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Abstract

Let X = {X(t),t € T} be a non-centered, unit-variance, smooth Gaussian random field indexed on
some parameter space 7, and let A, (X,T) = {t € T : X(¢t) > u} be the excursion set. It is shown that,
as u — oo, the excursion probability P{sup,cy X () > u} can be approximated by the expected Euler
characteristic of A, (X, T'), denoted by E{x (A, (X, T))}, such that the error is super-exponentially small.
The explicit formulae for E{x (A, (X, T))} are also derived for two cases: (i) T is a rectangle and X — EX
is stationary; (ii) 7' is an N-dimensional sphere and X — EX is isotropic.
© 2015 Elsevier B.V. All rights reserved.
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1. Introduction

Let X = {X(¢), t € T} be a real-valued Gaussian random field living on some parameter
space T. The excursion probability P{sup,.7 X (1) > u} has been extensively studied in the
literature due to its importance in both theory and applications in many areas. We refer to
the survey Adler [1] and monographs Piterbarg [11], Adler and Taylor [2] and Azais and
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Wschebor [5] for the history, recent developments and related applications on this subject. To
approximate the excursion probability for high exceeding level u, many authors have developed
various powerful tools, including the double sum method [ 1], the tube method [15], the expected
Euler characteristic approximation [1,16,17,2] and the Rice method [3-5].

In particular, the expected Euler characteristic approximation establishes a very general and
profound result, building an interesting connection between the excursion probability and the
geometry of the field. It was first rigorously proved by Taylor et al. [17] (see also Theorem 14.3.3
in [2]), showing that for a centered, unit-variance, smooth Gaussian random field, under certain
conditions on the regularity of X and topology of T,

P {supX(t) > u} =E{x(A,(X, T))}(l + 0(6“’“‘2)) as u — 00, (1.D)
teT

where x (A, (X, T)) is the Euler characteristic of the excursion set A, (X, T) ={t €T : X(t) >
u} and o > 0 is some constant. This verifies the “Expected Euler Characteristic Heuristic” for
centered, unit-variance, smooth Gaussian random fields. Similar results can be found in [5] where
the Rice method was applied. It had also been further developed by Cheng and Xiao [8] that (1.1)
holds for certain Gaussian fields with stationary increments which have nonconstant variances.
However, to the best of our knowledge, among the existing works on deriving the expected Euler
characteristic approximation (1.1), the Gaussian field X is always assumed to be centered. In
fact, the study of excursion probability for non-centered Gaussian fields is also very valuable
since the varying mean function plays an important role in many models. Especially, when the
Gaussian field is non-smooth, several results on the excursion probability have been obtained via
the double sum method (see, for examples, [11,13,10]).

In this paper, we study the excursion probability P{sup,.r X () > u} for non-centered, unit
variance, smooth (see condition (H1) below) Gaussian random fields. As the first contribution,
we obtain in Theorem 3.5 that, in general, the expected Euler characteristic approximation 2.5
holds for such non-centered Gaussian fields when 7 C R¥ is a compact rectangle. It shows that,
comparing with the double sum method for non-smooth non-centered Gaussian fields (see [13]
for example), we are able to obtain a much more accurate approximation for the excursion
probability of smooth non-centered Gaussian fields such that the error is super-exponentially
small. This is because the expected Euler characteristic approximation takes into account the
effect of X over the boundary of T, which is ignored in the double sum method. By similar
arguments in [3], such approximation can also be easily extended to the cases when T C RV
is a compact and convex set with smooth boundary or a compact and smooth manifold without
boundary, see Theorem 2.6.

To apply the approximation in practice, one needs to find an explicit formula for the expected
Euler characteristic E{x (A, (X, T))}. Under the assumption of centered Gaussian fields, Taylor
and Adler [16] showed a very nice formula for E{x (A, (X, T))} (see also [2]), involving the
Lipschitz—Killing curvatures of the excursion set A, (X, T). However, there is lack of research to
evaluate E{x (A, (X, T))} for non-centered Gaussian fields. We provide here explicit formulae of
E{x (A,(X, T))} for two cases of non-centered Gaussian fields: (i) T is a rectangle and X — EX
is stationary; (ii) 7 is an N-dimensional sphere and X — EX is isotropic; see respectively
Theorems 3.5 and 3.11. The results show that, the mean function of the field does make the
formula of E{x (A, (X, T))} much more complicated than that of the centered field. In real
applications, one usually needs to use the Laplace method to obtain explicit asymptotics for
E{x (Au(X, T))}.
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2. Excursion probability
2.1. Gaussian random fields on rectangles

We first consider the Gaussian field X = {X (¢), ¢ € T} with mean function m(z) = E{X (¢)},
where T C R is a compact rectangle. Throughout this paper, unless specified otherwise, X
is assumed to be unit-variance, m(-) denotes the mean function of X and T denotes an N-
dimensional compact rectangle. For a function f(-) € C%(T), we write %z(,-t) = fi(t) and

%2@};(:[,) = fij(t). Denote by V f(¢) and V2 £(t) the column vector (f1(7), ..., fx(t))T and the
N x N matrix ( fij(®)i j=1,..,n, respectively. We shall make use of the following smoothness
condition (H1) and regularity condition (H2) for approximating the excursion probability,

and also a weaker regularity condition (H2') for evaluating the expected Euler characteristic
E{x (A, (X, T))} (note that (H2) implies (H2')).

(H1) X(-) € C*(T) almost surely and its second derivatives satisfy the uniform mean-square
Holder condition: there exist constants L > 0 and n € (0, 1] such that

E(X;j(t) — X;j(s))* < Ld(t,5)*", Vt,seT,i,j=1,...,N, (2.1)

where d(t, s) is the distance of ¢ and s.
(H2) For every pair (¢, s) € T2 with t # s, the Gaussian random vector

(X(1), VX (1), Xij(1), X(5), VX(s), Xjj(s), 1 =i = j=<N)

is non-degenerate.
(H2") Foreveryt € T, (X (¢), VX (1), X;j(t),1 <i < j < N) is non-degenerate.

We may write 7 = ]_[fvzl[ai, bi], —o0o < a; < b; < oo. Following the notation on page 134
in [2], we shall show that 7' can be decomposed into several faces of lower dimensions, based on
which the Euler characteristic of the excursion set can be formulated.

A face J of dimension £ is defined by fixing a subset o(J) C {1, ..., N} of size k (if k = O,
we have o (J) = ) by convention) and a subset e(J) = {g;, j & o(J)} C {0, 1JN=k of size
N — k, so that

J={t=0,....tn) €T :a; <tj <bjif jeo(J),
ti=0—¢gjaj+ejbjif j &o(J)}.
Denote by d; T the collection of all k-dimensional faces in 7. Then the interior of T is given by
To = 0y 7T and the boundary of T is given by a7 = Ulivz_ol Ujear J. For J € 9T, denote by

VX, (t) and V2X|j(t) the column vector (X;, (?), ..., X;, (t))l.Tl and the k x k matrix
(an (t))m,n eo(J)» respectively.

IfX()e CZ(T) and it is a Morse function a.s. (cf. Definition 9.3.1 in [2]), then according to
Corollary 9.3.5 or pages 211-212 in [2], the Euler characteristic of the excursion set A, (X, T') =
{t € T : X(t) > u} is given by

..... ivea (J)

N k

XAX, T =" Y (=D (=D () 22)

k=0 Je) T i=0
with

wi(J) = #{t € J: X(1) = u, VX (t) = 0, index (V2X|; (1) =i,
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;X (1) = Oforall j ¢ o},

where ¢ = 2¢; — 1 and the index of a matrix is defined as the number of its negative eigenvalues.
Fort € J € 0, T, let

Aj) = Aij ()i jeo () = (Cov(X; (1), Xj(1)))i jeo(s) = Cov(VX |y (1), VX5 (1)),
Vi, .. In=b=1{1,..., N}\ o (J), (2.3)
EW)={(tn. -ty ) RV iyt >0, j = T, ... Ivi)

Since X has unit variance, Cov(X (7), VZX‘J(t)) = —Cov(VX;(t), VX ;(t)) = —A;(t), which
is negative definite. Define the number of extended outward maxima above level u as

ME) =#{t e J:X(®)>u, VX ;(t) =0, index (V2X;(1)) =k,
e;fXj(t) > 0 forall j ¢U(J)}
=#{teJ: X)) =u, VX, (t) =0, index (V2X (1)) =k,
(X5 (), ... Xy (D) € E(D}. (2.4)

Notice that MuE(J) = ur(J) if J is a k-dimensional face. It can be seen from Lemma A.1 in the
Appendix that E{M, f (J)}, the expected number of extended outward maxima, has a very close
relation to the excursion probability. In fact, Lemma A.1 is a crucial technique for showing our
desired approximation, see the arguments below.

We call a function h(u) super-exponentially small (when compared with P(sup,.y X () >

u)), if there exists a constant o« > 0 such that h(u) = o(e""”z’uz/z) as u — 00. The sketch for
proving the expected Euler characteristic approximation (1.1) consists of two steps. The first step,
which is established in Lemma 2.1, is to show that the difference between the upper bound in
(A.1) and the expected Euler characteristic E{x (A, (X, T))} is super-exponentially small. Then
we prove that the upper bound in (A.1) makes the major contribution since the last two terms in
the lower bound in (A.1) are super-exponentially small, see Lemmas 2.2-2.4.

The approach described above is similar to that for proving the case of centered Gaussian
fields. The main difference is that, for a non-centered Gaussian field, one also needs to deal
with the mean function, especially its interaction with the covariance and the geometry of T'.
In particular, the proofs of Lemmas 2.1 and 2.4 contain certain new techniques for showing
the error terms involving the mean function are still super-exponentially small. The important
intuitive idea behind these rigorous proofs is that the mean function will make the error terms to
be o(e_‘)’/(”_h)2

. . . . 2 2
mean function. This error is still o(e=** ~%"/2) for a € (0, &’).

2 .. .
—ut/ 2) for some positive constants o’ and b as u — oo, where b is related to the

Lemma 2.1. Let X = {X(¢), t € T} be a Gaussian random field satisfying (H1) and (H2').
Then for each J € 0T with k > 1, there exists some constant o > 0 such that

k
E{Mf()]=E {(—Uk DD )} + o). (2.5)
i=0
Proof. To simplify the notation, without loss of generality, we assume o (J) = {1, ..., k} and

that all elements in ¢(J) are 1, which implies E(J) = R_/X —* Let D; be the collection of all k x k
matrices with index i. By the Kac—Rice metatheorem (cf. Theorem 11.2.1 or Corollary 11.2.2
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in [2]), E{ME (J)} equals

.....

X pvx,; ) (0)dt

o0 o0 o0
=<—1)"/dt/ dx/ dka---/ dyn
J u 0 0

E{det V>X, 1O w2y, epy1X @) = x,
Xi+1(t) = Yit1,---» Xn = YN, VX y (1) = 0}
X DX (), Xps1 (0o X (0) (X5 Ykt 15+« 5 YNV X7 () = 0) pyx (1) (0). (2.6)

Since A;(¢) is positive definite for every r € J, there exists a k x k positive definite matrix
Q, such that Q;A;(t)Q; = I, where I} is the k x k identity matrix. We write V2X|J(t) =

07" 0:V2X ;100,07 and let al; (1) = Cov(X;(1), (Q;V2X () Q0)ij) for I = 1,...,N.
Recall that m(-) is the mean function of X, applying Lemma A.2 yields

E{(Q: VX, (1) Q0)ij1X (1) = x, VX, () =0,
Xir1() = Yig1, -, Xn(@) = yn)
= (Q:VPm () Q1)ij + (=8ij, al; (1), ..., a] ())(Cov(X (1), VX (1)) ™!
(6,0, ..,0, yegts -y T 2.7)
Make change of variables V(1) = (V;;(t))1<;, j<k. Where

Vii () = (Q:V2X17()Q1)ij — (Q:V?m 1 (1) Q1)ij + x8i;,

ie.,

0/ VX1 (1)Qr = V(1) + Q:VIm (1) Qr — xIik. (2.8)
Denote the density of

((Vij@)i<i<j=<kl X (@) = x, VX (1) =0, Xp1() = Yit1s - .-, XN(E) = YN)
by htyiqyy @ v = (v 11 <@ < j < k)€ RFK+D/2 1t follows from (2.7) and the
independence of X () and VX (¢) that h;y . .. yy(v) is independent of x. Let (v;;) be the
abbreviation of matrix (v;;)1<;, j<k- Applying (2.8) yields
E{det(Q, V> X ;1) @) Livax,, (nepy| X (1) = x, VX, (1) =0,
Xi+1() = Yit1, -+ -» Xn () = yn}
= E{det(Q/ VX1 () Q) 11 g,v2x,, (1 0,y | X (1) = x, VX (1) =0,
Xi1() = Ykt1s -+ Xn (1) = yn}

det ((vip) + Q1 V2m s (0Q: = x1 )

/{vi(vij)JerVZVHJ(T)QxxlkGDk}
X Nt yeitsnyy (V) dv. 2.9)

Since Q;Vzm\ J(t)Q; is continuous in ¢ and T is compact, there exists some constant ¢ > 0 such
that the following relation holds for all t € T and x large enough:

Wij) + Qi V2m (1) Qr —xIk € Dy, Y (i)l < ; (2.10)
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Let
W, x, Ye+1, -+ YN)

det (i) + Q1 V21 (1)1 = X Ik) B,y (V) 0.

/{vi(vij)+QermJ(t)Qr—x1k€Dk}
Then (2.9) becomes

_W(t,x,yk+1,~-~7)’N)~ (211)
It follows from (2.10) that

.....

IA
S—
3
QU
<
bl
t
—
3
QU
<
=
~
=
e
~
L
S
z
=
=
<
=~
t
<
z
<
>
~
~
-~
N
I
(=}
N

[ faer (@ 0Pm 00 = x10) sy 0
i ll=%

det (i) +0,V2m (00 —x1k)| fiw)dv,
(2.12)

IA

Pxnyx|VXy (@) =0)

L X
wipll=2

where f;(v) is the density of ((V;;(1))1<i<j<k|X () = x, VX, (¢) = 0) and the last inequality
comes from replacing the integral domain Rﬁ —* by R¥ K, Notice that the last integral in (2.12) is
0(e=***) for some & > 0 as x — 00, implying [, [ 1(t, x)dxdt = 0(e=*=4*/2) ag y — o0,
Plugging this, together with (2.9) and (2.11), into (2.6), we see that ]E{Mf(])} becomes

(—l)k/det(/l](t))dt/oodx/oodka.../oodyN
J u 0 0

x E{det(Qr VX5 () 0 L2y, (ep | X () = x,
Xi+1(1) = Yk+1, -+ XN = yn, VX5 () = 0}
X PX(t). Xpp1 () Xy () X Yt 15 -« YNIVX 1 (1) = 0) pyx,, (1) (0)dt.

o0 o0 o0
=<—1>"[/dz/ dx/o dyk+1~-/0 dyy
J u

x E{det VX7 (1)|X () = x, Xs11() = Ykt1s -+ -» Xy = yn, VX)s (1) = 0}

22
X DX (W) X1 (e Xy ()X Vit 1 - NIV X (1) = O)pvxl,mm} +o(e™ @ T/

k

. 2

=E {(—nk Z(—l)’m(f)} (1+ o)),
i=0

where the last line is due to the Kac—Rice metatheorem and the fact that

k
D (=D det VX (D)1 Lv2x  hepy = det VX (1), as. O
i=0
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Let S*! be the (k — 1)-dimensional unit sphere in R¥. The following result shows that the
factorial moments of ME (J) are super-exponentially small.

Lemma 2.2. Let X = {X(¢t), t € T} be a Gaussian random field satisfying (H1) and (H2).
Then for all J € 0T, E{Mf(])(Mf(J) — 1)} are super-exponentially small.

Proof. If k = 0, then ME(J) is either 0 or 1 and hence E{ME (J)(ME(J) — 1)} = 0.1fk > 1,
then, thanks to Lemma A.3, it suffices to show ﬂ% < 1. By Lemma A.2, for every e € ST and
t € T, Var(X(t)|VX); (1), V2X); (t)e) < 1. On the other hand,

Var(X (1)|V X, (1), V2 X (t)e) = 1 = Cov(X (1), V2X|;(t)e) = 0. (2.13)

Note that the right hand side of (2.13) is equivalent to A;(t)e = 0. However, by (H2), A;(¢)
is positive definite, which implies A;(t)e # O for all ¢ € S*~!. Thus for every e € SF!
and t € T, Var(X(1)|VX,;(1), Vqu(t)e) < 1. Combining this with the continuity of
Var(X (1)|VX); (1), V2X|; (t)e) in (e, 1), we conclude 7 < 1. O

By similar arguments for showing Lemma 4.5 in [8], one can easily obtain that the cross
terms IE{M,jE J )MME (J')} in (A.1) are super-exponentially small if J and J’ are not adjacent. In
particular, as the main step therein, Eq. (4.13) is essentially not affected by the mean function of
the field. We thus have the following result.

Lemma 2.3. Let X = {X(t), t € T} be a Gaussian random field satisfying (H1) and (H2). Let
J and J' be two faces of T such that their distance is positive, i.e., inf,cj ser ls — t|| > 8o for
some 8o > 0. Then E{Mf(J)M,f(J/)} is super-exponentially small.

Next we turn to the alternative case when J and J’ are adjacent. In such case, it is more
technical to prove that E{M f M f (J7)} is super-exponentially small. To shorten the arguments
for deriving Lemma 2.4, we will quote certain results in the proof of Theorem 4.8 in [8] (or
Theorem 4 in [3]).

Lemma 2.4. Let X = {X(¢t), t € T} be a Gaussian random field satisfying (H1) and (H2).
Let J and J' be two faces of T such that they are adjacent, i.e., inf,cj scy lls — t|| = 0. Then
E{Mf (])M,f(J’)} is super-exponentially small.

Proof. Let I := J N J' # {J. Without loss of generality, we assume
o(J)={1,....;L,1+1,...k}, o(Jy={1,....Lk+1,...,k+k -1}, (214

where 0 <1 <k <k’ < N and k¥’ > 1. Recall that, if k = 0, then o (J) = @. Under assumption
(2.14), we have J € 9T, J' € 0T and dim(I) = [. Assume also that all elements in £(J) and
e(J’) are 1, which implies E(J) = RY % and E(J") = RY ¥

We first consider the case k > 1. Applying the Kac—Rice metatheorem and removing
the indicator functions for negative definiteness of the Hessian of the field, we obtain that
E{Mf(J)MuE(J’)} is bounded from above by

o o0 o0 o o0 o0
/df/ dS/ dx/ dY/ de+1~'~/ de+k’—l/ dw1+1--~/ dwy
J ! u u 0 0 0 0

E{ldet V2 X7 ()] det V2X| 50 ()[| X (1) = x, X (5) = y, VX5 (1) = 0, Xg41 (1) = 2x41,
oo Kbl —1(0) = Zhr—1, VX yr(5) = 0, X141 (8) = wign, - .., Xp(s) = wi}
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X pt,S(-x9 y9 07 k41, '--1Zk+k’—l90a wl+la cees U)k)

= // A(t, s)dtds, (2.15)
JxJ'

where p; s(x, ¥, 0, Zk+1s - -+, Zhtk'—1> 0, Wit1, - . ., wi) is the density of

(X(@), X(5), VX (1), Xpr1(0)s -, Xpqtr =1 (), VX g (5), Xi1(5), - .., Xie(s))

evaluated at (x, ¥, 0, Zg+1, - -+ » Zhkk'—1> 0y Wity ooy Wi).

Let {e, e2, ..., en} be the standard orthonormal basis of RN, Foreach t € T, let A =
(Aij (1)) 1<i,j<n, where 4;; (1) = Cov(X;(t)X (1)) as defined in (2.3). Forr € J and s € J', let
ers = (s — )T /|ls —t| and let o; (¢, s) = (e;, A(t)e;s). Then

N

Atyers =Y i, A)er s)ei = Za, (t, 5)e;. (2.16)

i=1
Notice that A(r) = Cov(VX (), VX (¢)) is positive definite for each r € T. On the other hand,

A(-) is continuous as a function in ¢ and T is compact, thus A(¢) are uniformly positive definite
for all t € T. Therefore, there exists some ¢g > 0 such that

(er,s, A(t)ers) = ap (2.17)
for all r and s. Let

Di={(t,s) € J x J :ai(t,s) = B}, ifl+1=<i<k,

Di={(t,s)eJxJ 1ait,s)<—=p)}, ifk+1<i<k+k—I,

| (2.18)

Dy = {(t,S) €J xJ Y ait,s)lei,ers) > /30},
i=1

where By, B1, - . . , Bk+k —1 are positive constants such that 8y ~|—Zkflk+1 Bi < ap. It follows from

(2.18) that, if (¢, s) does not belong to any of Dy, Dy, ..., Ditp'—m, then by (2.16) and (2.14),

k+k'—I

(AD)ers, ers) = Zal(r eivens) <Bo+ Y, Bi <o,

i=l+1

contradicting (2.17). Therefore, Doy U Utk D; is a covering of J x J'. By (2.15),

—l—H

k+k'—1
E{Mf(J)Mf(J/)}g// A(t,s)dtds + Y // A(t, s) dtds.
Dy D,

i=I+1
It follows from the same arguments in the proof of Theorem 4.8 in [8] that f f Do A(t, s)dtds

is super-exponentially small. Next we show that [, p, A, 5) dtds is super-exponentially small
fori=1+1,...,k.
It follows from (2.15) that ffD[ A(t, 5) dtds is bounded above by

o0 o0
// dlds/ dx/ dw; PX(1),VX,y(1).X;(5).VX, ;1 (s) (X, 0, w;, 0)
D; u 0

x E{| det V2X ()| | det V2 X ;/(s)] | X (1) = x,
VX)s(1) =0, X;(s) = w;, VX|;(s) = O}. (2.19)
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Notice that if a subset B C D; satisfies inf,epny, sepny’ Is — tll > no for some ny > 0,
then similarly to Lemma 2.3, [/, g AL, s)dtds is super-exponentially small. Therefore, in the
arguments below, we only treat the case when ¢ and s are close enough or ||z — s|| — 0.

There exists some positive constant C; such that

PX(1),YX);(1).X;().VX, () (X, 0, w;, 0)
= PYX| (). X1 (1) Xi 1 (0. X1 (0. Xi () (O1X (1) = X, Xi (5) = wi, X;(1) = 0)
X px ) (x| Xi(s) = wi, Xi (1) = 0) px,(s)(wi | Xi (1) = 0) px;(1)(0)
< C1(detCov(X (1), VX (1), Xi(s), VX 5 (s))~"/?

(x =@, 9)? } { (wi —&1(1,9)° }
- —_— 2.2
8 eXp{ 203(t, s) P 202(t, ) (220
where
§1(t,5) = E{Xi(s)|X; (1) = 0} = m;(s),
o1, = Var(X, 0)| (1) = 0) = SN RO,
&2(t,5) = E{X(0)]X;(s) = w;, X;(t) = 0},
o3 (t,s) = Var(X (1)| X; (s) = w;, X;(t) = 0).
In particular, applying Taylor’s formula to X; (s) (see Eq. (4.23) in [8] or [12]), one has
&2(t,5) = E{XOUVXi@), er5) = wi/lls —tll + o(1), X;(z) = 0},
1
0
= m(0) + (CovX (@), (VXy(1), ., 0) | “ VIO ersh
0 Aii (1)
C(wil/lls =1l 4+ o(1) = (Vm;i (1), er,5)
—m; (1)
— (@) — ai(t, )[wi/|ls — 2]l = (Vm; (1), er.5) + 0(1)] 221)
Var((VX;(1), er5))
and
o3 (t,s) = Var(X ()|(VX; (1), er.5), Xi (1)) +0(1) < 1 =8 (2.22)

for some 8¢9 > 0.
Also, by the same arguments in the proof of Theorem 4.8 in [8], there exist positive constants
C,, C3, Ny and N3 such that

detCov(V X (1), Xi(s), VX () = Calls — ¢|?**D (2.23)
and
E {|detV2X|J(t)| | det V2X| ()] | X (1) = x, VX|; (1) =0, X;(s) = wy, VX‘]/(S):O}

= E{|det V2X |, (1)] | det V2 X, ;(s)| | X (1) = x, VX|; (1) = 0,
(VXi(t), er5) = wi/lls — t]| + o(1), VX ;(s) = 0}

< 3N 4w /lls — £ 1Y + D). (2.24)
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Combining (2.19)—(2.24), and making change of variable w = w;/||s — t||, we obtain that there
exist positive constants C4, Cs, C and C7 such that [/, p; A(t, s)dtds is bounded above by

oo o
c4f/ dtds||s—t||_l_1/ dx/ dw; N+ Jwi /s — ] |V + 1)
D; u 0

«Cox _(x—éz(t D {_(wi —m(s))z}
P 202 (t,s) P 201 (t,s)

o0
=c4// dtds||s—t||*l/ dx/ dwx™ + w2 +1)
D,‘ u 0

2
o (1,8)[w—(Vm;(1),e;,s)+o(1)]
(x —m(t) + Var((V X (1).¢1.4)) ) { (w — ni; (z, S))z}
X exXp 4§ — eXxpy—f————————
20’2 (t,s) 20l (t,s)
o — Cs + Bi (Cow — C7)]?
< C4// drds|is _t”_z/ exp{_[x 5+ Bi(Cow — C7)] }dx
D; u 2(1 - 80)
oo o~ t 2
X / (xM +|w|N2+1)exp{——(w :;11( $) }dw,
0 207(1,5)
where G1(t,s) = o1, s)/|s — t|, m;(t,s) = m;(s)/|ls — t|| and we have used the fact

a;(t,s) > B;i > 0 for the last inequality. This, in turn, ensures that there exists some §; € (0, §p)
such that for sufficiently large u,

// A(t, s)dtds
D;
2
< C4exp{—u—}// Is — 1] dtds
- 2(1 —61) D;

00 202,,2 o~ )
X/ exp{_ﬂic—éw}(u]v'+|w|N2+1)exp{_w}dw
0

2(1 — 81) 253(t, )
u2 ; [e'e)
<C - —t||”'dtd
< 4exp{ 2(1—51)}//1),~“S I s/o
/32 2 2
X exp{ m}(ulv1 + w™ + Ddw.

Since ||s — || ! is integrable on J x J’, we conclude that ffD,- A(t, s) dtds is finite and super-
exponentially small.
It is similar to show that f f D A(t, s) dtds is super-exponentially small fori = k+1,..., k+

k' — 1. The case when k = 0 can also be proved similarly. O

Now we can derive our main result of this section.

Theorem 2.5. Let X = {X(t), t € T} be a Gaussian random field satisfying (H1)
and (H2). Then there exists some a > 0 such that the expected Euler characteristic
approximation (1.1) holds.

Proof. The result follows immediately from combining (A.1), Lemmas 2.1-2.4. [
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2.2. Gaussian random fields on other sets

Adler and Taylor [2] obtained the expected Euler characteristic approximation (1.1) for
centered Gaussian fields living on quite general manifolds. Since the method used in this paper
is different, and it may require more powerful techniques and careful arguments to extend the
parameter sets to general manifolds, we will not attempt to achieve such extension here. However,
similarly to Azais and Delmas [3], we can easily extend the approximation to the cases of smooth
and compact manifolds without boundary or convex and compact sets with smooth boundary.

We first introduce some notation. Let (7, g) be an N-dimensional Riemannian manifold,
where g is the Riemannian metric, and let f be a real-valued smooth function on 7. Then
the gradient of f, denoted by V f, is the unique continuous vector field on 7 such that
g(Vf &) = &f for every vector field &. The Hessian of f, denoted by V2f, is the double
differential form defined by V2 f (&, ¢) = £¢f — Vel f, where & and ¢ are vector fields and Vg
is the Levi-Civitd connection of (7', g). To make the notation consistent with the Euclidean case,
we fix an orthonormal frame {E;}1<j<n, and let

V=1, fJn)=(ELSf, ..., EN]),

V2 = (fip=ijen = (VEf(Ei, EP))i<i,j<N-
Note that if 7 is a critical point, i.e. Vf(z) = 0, then V> f(E;, E;)(t) = E;E; f(t), which is
similar to the Euclidean case. As in the Euclidean space, we denote by d the distance function
induced by Riemannian metric g, which is also called the geodesic distance on (7, g).

If X(-) € C*(T), where T is a smooth and compact manifold without boundary, and it is

a Morse function a.s., then according to Corollary 9.3.5 in [2], the Euler characteristic of the
excursion set A, (X, T) ={t € T : X(¢t) > u} is given by

N

X(Au(X, T)) = (=D Y (=1 wi(T) (2.25)

i=0
with
wi(T) :=#{t € T: X(t) > u, VX(t) =0, index (V2X (1)) = i}.

If T is a convex and compact sets with smooth boundary, then we have
N . N—1 '
X(AX, T) = (DY Y (=D () + (DY Y (=1 1 0T)
i=0 i=0

with
m(TO) =#{r e T: X(t) > u, VX (1) = 0, index (V2X (1)) = i},
i (T) = #{t € 3T : X(t) > u, VXppr(t) = 0, index (V2X|57(1)) = i}.

By similar arguments for Gaussian fields on rectangles in the previous section, together with
the projection technique in [3] or the argument by charts in Theorem 12.1.1 in [2], we can obtain
the following extension, whose proof is omitted here.

Theorem 2.6. Let X = {X(¢), t € T} be a Gaussian random field satisfying (H1) and (H2),
where T is a smooth and compact manifold without boundary or a convex and compact set with



894 D. Cheng / Stochastic Processes and their Applications 126 (2016) 883-905

smooth boundary. Then there exists some o > 0 such that the expected Euler characteristic
approximation (1.1) holds.

3. The expected Euler characteristic

We now turn to computing the expected Euler characteristic E{x (A, (X, T))}. To do this, we
need some preliminary results on calculations of certain Gaussian matrices.

3.1. Preliminary computations on Gaussian matrices

The following lemma can be obtained by elementary calculations. See also Lemma 11.6.1
in [2] for reference.

Lemma 3.1 (Wick Formula). Let (Z1, Z», ..., Zy) be a centered Gaussian random vector. Then
for any integer k,
E{Z1Z> - Zop41} =0,
B{Z1Zy - Zox} = Y BAZi, Ziy) - Bl Ziy_, Ziy ).
where the sum is taken over the (2k)!/(k'2%) different ways of grouping Z1, . . ., Zoy into k pairs.
Let Ay = (4Aij)i<ij<nv and Exy = (5 j)i<i j<n be two N x N symmetric centered
Gaussian matrices satisfying the following properties:
E{A; jAra} =EG, j, k., 1) — 8ijou,
E{Z;j 5k} = F(, j. kD),
where £ and F are both symmetric functions of i, j, k, [, and §;; is the Kronecker delta function.

The following result is an extension of Lemma 11.6.2 in [2]. It will be used for computing the
expected Euler characteristic of stationary or isotropic Gaussian fields.

3.1)

Lemma 3.2. Let By = (B j)1<i,j<n be an N x N real symmetric matrix. Then, under (3.1),

LN/2] kot
Eldet(Ay + By} = 3 2 GO
k=0

E{det(=y + By)} = det(By),

Sy_2k(Bn),
ook N—2k(BN) 32)

where S;(By) denotes the sum of the (j) principle minors of order j in B;, and So(B;) = 1 by
convention.

Proof. We first consider the case when N is even, say N = 2[. Then

E{det(Ay + Ba)} = Y n(p)E{(Avi, + Briy) -+ (Aatiyy + Barin)},
P

where p = (iy,i2---, i) is a permutation of (1,2,...,2[), P is the set of the (2/)! such
permutations, and 1(p) equals +1 or —1 depending on the order of the permutation p. It follows
from Lemma 3.1 that for k <[, E{Ay;, --- Aok—1,i,_,} = 0 and

E{A1; - Aog i} = 2{5(1, i1,2,02) — 614,024, } X - -
Ok
X {EQRk — 1, ink—1, 2k, i2k) — 82k—1,in_ O2k,in }»
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where Qo is the set of the (2k)!/ (k!2k) ways of grouping (i1, i, ..., iz;) into pairs without
regard to order, keeping them paired with the first index. Hence

Z W(P)E{Al,il te AZk,izk}BZk+1,i2k+1 te BZl,izl
P

= Zﬂ(ﬂ)(Z{g(l, i1,2,i2) — 814,62} - - - {E€ Rk — 1, ink—1, 2k, i)
P Ok

- 82k7],i2k7182k,i2k }) B2k+1,i2k+1 te BZl‘igl

= Zﬂ(l’) (Z(—l)k(51i152i2) . (82k—1,i2k_|52k,i2k)) Boit1,inyy -+ Boliy
P Ok

(—D*2k)!
Tk
where the second equality is due to the fact that all products involving at least one £ term
will cancel out because of their symmetry property, and the last equality comes from changing
the order of summation and then noting that the delta functions are nonzero only in those
permutations in P with (i1, io, ..., i2k—1,i2¢) = (1,2, ...,2k — 1, 2k). Thus

L (=D h)!
E{det(Ay + Ba)} = Y %

k=0
Similarly, we obtain that when N = 2/ + 1,

l

E{det(Ag41 + Bas)) = Y
k=0

The proof for the first line in (3.2) is completed. The second line in (3.2) follows similarly. [

det((By,j)2k+1<i,j<21)>

So1—2k(B2g).

(=D 2k)!

ok So141-2k (Bi+1)-

Let By(i1, ... 0501, ...,0p) = (Bij,,-k)lfj,kfn be the n x n principle submatrix of By
extracted from the iy, ..., i, rows and iy, ..., i, columns in By, where 1 <i; <--- <i, < N.

Proposition 3.3. Let Ay and Zy be two N x N symmetric centered Gaussian matrices
satisfying (3.1), and let By be an N x N real symmetric matrix. Then for x € R,

N (=DN
E{det(Ay + By —xIy)} = ”2:(:) W —m!
L (— DRV — n 420!
x ( U i () ) 1V, (3.3)
k=0 '
N
E{det(Sy + By —xIn)} = ) (=DM 7S, (By)x" ",
n=0

where S;(-) is defined in Lemma 3.2.

Proof. Applying the Laplace expansion of the determinant yields

N
E{det(Ay + By — xIn)} = ) _(=DV"E{S,(Ay + By) " (34)
n=0
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By Lemma 3.2,

A (ki)
E(S:(Av+Bu} = Y. > %Sn_mBN(n,...,in;n,...,in»

1<ij<-<ip<N k=0

2 ok (),

= Sn—2k(BN)
k N n
— k2 (2 20)
1 w2 (—l)k(N—n—i-Zk)!S B
= 3 n—2k(BN),
(N —n)! = k12

where the second equality is due to the observation that the sum on all principle submatrices of
order # in the first line makes every principal minor of order n — 2k appear (¥)(, ") /(,%;)
many times. Plugging this into (3.4) yields the first line in (3.3).

By Lemma 3.2 again,

E(Sy(Zy + B} = Y. det(By(i1, ... iniil,....in)) = Sy(BN).

1<ij<--<iy<N

Plugging this into (3.4), with Ay being replaced by =, yields the second line in (3.3). O

Remark 3.4. Let By = 0. Then it can be derived from Proposition 3.3 that
E{det(Ay + By — xIn)} = (=D Hy (x),

coinciding with the result in Corollary 11.6.3 in [2], where Hy (x) is the Hermite polynomial of
order N. Meanwhile,

E{det(Ey + By —xIy)} = (=DVxV. O

3.2. Non-centered stationary Gaussian fields on rectangles

Let X = {X(¢), t € T} be a Gaussian random field such X (¢) = Z(t) + m(¢), where Z is
a centered unit-variance stationary Gaussian random field, m(-) is the mean function of X, and
as usual, 7 is a compact rectangle. By classical spectral representation for stationary Gaussian
fields (cf. Chapter 5 in [2]), the field Z has representation

Z(t) = / MW (dh)
]RN
and covariance
C(t):/ e My (dh),
]RN

where W is a complex-valued Gaussian random measure and v is the spectral measure satisfying
p(RN) = C(0) = 0. We introduce the second-order spectral moments

Aij :/ Aidjv(dAr),
RN

and for any face J € 9T with k > 1, denote A; = (A;}); jes(s)- Notice that A;; and A; do not
depend on ¢, and they are respectively the same as A;;(t) and A, (¢) defined in (2.3). In particular,



D. Cheng / Stochastic Processes and their Applications 126 (2016) 883-905 897

we have
Cov(VZ;(1),VZ;(t)) = —Cov(Z(2), V2Z|J(t)) = Ay

and that
Eoli, j, k. 1) =E{Zij() Zr (1)} = /RN AidjrgAiv(dd)

is a symmetric function of i, j, k, [.

Recall that for a k x k positive definite matrix B, the principal square root of B!,
which is usually denoted by B~!/2, is the unique k x k positive definite matrix Q such that
OBQ = Ii. Denote by ¥(x) the tail probability of a standard Gaussian distribution, that is
U(x) = Qu)~V2 [ ¢=*/2dy. Notice that in (3.5), for every {t} € 8T, VX(t) € E({t})
specifies the signs of the partial derivatives X ;(t) (j = 1,..., N) and, for J € ;T withk > 1,
the set {J1, ..., Jy—x} and E(J) are defined in (2.3).

Theorem 3.5. Let X = {X (¢), t € T} be a Gaussian random field such that X (t) = Z(t)+m(t),
where Z is a centered unit-variance stationary Gaussian random field and m(-) is the mean
function of X. If X satisfies conditions (H1) and (H2'), then

Ef{x (Au(X, T))}

N
= Z ]P’{VX(t)EE({Z})}W(M—m(t))+Z Z

(t}€doT k=1 J €T
x /Jdt/ dx exp{—% [(x —m(t))2+(Vmu(t))TAJle”(t)]}
) P{(XJ, (1), ... Xgy_, (1) € E()VX; (1) = 0)

k j Li/2] i . .
(—1)/ (=1 (k — j + 2i)! 1202 —12\\ k—j
’ [;o k=) (go: o s (o ))x ]}’

(det(4,)1/?
(2m) kD72

(3.5)
where Sj_5;(-) is defined in Lemma 3.2 and A;l/z is principal square root of A;l.
Proof. If J = {t} € 99T, then
E{po(J))} = P{X (@) > u,stj(t) >0foralll <j <N}
=P{VX(t) € E{tD}¥(u —m(t)), (3.6)

where the last equality is due to the independence of X (t) and V X (¢) for each fixed ¢.
Let J € 0;,T with k > 1 and let D; be the collection of all k& x k matrices with index i.
Applying the Kac—Rice metatheorem, similarly to the proof of Lemma 2.1, we obtain

k
E{Z(—l)'m(n}
i=0
k .
= [] valj([)(O)dt Z(_I)ZE“ det szl‘l(l)l:ﬂ‘{VZX‘J(t)GD[}

i=0
X Lix oz Loy, 0. Xsy_ eIV X5 (1) = 0}
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:/JPVX”(t)(O)dtE{detVZX\J(t)]]-{X(t)zu}]]-{(le(t) ..... Xyy_ )eEGNIV Xy (1) = 0}

1
= ) ED R (det(A,)) 12 f]d’
xf dxeXP{—%[(x—m(t))z+(Vm|J(f))TA;1VmJ(I)]}

X P{(X 5, (1), ... Xgy_, (D) € E()IVX|; (1) = 0)E{det V2X; (1) X (1) = x}, (3.7)
where the last equality is due to the fact that VX (¢) is independent of both X () and V2X (1) for
each fixed ¢.

Now we turn to computing E{det v2x /(@)X () = x}. To simplify the notation, let Q =
/1 2 Then
E{Z(1)(QV*Z1; (1) Q)ij} = —(QA; Q)ij = =8, (3.8)
and we can write
E{det(QV2X; (1) Q)|X (1) = x} = E{det(QV>Z; () Q + QV>m; (1) Q)|X (1) = x)
= E{det(A(x) + QV>m; (1) Q)},
where A(x) = (4;;(x))i, jes(s) is a Gaussian matrix. Applying Lemma A.2 and (3.8), we obtain
E{A;j ()} = B{(QV?Z; (1) Q)ij| X (1) = x} = —x5;
and
E{[A4;; (x) = E{A;; ) [ Ak (x) — E{Aw (x)}]}
= E{(QV?Z;(1) Q)i (QV>Z1; (1) Q)a} — 8ij8u = EG, j, k, 1) — 88k,
where £ is a symmetric function of i, j, k, [. Therefore,
E{det(QV2X; (1) Q)|X (1) = x} = E{det(A + QV?m (1) Q — xI)},
where A = (4}); jeo(s) and A;; are Gaussian variables satisfying
E{4;;} =0, E{Aij A} =EG, j. k1) — 8ijbu-
It follows from Proposition 3.3 that
E{det(QV*X |, (1) Q)X (1) = x}

3 2": (—D=7 (2 1y — j + 20)
o — (k= ) j12

Sj—2i(QV2mJ(f)Q)> Xk

Therefore,

E{det V2X|;(1)| X (t) = x} = det(A;)E{det(QV>X,; (1) Q)|X () = x}

1 k—j (Li/2] ik — 2
—det(AJ)Z( ) (Z (DG — j +20)! Sj—2i(QV2n’EJ(t)Q)) Xk

i1

=

Plugging this into (3.7), together with (3.6) and (2.2), yields the desired result. [
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Corollary 3.6. Let the conditions in Theorem 3.5 hold. Assume additionally that ty, an interior
point in T, is the unique maximum point of m(t) and that V>m(ty) is nondegenerate. Then as
u— 00,

Vdet(A)uN/?
E{x (Au(X, T} = ~UEDUT 5y — m(ao)) (1 + o(1)). (3.9)
det(—V2m(tp))

Proof. By Theorem 3.5,

Jdet(Ay) [
B (A ) = S [

1
x f exp {—5 [(x —m)? + (Vm(t))TA_IVm(t)]}dt(l +o(1)).
J
Applying the Laplace method (see, e.g., [18]), we obtain that as x — oo,

/ exp {—l [(x —m())? + (Vm(t))T/l_IVm(t)] } d
S 2

e { Lk = m ))2}(1+ 1))
= X ——= X —m [0 .
xN/2,/det(—V2m(1p)) P12 0

Thus as u — o0,

«/det(/lj) OoxN/Z
27/ det(—V2m(1g)) Ju

X exp {—%(x — m(to))z} dx(1+ o(1))

N/2
_ MW(u—m(lo))(l+0(l))‘ -
det(—V2m(to))

E{x(Au(X, 1))} =

Remark 3.7. The asymptotic approximation in (3.9) is a special case of Theorem 5 in [13] when
the index « therein equals 2, which implies the Gaussian field is smooth. However, in our result,
a higher-order approximation, such as letting the error term in (3.9) be o(u™") instead of o(1),
is also available by applying a higher-order Laplace approximation to E{x (A,(X, T))} (see,
e.g., [18]). Since the calculation is tedious, it is omitted here.

By Theorem 2.5, the expected Euler characteristic (3.5) approximates the excursion
probability with a super-exponentially small error. Comparing with the o(1) error, we see that
the expected Euler characteristic is much more accurate than the asymptotic approximation in
(3.9). This accuracy will be very useful in statistical applications, such as detecting significant
regions by computing p-values via excursion probability, especially when the threshold u is not
very high.

Meanwhile, the mean function in Theorem 3.5 can be very general. In contrast, Corollary 3.6
only deals with a special case when the maximum of the mean function is achieved at a unique
point. In fact, the classical double sum method used in [13] usually requires the mean function to
be nice enough, and to the best of our knowledge, it cannot completely solve the case when the
maximum of the mean function is achieved on a general subset of 7' so far. Since (3.5) provides
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a general (although complicated) formula for the expected Euler characteristic, one can always
approximate the integral therein to find suitable asymptotics for the excursion probability.

Besides the super-exponentially small error and the generality of the mean function, the
expected Euler characteristic approximation has another important advantage on the geometric
interpretation. Especially in real applications, such as image analysis, instead of using the
complicated formula in (3.5), one may try to simulate the mean value of observed Euler
characteristic of the excursion sets to estimate the excursion probability. [J

Corollary 3.8. Let the conditions in Theorem 3.5 hold. If Z is an isotropic Gaussian random
field with Var(Z(t)) = y?, then
)/k

N
Elx(AuX. TN} = D PIVX() € EUDI P —m)+, ), oG

{t}edpT k=1 Jeo,T

x /dt/ dx exp{—l [(x—m(t))2+y2||Vm|,(t)||2]}
J u 2
xP{(X (1), ..., Xy, (1) € E(J)}

X |:Z (IE—)j)! (Z (=X i!ZiJ ) y2UTAS (Vzmj(t)) k=i

j=0 i=0

Proof. The result follows immediately from Theorem 3.5, the independence of X;(¢) and X ; (t)
when i # j and that, for J € T with k > 1, A; = y2I, which implies 4,"/> = y~11,. O

3.3. Non-centered isotropic Gaussian fields on spheres

Let SV denote the N-dimensional unit sphere and let X = {X(¢), t € SN} be a Gaussian
random field such X (t) = Z(t) + m(t), where Z is a centered unit-variance isotropic Gaussian
random field on SV and m(-) is the mean function of X.

The following theorem by Schoenberg [14] characterizes the covariances of isotropic
Gaussian fields on SV (see also [9]).

Theorem 3.9. A continuous function C(-,-) : SN x SNV — R is the covariance of an isotropic
Gaussian field on SV if and only if it has the form

C(t.s) =Y asP}({t.s). t.seSY, (3.10)
n=0

where . = (N — 1)/2, a,, > 0, 2210 a, P,f‘(l) < 00, and P,f‘ is the ultraspherical polynomials
defined by the expansion
o
1=2rx+r>)~* = Zr"P,j(x), x e[—1,1].
n=0

If X is centered, then the Gaussian field only depends on the covariance function which
behaves isotropically over SN. Therefore, as discussed in [7,6], we do not need to introduce
special coordinate system on the sphere. However, if X is non-centered, due to arbitrary behaviors
of the mean function, it is much more convenient to adopt the usual spherical coordinates,
especially for obtaining exact asymptotics. To achieve this, for t = (¢, ...,ty4+1) € SV, we
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define the corresponding spherical coordinate 6 = (61, ..., 6y) as follows.
t1 = cosb,
tr = sinfjcosbs,
t3 = sin6j sin6, cosOs,
ty = sinfysiné;---sinfy_1cosby,
INy1 = sinfsin6;---sinfy_qsinby,

where 6 € 6 = [0, 7]V x [0, 27). _We also define the Gaussian random field X = {)Nf 0),0 €
O} by X (6) = X () and denote by C the covariance function of X accordingly. Similarly, let
Z (#) = Z(¢t) and m(9) = m(t). We introduce the following orthonormal basis on the sphere,

ad a a9 1 9 a 1 9

06, 061" 96, sin61 00" 9hy N1 96y
[T siné;

i=1

For a real-valued function on the sphere, say f(¢) (t € S~N ), define respectively the gradient and
Hessian of the function under the spherical coordinate, f(0) (6 € O), as

. " G 9 - 0 -\
ViO) = (fi®).... fv®) = <—~f(9),---,£f(9)> ,
N

27 _ (7 = (-2
VofO) = (ﬁ/(6)>1§i,j§1\’ (ae 30; ) N
1<i,j<N

Lemma 3.10, characterizing the covariance of (i ), VX ), v2X (6)), can be obtained
easily by elementary calculations. The proof is omitted here.

Lemma 3.10. Ler X = {X(¢), t € SN} be a non-centered isotropic Gaussian random field with
covariance (3.10) and satisfying (H1) and (H2'). Then

01C0.p| _¥Co.0| _,
30 lo=p 06:09;0¢k lo= '
>C(0, ) °CO.0|  _ s
35[8(])‘/ 9:()0_ 35535; 0:()0_ ij»
31C o,
W = C//(SijSk] +81k6]l +8118]k)+C/61J8k1’
10U k 1 lo=
where
= d > P
“= 2;% <EP”A(X)|X=1> and C" = Z (d 5Py A0 |x= 1) (3.11)
n= n=

Now we can formulate the expected Euler characteristic of non-centered Gaussian fields on
the sphere as follows.

Theorem 3.11. Let X = {X(t), t € SN} be a Gaussian random field such that X (t) =
Z(t) + m(t), where Z is a centered unit-variance isotropic Gaussian random field on SN with
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covariance (3.10) and m is the mean function of X. If X satisfies conditions (H1) and (H2'),then

E{x (A (X, S"))}
1 S 1 _ o _
- Qm)N+D/2 /@ ¢ (0)do /u dx exp {—5 [(x —m@)*+ (™! ||(Vm(9))||2]}

[XNZ (—1) (“’m (—1)(N — j +2i)!
= (N =) i1

(chT=i+

< (C' = 1)'S; o (v%mm))ﬂ-f], (3.12)

where © = [0, x]V"" x [0,27), p(©) = [V, sin6)N 7, and C" and S;_5;(-) are defined
respectively in (3.11) and Lemma 3.2.

Proof. Since S is a smooth and compact manifold without boundary, it follows from (2.25),
Lemma 3.10 and the Kac—Rice metatheorem that

E{x(Au(X,SV))}

= (=¥ /@(ﬁ(@)d@/ dxpy9)(0) P9, (*)E{det VZX(0)|X (0) = x}

(_I)N 00
= 2n)NFD2(CH)N /2 /@fﬁ(@)defu dx

1 ~ ~
x exp {—5 [ = i@)? + ¢! ||(Vm(9))||2]}

x E{det VZX (0)|X (0) = x). (3.13)

We only need to compute E{det vz)?(e)p?(e) =x}.
Case 1: C’ > 1. By Lemma 3.10, similarly to the proof of Theorem 3.5, we get

E{det VX (0)|X(0) = x} = E{det[VZZ(©®) + V2 (6)]|X(©6) = x}
= (C? — CYNPE{det[(C?* — C)~'2V2Z(©) + (C* — C) V2V25(6)11X (6) = x}
— (C/Q. _ C/)N/ZE{det[A + (C/2 _ C/)—l/szn’ji(e) _ C/(C/2 _ C/)_I/ZXIN]},
where A = (4;j)1<i, j<n and A;; are centered Gaussian variables satisfying
E{Aij A} = (C* = €)Y "E(Zi;(0)Z1u(9)1X(0) = x}
= (C? = CY7C" (5181 + 8ikdji + 8ud i) + C'8;;8u — €818
= 5(19 ja k’ l) - 8ij8kl’
and & is a symmetric function of i, j, k, [. It then follows from Proposition 3.3 that
E{det VX (0)|X(0) = x}
/2 1 . . ~
_ () Z (=D Lf COWN—j+2)! (V)
(N -\ &= i ! N

1

c’ N=J
(=) o
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Case 2: C’ < 1. It follows from similar discussions in the previous case and a slightly revised
version of Proposition 3.3 that

E{det VZX (0)| X (0) = x}
(- 1>N i (A (N = j +2i)! V271(0)
2\N/2 . e
o (o (o)

C'x N=j
" (W) | G
Case 3: C’ = 1. By Lemma 3.10 again,
E{det VX (0)|X(0) = x} = E{det(VZZ(0) + V7 (0))| X (6) = x}
= E{det(Z + Va1 (0) — xIn)},

where =" = (5j;)1<;, j<ny and 5;; are centered Gaussian variables satisfying
E(Zij 5} = B{Zi;(0)Zu(©0)1X(0) = x} = C" (8181 + 8udji + 8udji) = F (i, j. k. D),

and F is a symmetric function of 7, j, k, [. It then follows from Proposition 3.3 that
E{det VZX(0)|X(6) =x} = Y (=Y, (vzﬁ(e)) xN=i (3.16)
j=0

Plugging respectively (3.14)—(3.16) into (3.13), we see that the expected Euler characteristic
for all three cases above can be formulated by the same expression (3.12). O

Remark 3.12. Let m(9) = 0. Let w; = % be the spherical area of the j-dimensional

unit sphere. Notice that Hermite polynomials have the following properties:

o0 _ 22 _ 22
/ Hy(x)e™ dx = Hy_1(w)e™ /%,
u

n/2] 1
n __
x" =n! kZ(:) m Hy _op(x),

where n > 0 and H_1(x) = v/2m LD(x)e"z/ 2. Applying Theorem 3.11, together with the proper-
ties above and certain combinatorial tricks, we obtain

/2]

N
E{x(Au(X.8")} = (271)‘("++M 2_;) <c/><N—2">/2<2n>(2n— DUHY o1 (w)e ™2

N
= (YL SY)pjw),
j=0
where po(u) = ¥ (u), p;(u) = (2n)*<f+1>/2Hj_1(u)e*uz/2 for j > 1 and
N
2 ) DN if N — j is even,

L;s") = (j ON-j
0 otherwise
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(for j = 0,1, ..., N) are the Lipschitz—Killing curvatures of S¥ (cf. Eq. (6.3.8) in [2]). This
coincides with the formula of the expected Euler characteristic for centered isotropic Gaussian
fields on the sphere obtained in [7] via a geometric approach. However, the result in [7] is still
more general for studying centered isotropic Gaussian fields on the sphere since it is also appli-
cable when the parameter sets are subsets of SV
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Appendix

This appendix contains some auxiliary results.

Lemma A.1. Let X = {X (¢), t € T} be a (non-centered) Gaussian random field satisfying (H1)
and (H2). Then for each u € R,

N
Z Z E(ME (1)) = ]P’{supX(t) > u}
teT

k=0 Jeo,T
N 1
> Z Z (E{M,f(J)} — gE{Mf(J)(Mf(J) - 1)}>
k=0 Jeo T

- Y EMIDMIID), (A1)
J#£J'

where M,f(]) is defined in (2.4) and the last sum is taken over all pairs of different faces of T.

Proof. The result follows immediately from the same arguments in Section 4.1 in [8] or Section 2
in[12]. O

The following lemma is well-known and is quoted here for reader’s convenience.

Lemma A.2. Let Y and Z be two Gaussian random vectors of dimensions p and q, respectively.
Then Y|Z = z is a p-dimensional Gaussian random vector having the following mean and
covariance:

E{Y|Z =z} =EY + E{(Y —EY)(Z — EZ)T}[Cov(2)]" ! (z — EZ),
Cov(Y|Z = z) = Cov(Y) — E{(Y —EY)(Z — EZ)T}[Cov(Z)]"'E{(Z — EZ)(Y —EY)T}.

In particular, if p=q =1 and EY = EZ = 0, then

E(Y Z) [E(Y 2)]?

E{Y|Z = Z} = T(Z), Var(YlZ = Z) = Var(Y) — Var(Z) .

The following result is a direct consequence of Lemma 4 in [12].
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Lemma A.3. Let X = {X(t), t € T} be a Gaussian random field satisfying (H1) and (H2).
Then for any ¢ > 0, there exists €1 > 0 such that for any J € T with k > 1 and u large
enough,

E(ME (1)(ME(J) = 1)) < e7/@FI+) 4 gmu/ e,
where ,8% = SUp, ¢y SUP, k-1 Var(X (1)|VX (1), V2X|J(t)e) and S¥=V is the unit sphere in R¥.
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