% + " (x(7) (v(x(7)), X (7) — 2(7))(t = 7)

is equal to




and is attained at .
" (x(7)) (v(z(7)), X(1) — (7))
" (x(7)) (v(x(7), v(z(7)))
For this ¢y we have (using that ¢”(x(7)) is bounded and that ¢”(z(7))(v(z(7)), v(z(7))) > 0)
that with some constant D

t():T—

to — 7| < DX (r) — a(r)] = OP(\/#) — os(5).

Let D,, := {supte[O,T] |X(t) —z(t)| < 6,/D}.
Then P(D¢) — 0 and on the event D,

inf [lw”(w(ﬂ)(v(ﬁf(ﬂ), w(a(r))(t =) + " (@(7)) (v(2(r), X (1) — 2(r))(t T)}

[t—7|<bn | 2
 inf| 3 @ (el ool = 2+ 0o, K1) = ()0~ 7)
| (¢ @) 0. X(7) - ()

2 ¢"(x(r))(v(z(r)), v(z(7)))

As a result,

inf @(X(1) ~ inf pla(t) = inf il [o(X(1) ~ p(a(r))

teMs,, t€[0,T] TEM t:|t—T7|<én
2

(¢" @) (), X(7) = (7)) }

= inf | 3¢ D (X(7) = ol K1)~ (7)) - 3

2 PN W), @)
# e X0) = it (oo o+ iy ) 35

and since P(D¢) — 0, we also have that

Lint X (0) = int (oo ;= oo i )

teMs,, t€[0,T7

In particular, this implies that

inf ©(X(t)) — inf @(x(t)) = inf inf [(p(f((t)) - cp(x(T))] = OP(W)

teMs,, te[0,77] TEM t:|t—7|<0n

On the other hand, it follows from (3.3) that

inf inf [@(X(t)) — 80(37(7))}

TEM t:6>|t—7|>0n

8 M? n 8 M?
P N i — c———" Jp..
> i |mf ot (X () = pla(r)]| 1oy = =g
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Since P(BS) — 0, we get

inf inf [cp(f((t)) — cp(x(T))] > 52 n]l\zf - — Op (#)

TEM t:6>[t—7|>6p

Since M,, — oo, the above easily implies that

IP{ inf o(X(t)) < inf inf o ())}

teMs,, TEM £:5>|t—7|>8p

TEM t:|t—7|<dn TEM t: 5>|t T|>0n

X
>t e [ot0) ]<mf nt | [ - ptar)]
zP{inf inf [gp(A ]

TEM t:|t—7|<bp nQn d L= reM t:5>[t—7|>6n

as n — 00, so, P(ES) — 0 where

E, = { inf @(X(t)) < inf inf gp(f((t))}

teMs, TEM t:6>|t—7|>6n

This leads to the relationship
inf p(X(t)) — inf o(a(t))

teMs t€[0,T
= dnf p(X(0) ~ inf o(e(t) + [inf o(X(0) ~ inf o(e(t)] Iy
. o . 1
= X0) - int ple0) +or( i ). (3.

Finally, if we choose e small enough so that d(¢) < 4 (recall the notations introduced at the
beginning of the proof), then we will have on the event A, (¢)

t%(p()%(t)) = 1[nf - p(X(1)).

Since P(A,(g)¢) — 0, this yields
inf o(X(1) — inf o(z(t))

t€[0,T] t€[0,T]
= inf HX0) = inf pla(e) + [ int o(X0) = int ol Ta,
— inf (X(0) ~ int (o0 + on s ). (3.7
Combining bounds (3.5)—(3.6), we get
Jnf o(X(8) - inf o(x(t)
. A 1 () (), X (7) - 2()
- a7 ) (K)ot X0V —2t0) = 5
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which immediately implies the second statement. The proof of the last statement is the same
except that (3.1) simplifies to

PR = platr) = 3 ol0) (X(0) = (), X7) = () 4 0r (s ).

which leads to further simplifications in what follows in the proof.
O

First, we apply the above theorem to the following simple example. Let a € G and let
¢(x) := |z — a|*. Then ¢'(x) = 2(x — a), ¢"(r) = 21 and we are getting the following result
describing the asymptotic behavior of infyeo 7 | X () — al?.

Corollary 1 Let a € G and x(t), t > 0 be an integral curve starting at x(0) = xy € G.
Suppose that for some T € (0,T)

: _4]2 — 412
it [o(t) = af* = |a(r) — al?,

and, moreover, suppose that T is the only point where the infimum is attained. Suppose also
the conditions of Theorem 1 hold. If x(7) # a, then the sequence

Vnhé=t| inf |X(t) —al*>— inf |z(t) —al?

0<t<T 0<t<T
is asymptotically normal with mean 2Mg(T)*(x(7) — a) and variance
0? = 4(z(1) — a)*O(7)(x(7) — a).
If (1) = a, then the sequence

nh' inf |X(t) — al?

0<t<T

converges in distribution to the random variable

(Zoa(r)))’
P

where Z is a normal random vector in R? with mean Mg(t) and covariance C(T).

2] -

Next we consider a sphere I' := {z : |z —a| =71} C G. Let
d(z,T) := inf |z — :‘ _ —‘
(@.0) = inf o — gl = Iz —al -~

be the distance from x to I' and let p(z) := d*(z,T'). Then

¢'(x) = 2<\x —al — r)

Tr—a

|z =

and, for x € T,

This leads to the following corollary.
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Corollary 2 Let ' :={z : |[x —a|] =r} C G be a sphere and let x(t), t > 0 be an integral
curve starting at (0) = xy € G. Suppose that for some T € (0,T)

inf d?(z(t),T) = d*(x(7),T) = D,

0<t<T

and, moreover, suppose that T is the only point where the infimum is attained. Suppose also
the conditions of Theorem 1 hold. If D* > 0, then the sequence

Vnhd=t| inf d*(X(t),T) — D?

0<t<T
is asymptotically normal with mean 2D Mg(7)*n(z(T)) and variance
o = 4D*n(x(7))*C(1)n(x(1)),

where
T —a

n(x) :

If D* = 0 and, moreover, the vector v(x(7)) is tangent to T, then the sequence

T Jr—d|

d—1 2/ %
nh oé?ngd (X(t),I
converges in distribution to the random variable 2, where v is a normal random variable
with mean Mg(T)*n(z(T)) and variance n(z(7))*C(T)n(z(1)).

Remark. The result can be extended to more general smooth surfaces I'. In this case,
n(x) would be the unit normal vector to I' at the point 2/ € T that is the closest to z
(assuming the uniqueness of such a point).

Remark. Suppose H C G is an open not empty subset of G with boundary 0H = T'.
Let x(t), t € [0,T] be the integral curve with initial condition x(0) = xy, o ¢ H UT. If for
some t € [0,T] x(t) € H, then
inf d*(x(t),I) =0

0<t<T

since x(t), t € [0,T] is a continuous function. Also, it easily follows from the first statement
of Theorem 1 that with probability tending to 1 we have

inf d?(X(¢),T) =0

0<t<T

(since X, being close to x uniformly in [0, 7], must enter the set H and hence cross its
boundary T"). As a result, for any sequence a,, — 00

an| inf d*(X(t),T)— inf d?(z(t),T)| =a, inf d*(X(t),T)

0<t<T 0<t<T 0<t<T

tends to 0 in probability and in distribution.
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4 Numerical implementation and examples

4.1 Remarks on numerical implementation

We start with several remarks concerning numerical implementation of estimation and testing
procedures based on the results of Sections 2-3.

1. We will use a simple Euler’s type method to solve the differential equations numerically
(obviously, more sophisticated numerical method can also be useful here, with potential
improvement of the results). Let § be the step size. Then the following recurrent relationship
approximates equation (2.2):

XO = Xy,
Xk:+1 = Xk; + V(Xk;)5 (41)

2. We also need to solve the equation for covariance matrix C'(¢). This differential equa-
tion is being approximated by the following recurrent relationship:

~

C() = O,
Cropr = G + 5[¢(V(Xk)) (z n V(Xk)x?()%k)*) LX)+ GV, (4.2)

where X is an estimate of the covariance matrix X of the noise &;.

3. As an estimate of X, we use

j=1

Consistency of the estimator 5 easily follows from Lemma 1. In practice, the noise &; is
not necessarily homogeneous and it might make sense to use localized versions of the above
estimate.

4. Obviously, the recurrent relationships (4.1) and (4.2) can be solved simultaneously, so,
in fact, our approach is based on simultaneous tracking of the ”fiber path” and its covariance

matrix. We are doing this for k =1,..., N, N := [%]

5. It easily follows from the definition of function ¢ (see Section 2) that if the kernel K
is spherically symmetric (i.e. K depends only on |z|), then ¢ is also spherically symmetric.
In this case, 1 is a constant on the unit sphere in R?. In applications, the vector field v
consists of unit vectors. Hence, for a spherically symmetric kernel K, the t-factor in the
differential equation for C'(t) and in the recurrent relationship that approximates it can be
replaced by the constant, simplifying the equations. In what follows, we use the standard
Gaussian kernel K,

which of course is spherically symmetric.
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6. To estimate the function M (t), one needs an estimator of v”. This can be done, for
instance, by utilizing kernel estimators one more time. The entries of the estimator V" (which
is a d x d x d-tensor) are defined as

A 1 PK [(z-Xi\,0
" — : i
jkl(I) - nizd“ ZZI 8l‘ja$k ( iL )V; 7

Viil=1,....d being the components of vector V;. The kernel K can be taken the same as
in the estlmate of V, but the bandwidth parameter h = h,, is different (so, V" is not the
second derivative of V) To make V" a consistent estimator of v” the assumptions 7 — 0 and
nh¥t* — oo are needed. The second assumption does not hold for the bandwidth i needed
in Theorem 1.

If K is the Gaussian kernel, the following computation is straightforward (A denotes
the Laplacian):

- / K(2)(V"(x)z, 2)dz
- — ; AK( - )Vi
1 u 2 Tr — XZ
:nﬁm;( )R (5

Now, the following recurrent relationship (that is to be solved simultaneously with (4.1)
and (4.2)) provides numerical approximation of equation (2.4):

MO = 07
N N NN N 1. -

7. Solving (4.1), (4.2) and (4.3) yields numerical approximations of X(t), 0<t<T,
C(t), 0 <t <T and M(t) that can be now used to compute

min d?( X, T),
1<k<N

which is a numerical approximation of

2
inf, @(X(0).1),

for a given set I' and also to compute other quantities needed for implementation of testing
procedures. If the above minimum is attained at k and 7 := 1%6, then 7 can be used as an
estimate of 7 for which the minimal distance from the true integral curve x(t), 0 <t < T
to I' is attained. If such a 7 is unique (as it was assumed in corollaries 1 and 2), then it
is not hard to show consistency of 7 (under proper assumptions on §). This allows us to
approximate the limit distributions in corollaries 1 and 2.
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8. The above considerations allow us to implement the testing procedures based on

corollaries 1 and 2. For instance, in the case of Corollary 1, the test statistic is approximated
by

. . 2
A:=nh*! min | X, —al .
1<k<N

(4.4)

Given a significance level o € (0,1), the hypothesis that the integral curve z(t), 0 <t < T
passes through the point a (against the alternative that it does not) is being rejected if
A > A, where A, is determined from the following equation:

]P’{J_\ > Aa} = .
Here )
_ <ZV(X;;)*>
A= |Z|2 - ﬁ,
VX3l
where Z is a normal random vector in R? with mean \/BMk and covariance ék (we assume
1/(d+3)
that h = (g) with 3 > 0; we set 3 = 0 if h = h,, is such that nh¢™® — 0).

9. Corollaries 1 and 2 can be also used to derive asymptotic approximations of the power
of the test and to study how it depends on D (the minimal distance from the true integral
curve to I'). For instance, in the case of Corollary 1, the power can be approximated by the
following expression:

L oL =2 DMt )
1/2 ’
2D (n(x(T))*C(T)n(flf(T))>

where @ is the standard normal distribution function,

D? .= inf |z(t) — al?,
0<t<T

and R
n(zx) :

T la—a

Replacing M(7), C(7) and z(7) by their ”estimates” leads to the following expression de-
scribing the dependence of the power on the true distance D :

. @((nhdl)l/QAa — (nh®-1)12p2 — 21723171\%571()2,;)).
2D <n(X;;)*é;;n(X;;))

(4.5)

10. We are not addressing in any detail an important problem of choosing the bandwidth
parameter h. For a fixed ¢t and h = (g)l/ (@+3) the asymptotic formula for the mean squared

error matrix of X is (see Theorem 1):

A~ A~

E(X (1) = 2())(X (1) = 2(t))" mn i3 {C(t)ﬁdis + M(t)]\/[(t)*ﬁﬁs}
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This immediately implies the following formula for mean integrated squared error:

B [ 10 st ~ets | [ mcpans 4 [ manoaror)ases).

Its minimum is attained at

B'_d—l [T (C(t))dt
4 T (M()M(8))dt

and, given estimates of C' and M, 3 can be estimated based on the data. Since one might be
interested in optimizing not the global deviation of X from z but rather in distance from z
to a set I' (as in corollaries 1 and 2, an alternative might be to use the asymptotics of these
corollaries rather than the global result of Theorem 1. For instance, based on Corollary 1,
the following asymptotic formula might be used:

0<t<T

2
. O o2 2
£ |:Oint£T |X (t) a| inf |x(t) a| ]

~ T {4@(7’) —a)* C(1)(z(1) — G)ﬁ_% + 4<M(7)*(x(7') - a))Qﬁﬁ] )

whose minimum is attained at

One can also try to develop an approach based on maximizing the power of the hypotheses
tests considered above.

4.2 Several experiments with simulated and real data

We turn now to some of the results of our experiments with simulated and real data. First,
we simulated two vector fields, one with circular integral curves (Figure 2) and another one
with spiral integral curves (Figure 3). In both cases, the vector fields were observed at a
finite number of random points uniformly distributed inside a rectangular domain in R?
with random noise.

We used Nadaraya-Watson type regression estimator to smooth the vector field and then
computed an estimate of an integral curve starting at a given point by solving numerically the
differential equation generated by the smoothed field using Euler’s method. Simultaneously
with tracking the estimate of the integral curve, we have also tracked the covariance matrix
of the estimate and used it to plot the 95%-confidence ellipsoids along the integral curve.
The results are shown in figures 2 and 3.

Our next goal is to study (by Monte Carlo simulation) the accuracy of normal approxi-
mation of the distribution of the distance from the estimated integral curve to a given point
or to a given sphere (see corollaries 1 and 2). To this end, we simulated the random points

34



and the noisy vector field as in Figure 2 and computed the estimated integral curve based
on Nadaraya-Watson regression smoothing. We repeated these simulations independently
N = 2000 times and each time computed the square of the distance D? to the point with
coordinates (0,2) (labeled with + on Figure 4). The squared distance from this point to the
true integral curve was D? = 1. We also computed each time the estimate 62 of the variance
o2 (see Corollary 1). Finally, we computed at each round of simulations the standardized

version of D?, given by the expression

[)2 _ D2
vnh———

~

g

(recall that d = 2 in our case). The histogram of the last variable is shown in the top
part of Figure 5 in comparison with the standard normal curve. The bottom part part of
Figure 5 shows the results of similar simulation experiment in the case of the distance from
the estimated integral curve to a sphere (a circle in our case; see Corollary 2). There is a
deviation of the histograms from normality that is quite understandable for a number of
reasons: the fact that we ignored the bias Mp in the normal approximation; in the case when
D? = 0, Corollary 1 suggests that the asymptotic distribution should be of x2-type rather
than normal and because of this for small value of D? one can start seeing some deviations
from normality for a finite sample; the variance o needed in normalization was replaced by
its estimate 62; numerical approximation we are using to compute the distance has certain
impact on the distribution; and last but not least, the sample size n in our simulations is
essentially rather small for this type of central limit theorem (n =7777). Kolmogorov-Smirnov
test clearly shows that these deviations from normality are very significant (p < 0.00777).
However, when n = 500 the p-value of the test becomes of the order 0.0542 and for larger
values of n the deviations from normality are not any longer statistically significant.

Quite similarly, Figure 6 shows histograms of squared distances from the estimated
integral curve to a specified point (the top figure) or to a specified circle (the bottom figure)
in the case when the true integral curve passes through the point or is tangent to the circle.
In this case, according to corollaries 1 and 2, the asymptotic distribution of the squared
distance should be of y? type.

Next we studied the power of testing the null hypothesis that the integral curve passes
through a specified point of interest. The test is based on the second statement of Corollary
1. The test statistic is A given by (4.4). The top part of Figure 7 shows the true integral
curve and also ten points of interest: one of them is on the curve (so that the null hypothesis
is satisfied for this point) and nine other points represent alternatives. We estimated this
integral curve based on n = 77 observations of noisy vector field as in Figure 2. We repeated
the experiment 1000 times, each time simulating the data, estimating the integral curve and
testing the hypothesis with significance level a = 0.05. The red curve shown in the bottom
part of Figure 7 represents the empirical estimation of the power of our test (the frequency of
rejecting the null hypothesis) for each of the alternatives. The blue curve represents the value
of the power based on theoretical formula (4.5) (which seems to consistently overestimate
the power). We also repeated Monte Carlo computation of power function independently 100
times; Figure 8 shows a "waterfall graph” of empirical power function.

Figure 9 represents what we call the p-value map: for each point in the plane, we tested
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the null hypothesis that the true integral curve passes through this point and determined
the observed significance level of our test, which we then plotted creating the image that can
be used to assess the degree of connectivity of points in the plane with a given path.

Finally, figures 10 and 11 give some examples of fiber tracking and visualization of 95%
confidence ellipsoids for real DT-MRI data. A detailed discussion of the applications of our
methodology to DT-MRI goes beyond the scope of this paper and will be given in further
publications in more specialized journals on neuroimaging.
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True Velocity Noisy Velocity
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Figure 2: The top figure shows the true vector field whose x- and y-coordinates are given

by formulas v, = ——2%— v, = ——=— ("the circular field”). The figure in the middle
Vary?? Y Vet y?

represents the noisy vector field obtained by adding 2-dimensional standard normal vectors
to the true field. Finally, the bottom figure shows the results of smoothing of the noisy
vector field and integral curve estimation using Nadaraya-Watson type regression estimator.
The red curve is the estimated trajectory that starts at the point (3,0). The green arrows
show the noisy vector field; the blue arrows represent the smoothed vector field at discrete
points along the estimated trajectory. The total number of points in the rectangle n = 77.
The Nadaraya-Watson estimator was computed with h = 0.8 and the step size used in the
numerical solution of ODE was § = 0.02.
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True Velocity Noisy Velocity

NW smoothed Velocity and estimated trajectory
6 <X

Figure 3: shows similar results in the case of spiral integral curves. Now the true vec-

tor field is given by the following formulas: v, = %9'2:‘, vy = “1%29, where R =

v/ (=y +0.22)% + (2 + 0.2y)2. The noisy vector field is simulated by adding to the true field
independent copies of 37, Z being a 2-dimensional standard normal vector. The estimated
trajectory (represented by the red curve) starts at (1,0) (the small red circle). In this exam-
ple, n = 150, h = 0.6,6 = 0.02.

Selected Points and balls for Measuring Squares
T

35
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Figure 4: shows a circular true integral curve and locations of points and balls of interest in
Monte Carlo study of the distribution of distances (see figures 5 and 6 below).
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Emprical Histogram (N=2000) of
Square of Distance Distribution at Point X=0 Y=2
T T T T T

Emprical Histogram (N=2000) of
Square of Distance Distribution of Ball (radius=0.1,center X=0 Y=2)
T T T T T

Figure 5: The top figure presents the histogram of standardized minimal squared distances
between the estimated integral curves and the point x=(0,2) obtained by the Monte Carlo
simulations (N=2000) ; the bottom figure shows the histogram of standardized minimal
squared distances between the estimated integral curve to the ball with center x=(0,2) and
radius 0.1 obtained again by the Monte Carlo simulations (N=2000). The histograms are
compared with the standard normal distribution.

Emprical Histogram (N=2000) of zero distance distribution of point X=0,Y=3
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Emprical Histogram (N=2000) of zero distance distribution of ball (radius=0.1,center X=0,Y=2.9)
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Figure 6: The top figure presents the histogram of the minimal squared distances from the
estimated integral curve to the point x=(0,3) obtained by the Monte Carlo simulations
(N=2000) in comparison with y%-type curve based on the theory. Note that now the point is
on the true integral curve. The bottom figure shows the histogram of the minimal squared
distances from the estimated integral curve to the ball with center x=(0,2.9) and radius 0.1
obtained by the Monte Carlo simulations (N=2000) again in comparison with x2-type curve
based on our theory. The empirical distributions in this case are much closer to x?-type than
the distributions shown on Figure 5
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True Trajectory and Selected Points
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Figure 7: The top part shows true integral curve and selected points of interest for measuring
the power. The bottom part represents graphs of the power function based on Monte Carlo
study (the red curve) and based on theoretical formula (4.5) (the blue curve).

Figure 8: shows a waterfall graph of empirical power function using the same points as above
by repeating the Monte Carlo experiment 100 times.
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p-value of points in estimated curve

Figure 9: p-value map: for each point in the plane, it shows the p-value of testing the null
hypothesis that the true integral curve passes through this point

Figure 10: presents a single estimated fiber trajectory using the proposed tracking procedure
on real DT-MRI data. The blue point shows the starting seed point

Figure 11: shows the visualization of 3-D confidence ellipsoid (C.E.) of tracking procedure
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