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Éric Debreuve, Michel Barlaud, Member, IEEE, Ivan Laurette,

Gilles Aubert, and Jacques Darcourt, Member, IEEE ∗†‡§

PREPRINT – Published in IEEE Transactions on Nuclear Science

Abstract

We have developed a non-parametric and non-rigid reg-
istration method. It requires a segmentation contour
of the organ of interest in both the image to register
and the image template.

We use the fact that the contour template can be
deduced from the contour in the image to register by a
series of locally normal elementary deformations. We
extend these contour deformations to the whole im-
age domain using level sets (sets of embedded parallel
contours, the organ contour being the contour of refer-
ence). This series of elementary deformations provides
a way to perform an iterative (totally unrestricted, un-
like parametric methods) registration by indicating the
successive motions from a point in the image to regis-
ter to its final position in the registered image. The
use of the organ contour has two consequences: (i)
Our method is consistent with the image features, and
(ii) our method is based on image geometry (as op-
posed to intensity), and therefore it is less sensitive to
noise and more robust in homogeneous regions than
non-parametric methods based on optical flow.

We have applied our registration method to per-
form a motion compensation of gated single pho-
ton emission computed tomography (SPECT) se-
quences, i.e., to non-rigidly register N − 1 frames
with respect to the N th one. The N regis-
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de biophysique, Université de Nice-Sophia Antipolis, UFR de
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tered frames were then added together to im-
prove the signal-to-noise characteristics while mini-
mizing motion-induced blurring. Results on three-
dimensional (3-D) mathematical cardiac-torso phan-
tom (MCAT) simulated sequences are presented.
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1 Introduction

The registration task can be interpreted as the com-
putation of the motions to be applied to the points of
an image to register so that the geometry of the result-
ing image matches the geometry of an image template
(in fact, only subsets of the geometrical information
are involved). If a transformation with a limited num-
ber of parameters is used to compute the motions, the
registration method is called parametric. Otherwise,
the whole set of motions is required to represent the
registration transformation, and the method is non-
parametric. In the parametric case, if the transfor-
mation is a combination of translations and rotations,
then the registration is rigid.

Let us give the classical steps of parametric registra-
tion methods [1]-[4]: (i) Some primitives are extracted
from the image to register and the image template. Ex-
amples of primitives are: Pieces of contours [5], high
curvature points [6], and crest lines [7]. They must
provide a kind of outline of the organs of interest. (ii)
If possible, each primitive of the image to register is
matched to a primitive of the image template. This is
not possible if, for example, different numbers of prim-
itives were detected in the images (some primitives are
not matched, and then not used further). The match-
ing task can be performed using an iterative closest
point algorithm [1], [8], [9] or a maximum of correlation
algorithm [10]. (iii) A transformation model is chosen
with a compromise between the freedom of the allowed
deformations and the complexity of estimation of its
parameters. For example, the transformation can be
rigid [9], affine or locally affine [1], or a spline-to-spline
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transformation [2]-[4]. The transformation parameters
are then estimated in order to minimize the distance
between the transformed primitives of the image to
register and their respective counterparts in the image
template determined at step (ii). (iv) This transforma-
tion is then applied to the whole domain of the image
to register providing the registered image. Steps (ii)
and (iii) may be merged into an iterative optimization
process [1], [3], [4], [8].

Parametric methods are not sensitive to the noise
in the image to register and the image template (pro-
vided the fact that the primitive detection step is ro-
bust to noise). Moreover, they take into account struc-
tured and coherent information using primitives. The
drawback of the parametric methods is the restriction
of the allowed deformations through the choice of the
transformation model. A local refinement is often re-
quired [1], [11], [12].

A non-parametric registration method based on op-
tical flow is presented in [13] and [14]. The allowed de-
formations are only constrained by an elastic property
assumption. This regularization is necessary because
different motion fields may result in the same deformed
image. Unfortunately, the optical flow is highly sensi-
tive to noise, and its computation in homogeneous re-
gions is entirely determined by its value at the edges
of the organ and the regularization used [15]. In sin-
gle photon emission computed tomography (SPECT)
images, the edges of organs are sometimes irregular.
As a consequence, the optical flow may not be reliable
and may be propagated incoherently in homogeneous
regions.

In [16], the non-parametric method developed uses
the segmentation surfaces of some crucial brain struc-
tures. A point-to-point matching is computed between
equivalent surfaces of the image to register and the im-
age template. This matching allows to determine a
non-parametric surface transformation. The transfor-
mation to be applied to a point not located on a surface
depends on the transformations of the closest points on
the neighboring surfaces.

Bayesian techniques are proposed in [17] and [18] to
compute a non-rigid deformation between the image to
register and the image template. Indeed, the allowed
deformations depend on prior information about the
shape of the organ of interest, and correlation mea-
sures of intensity values between the image to register
and the image template. These statistical model-based
methods can be considered as hybrid parametric (a pri-
ori shape) and non-parametric (correlation measures)
methods.

A totally unconstrained non-parametric registration
method is developed in [19]. It is based on the optical
flow constraint, and it requires neither a segmentation
nor a matching step. At each point, the elementary

deformation is in the direction of the gradient of the
image template, and its magnitude depends on the
difference of intensity between the two images. To
be efficient, this method needs that the image to
register is somehow rigidly registered with respect to
the image template. This is not a limitation since
accurate and low computational cost rigid registration
methods exist [8], [9]. It also requires that the inten-
sities are comparable in the two images (like for the
methods [13], [14], [17], [18]). This is not a problem
for two images of the same modality, and the author
provides a solution for the two modality case. The
real drawback of this method is the involvement of
the gradient of the image template in the elementary
deformation expression. The consequence is an inco-
herent deformation in nearly homogeneous regions,
and an undefined deformation in strictly homogeneous
regions. This brings the author to propose some
heuristic elementary deformations (preserving the
general philosophy of his method).

We propose a non-parametric and non-rigid registra-
tion method which is totally unrestricted regarding the
allowed deformations. It requires a segmentation con-
tour of the organ of interest in both the image to regis-
ter and the image template (this segmentation step is
not part of the registration method). The primitives we
consider are the whole contours allowing us to take into
account more information in the registration process.
Nevertheless, our method does not require any explicit
matching step. The principle is to build a series of
in-between level sets (see Section 2) between the one
that represents the segmentation of the image to regis-
ter (its zero level contour is the actual segmentation of
the organ of interest) and the one that represents the
segmentation of the image template. Given two consec-
utive in-between level sets, elementary, locally normal,
deformation vectors are computed between each em-
bedded contour of the first level set and the contour of
the same level in the second level set. This provides a
dense non-rigid deformation field of the image to regis-
ter. Then, we can compute a partially registered image
applying this deformation field to the image to regis-
ter and using trilinear interpolation. When achieving
this procedure on the last two in-between level sets,
the partially registered image is the actual registered
image.

Myocardial gated SPECT acquisitions are more sus-
ceptible to noise since the average number of counts
per projection is N times lower than equivalent non-
gated acquisitions if N is the number of frames in
the sequence. We have applied our method to per-
form a motion compensation of the frames, i.e., to
non-rigidly register N − 1 frames with respect to the
N th one. The N registered frames were then added



PREPRINT – Published in IEEE Transactions on Nuclear Science 3

together resulting in an image with similar noise char-
acteristics to an equivalent non-gated image, but with-
out the motion-induced blurring that non-gated images
suffer from. Results on three-dimensional (3-D) math-
ematical cardiac-torso phantom (MCAT) simulated se-
quences are provided.

2 Level Sets

The following comments are valid for two-dimensional
(2-D) as well as 3-D images. By contour, we equiva-
lently mean curve in the 2-D case or surface in the 3-D
case. Ω denotes the image domain (2-D or 3-D).

A level set u(.) [20]-[23] is a set of embedded parallel
contours. A value is assigned to each contour, and it is
called its level (in the 2-D case, a level set may be in-
terpreted as a mountain where each contour is a curve
of constant altitude drawn on it). We consider the par-
ticular configuration where the gradient magnitude of
u(.) is equal to one nearly everywhere and the levels
assigned to the inner contours are inferior to the levels
assigned to the outer ones. One particular contour is
assigned a level of zero. Contours inside this zero level
contour have negative levels and those outside have
positive levels (going back again to the 2-D interpre-
tation, u(.) looks like an upside down mountain, or a
valley, with a part of it under the sea level). Then
u(.) is the signed distance map (or, in other words, a
function from Ω to the set of real values providing the
signed distance) with respect to the zero level contour
denoted Γ (in the following, a level set always denotes
the particular distance map configuration). That is to
say, for all x in Ω, |u(x)| equals the distance with re-
spect to the point of Γ closest to x (this closest point
is not always unique). The distance is taken positive
outside Γ and negative inside. Then it is clear that
zero level contour Γ of level set u(.) has the following
definition: Γ = {x ∈ Ω|u(x) = 0}. A 2-D level set
example is presented in Fig. 1. A property of level set
u(.) is that every point x in Ω belongs to a unique con-
tour parallel to Γ. This contour is simply the contour
of level u(x). This remark is a key point of Section 3.2.

3 Registration Method

3.1 In-between Level Sets

Let ui(.) and uj(.) be two level sets whose zero level
contours represent the segmentation contours of the or-
gan of interest in two configurations (for example, they
may correspond to the same organ of the same patient
observed at different times or to the same organ of two
patients). We would like to build a series of in-between
level sets between ui(.) and uj(.). A way to achieve
this is to iteratively solve a minimization problem for

Figure 1: An example of a 2-D level set. From left
to right and top to bottom: The distance map rep-
resentation, the upside down mountain representation
(with the zero altitude plane), the zero level contour,
and the contours of level −6 (inmost), zero, and 10
(outermost).

which uj(.) is the solution and ui(.) is taken as the ini-
tial guess. Therefore, we define a classical least mean
square difference criterion where u(.) is the unknown:

J(u) =

∫

Ω

{uj(x)− u(x)}2dx (1)

In order to minimize criterion (1) with respect to u(.),
we need to solve the associated Euler-Lagrange equa-
tion:

∀x ∈ Ω,∇uJ(x) = 0 (2)

It can easily be shown that:

∀x ∈ Ω,∇uJ(x) = −2{uj(x) − u(x)} (3)

To solve (2), we use a classical dynamic scheme tech-
nique (u(x) becomes u(x, t), and ∇uJ(x) becomes
∇uJ(x, t), where t is a convergence parameter):

∀x ∈ Ω,

{
u(x, t = 0) = ui(x)

∀t ≥ 0,
∂u

∂t
(x, t) = −∇uJ(x, t)

(4)

Let dt be the convergence step. At convergence, u(., t)
is necessarily equal to u(., t + dt) for t greater than or
equal to a value tconv. Thus, ∂u

∂t
(., t) is equal to zero

for t greater than or equal to tconv, and the solution
of (4) is also the solution of (2). Note that ∇uJ(x, t)
in (4) is preceded by a minus sign because we look for a
minimum of criterion (1). Approximating ∂u

∂t
(., .) using
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a first order finite difference expression, we end up with
the following numerical scheme:

∀t ≥ 0, u(., t + dt) = u(., t)− dt×∇uJ(., t) (5)

where u(., t = 0) equals ui(.). Equation (5) does not
preserve the distance map property (the gradient mag-
nitude of u(., t) is not necessarily equal to one nearly
everywhere for all t). However, this property is neces-
sary for the development in Section 3.2. Therefore, we
must reinitialize u(., .) after each iteration of (5) [24],
[25]. The principle of the reinitialization is to compute
a distance map from a level set (which is not too far
from being a distance map) while preserving its zero
level contour (this preservation is an important point
since the zero level contour represents the segmentation
of the organ of interest). Consequently, (5) becomes:

∀t ≥ 0,

{
v(., t + dt) = u(., t)− dt×∇uJ(., t)
u(., t + dt) = Reinitialization of v(., t + dt)

(6)
where the reinitialization is performed by the following
equation:

∀x ∈ Ω,







w(x, r = 0) = w0(x)

∀r ≥ 0,
∂w

∂r
(x, r) = sign(w0(x))

×{1− |∇w(x, r)|}

(7)

where sign(a) is equal to −1, zero, or +1 if a is strictly
negative, equal to zero, or strictly positive respectively.
Using a first order finite difference approximation of
∂w
∂r

(x, r), we compute the solution of (7) with w0(.)
equal to v(., t + dt).

After convergence of (6), we have: u(., tconv) = uj(.).

3.2 Image Registration

Let Si(.) and Sj(.) be two images of the organ of in-
terest in two configurations. Their corresponding level
sets are respectively ui(.) and uj(.). We would like to

compute S
→j
i (.) (the registered image): A non-rigidly

deformed image of Si(.) (the image to register) such
that the deformed organ has the same boundary as in
Sj(.) (the image template), and where intensity values
are related to Si(.).

From u(., t) to u(., t + dt), the zero level contour has
been deformed in order to come closer to the zero level
contour of uj(.). More generally, each embedded con-
tour of u(., t) has been deformed in order to come closer
to its counterpart in uj(.). We choose this counterpart
as the embedded contour of the same level. Let y be
a voxel of Ω. According to Section 2, y belongs to
a unique embedded contour of u(., t): The contour of
level u(y, t). We denote: k = u(y, t). We would like
to compute the elementary deformation vector d~y of y

from the k level contour in u(., t) to the k level con-
tour in u(., t + dt). Unfortunately, there is an infinite

number of deformations which could warp the k level
contour from u(., t) to u(., t + dt). We must make an
assumption. We assume that the embedded contour
deformations are locally normal: d~y is normal to the k

level contour of u(., t) at y. Although the motion of the
myocardium has a significant normal (or radial) com-
ponent, it also includes a rotational component. There-
fore, this assumption is an approximation of the motion
of the myocardium, and it is also a crucial condition
for the following mathematical development. Let x be
the voxel corresponding to y at instant t+dt. We have:

{
x = y + d~y

u(x, t + dt) = u(y, t) = k
(8)

Let us express (5) at x (the reinitialization step is not
taken into account which corresponds to an approxi-
mation):

u(x, t + dt)
︸ ︷︷ ︸

u(y,t)

= u(x, t)− dt×∇uJ(x, t) (9)

⇐⇒ u(x = y + d~y, t) = u(y, t) + dt×∇uJ(x, t)(10)

The Taylor expansion of u(y + d~y, t) at order one is:

u(y + d~y, t) = u(y, t) + 〈d~y,∇u(y, t)〉+ o(|d~y|)(11)

≈ u(y, t) + 〈d~y,∇u(y, t)〉 (12)

where 〈., .〉 denotes the inner product. Approxima-
tion (12) represents the locally normal deformation
assumption since we only keep the component of d~y

along ∇u(y, t), a vector normal to the k level contour
of u(., t) at y (distance map property). Then, substi-
tuting u(y + d~y, t) in (10) using (12), we have:

u(y, t)+ 〈d~y,∇u(y, t)〉 = u(y, t)+dt×∇uJ(x, t) (13)

The unique solution to (13) in accordance with the
locally normal deformation assumption is:

d~y = dt×∇uJ(x, t)×
∇u(y, t)

|∇u(y, t)|2
(14)

In (14), we can replace ∇u(y, t) with ∇u(x, t): Indeed,
y and x lie on the same steepest descent line of u(., t)
(distance map property).

Let s(., .) be the partially registered image with:
s(., t = 0) = Si(.). Equation (8) suggests (if we
replace “u” with “s”) that we assign the value s(y, t)
at location y + d~y = x in s(., t + dt) or that we assign
the value s(x − d~y = y, t) at location x in s(., t + dt).
Theoretically, there is no difference. In practice, since
d~y is a vector whose coordinates are generally not
integers, the implementation is quite different. We
will justify our choice between the two possibilities
in Section 3.3. When t + dt equals tconv, s(., tconv) is
the last partially registered image computed, and it
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corresponds to S
→j
i (.), the registered image.

We have described an iterative registration proce-
dure using in-between level sets u(., .) between level
sets ui(.) and uj(.), and computing several partially
registered images s(., .). We did not propose a one-step
procedure (i.e., using only ui(.) and uj(.), and com-

puting S
→j
i (.) directly from Si(.)) because the locally

normal deformation assumption is valid only for small
deformations. In practice, deformations can be large.
As a consequence, we have proposed to divide large de-
formations into smaller ones using the in-between level
sets.

We have claimed that our registration method was
totally unrestricted regarding the allowed deforma-
tions. However, we have made this locally normal de-
formation assumption. Despite what it seems to be, it
is not a restriction at all. One can always deform any
shape into any other shape using only locally normal
deformations [26].

3.3 Registration Algorithm

The coordinates of d~y are generally not integers. (i)
If y has integer coordinates (it is a voxel of s(., t)),
then the coordinates of y + d~y = x are not integers.
Therefore, we cannot assign directly the value s(y, t)
at location x in s(., t + dt) (for example, a Gaussian
weighted application centered on x may be used [27]).
This is a forward scheme. (ii) If x has integer coordi-
nates (it is a voxel of s(., t + dt)), then the coordinates
of x − d~y = y are not integers. Therefore, we can
assign the value s(y, t), computed using trilinear inter-
polation, at location x in s(., t + dt). We have chosen
this backward scheme because of its simplicity. The
registration algorithm is presented in Table 1.

The choice of parameter dt is a compromise between
the number of iterations (and then, the computation
time) and the compliance with the locally normal de-
formation assumption.

In practice, the condition “u(., tconv) = uj(.)” is re-
placed with “|u(., tconv)−uj(.)|

2” is less than a thresh-
old.

4 Experimental Evaluation

We have applied our registration method to perform a
motion compensation of cardiac sequences. First, an
original sequence was generated: A 3-D MCAT simu-
lated sequence [28], [29] composed of 8 frames. Only
the left ventricle has been assigned a significant perfu-
sion value, identical in each frame. The frames were
45x40x40 voxel images with a voxel size of 2.3x2.3x2.3
mm3. A space-time segmentation of the left ventri-
cle was performed using [30]. In each frame, the level

Table 1: Registration algorithm using level
sets

u(., t = 0)← ui(.) 1st in-between level set: ui(.)
s(., t = 0)← Si(.) 1st partially registered image: Si(.)

t← 0
Choice of parameter dt See Section 3.3

repeat

Step 1: Next in-between level set u(., t + dt)
∇uJ(., t)← −2{uj(.)− u(., t)}
v(., t + dt)← u(., t)− dt×∇uJ(., t)
u(., t + dt)← Reinitialization of v(., t + dt)

See (7)

Step 2: Next partially registered image s(., t+dt)
for all x in Ω
do

d~y ← dt×∇uJ(x, t)×
∇u(x, t)

|∇u(x, t)|2
Elementary

deformation between u(., t) and u(., t + dt)
s(x, t + dt)← s(x− d~y, t) Partial registration

(Right hand term computed using trilinear
interpolation)

done

t← t + dt

tconv ← t

until u(., tconv) = uj(.)

S
→j
i (.)← s(., tconv) Registered image: Last partially

registered image

set (distance map) corresponding to the left ventricle
segmentation was computed. Two sequences were gen-
erated from the original sequence. Sequence a was cor-
rupted by a Poisson noise. The signal-to-noise ratios
compared with the original sequence were: 29.6 dB in
peak, 8.3 dB in energy, and 6.9 dB in variance (see
Appendix). Sequence b was smoothed using a Gaus-
sian filter with a FWHM of 3.2 pixels, i.e., 7.4 mm.
Slices of the first 4 frames (corresponding to systole)
of sequences a and b are presented in Fig. 2.

Frames Si(.), i ∈ [2, 8] were successively registered
with respect to frame Sj(.) = S1(.), sequence S being
sequence a or b. We have chosen dt such that each
individual registration required between 40 and 50 it-
erations (20 to 30 seconds on a 240 MHz HP worksta-
tion). Then, the registered frames S→1

i (.), i ∈ [2, 8]
and S1(.) were added together. The non-registered
frames Si(.), i ∈ [1, 8] were also added together. Fig-
ure 3 presents slices of these computations. Profiles of
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Figure 2: Slices of the first 4 frames of the 3-D MCAT simulated sequences a (top row) and b (bottom row)
with the left ventricle segmentation superimposed on sequence a.

3

2

1

Figure 3: Slices of (from left to right and top to bot-
tom): The sum of the registered frames for sequence
a, the sum of the registered frames for sequence b, the
sum of the non-registered frames for sequence a, the
sum of the non-registered frames for sequence b.

the sums with and without registration are presented
in Fig. 4 and 5. Tables 2 and 3 present some signal-
to-noise ratios (see Appendix) for sequences a and b,
respectively. Finally, we have computed the contrast
of the sums with and without registration using the
average intensity value in the left ventricle chamber
and the average intensity value within the myocardium.
The results are presented in Table 4.

Table 2: Signal-to-noise ratios (in dB, see Ap-
pendix) of the sum with and without registra-
tion for sequence a (The first frame of the
original sequence is the reference)

Sequence a Peak Energy Variance
First frame w/ noise 29,6 8,3 6,9
Sum w/o registration 31,7 10,4 8,9
Sum w/ registration 35,1 13,9 12,4

Table 3: Signal-to-noise ratios (in dB, see Ap-
pendix) of the sum with and without regis-
tration for sequence b (The first frame of
sequence b is the reference)

Sequence b Peak Energy Variance
Sum w/o registration 36,3 13,7 12,0
Sum w/ registration 40,7 18,1 16,4

5 Discussion

Concerning sequence a, the sum of the registered
frames has better signal-to-noise ratios than the sum of
the non-registered frames (see Table 2). The contrast
is also better when summing after registration (see Ta-
ble 4). In Fig. 4, the profiles of the sum of the regis-
tered frames have steeper slopes, and they are closer to

Table 4: Contrast of the sums with and with-
out registration (in percent)

Sequence a Sequence b
Sum w/o registration 79,9 64,2
Sum w/ registration 88,6 73,6
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the ideal shape (given by the first frame of the original
sequence) than the sum of the non-registered frames.
The same remarks apply to the case of sequence b (see
Table 3 and 4, and Fig. 5). Therefore, our registra-
tion method seems efficient enough to compensate a
sequence for motion and to sum the registered frames
together resulting in an image with better signal-to-
noise characteristics and contrast than a simple sum of
the frames of the sequence. These conclusions need to
be validated with patient data experiments.

Our registration method is non-parametric and non-
rigid. Therefore it is totally unrestricted regarding the
allowed deformations. It is based on the use of the seg-
mentation contours of the organ of interest but it does
not require any explicit matching step. Since the ele-
mentary deformations d~y are computed using only ge-
ometrical information (the level sets corresponding to
the segmentation contours) of the image to register and
the image template (and if we assume that these level
sets are provided by a method robust to noise), our
registration method is independent of the noise level.
In other words, for a given contour in the image to
register and a given contour in the image template,
the computed elementary deformations used to per-
form the registration are the same whatever the noise
level is (see (14)).

Like other methods (for example in [19]), our method
requires that the image to register is roughly rigidly
registered with respect to the image template. This is
not a limitation since efficient rigid registration meth-
ods exist [8], [9].

There are at least three drawbacks. First, our
method requires a segmentation of the organ of in-
terest. It is not a stand-alone method. Second, the
final registration is the result of successive partial reg-
istrations computed using trilinear interpolation which
induces a slight blurring. Concerning this last point,
it is maybe possible, preserving the iterative scheme
necessary in the case of large deformations, to join end
to end the computed elementary deformation vectors,
and then to apply the resulting summed deformation
vectors to the image to register. Thus, only one in-
terpolation step would be necessary. Third drawback:
Because of the locally normal deformation assumption,
our algorithm is unable to recover the rotational mo-
tion around the long axis of the left ventricle. Since
the rotational motion has a larger amplitude (about
10 degrees) near the apex, our registration method is
certainly less accurate in this region. As a consequence,
a defect in this region may be mismatched, which may
prevent from correctly detecting it.

These preliminary results are encouraging. However,
our method needs to be further evaluated using other
simulated and clinical sequences, and a human observer
study to address the defect detection issue.

Appendix

The signal-to-noise ratios (SNR) were computed using
the following formulas (results are in dB):

SNRPeak = 10 log10

(
∑

x∈Ω

2552

(i(x)− r(x))2

)

(15)

SNREnergy = 10 log10

(
∑

x∈Ω

r(x)2

(i(x)− r(x))2

)

(16)

SNRVariance = 10 log10

(
∑

x∈Ω

(r(x) − r)2

(i(x)− r(x) − i− r)2

)

(17)

where i(.) denotes the noisy image, r(.) denotes the
noise free image or reference (normalized between zero
and 255), and img represents the average intensity
value of image img(.).
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Figure 4: Profiles 1, 2, and 3 (from top to bottom) for
sequence a: The dotted lines correspond to the sum
of the non-registered frames, the discontinuous lines
correspond to the sum of the registered frames, and
the continuous lines correspond to the first frame of
the original sequence.

Figure 5: Profiles 1, 2, and 3 (from top to bottom) for
sequence b: The dotted lines correspond to the sum
of the non-registered frames, the discontinuous lines
correspond to the sum of the registered frames, and
the continuous lines correspond to the first frame of
sequence b.


