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ABSTRACT

The freehand 3D ultrasound technique relies on position sensors attached to the probe to register the location of
each image to a 3D space. However, the imprecision of the position sensors reduces the reliability of estimated
image locations. In this paper, we propose a novel method to compute the positional uncertainty of an image
plane. First, we use rigid body point-based registration to compute the error produced by each pixel of the
image during the tracking. The Target Registration Error (TRE ) is used to compute the covariance matrix of
errors at each pixel position. This covariance matrix is then decomposed as a 3D orientation error, in the x, y
and z directions. Considering a volume around the image, we introduce the Image Plane Crossing Probability
(IPCP) to determine the probability that the plane passes through each voxel. The result is a point cloud
probability around the image plane, where each voxel contains the crossing probability and the contribution of
each direction of the error. Finally, a simple volume rendering technique is used to visualize the uncertainty of
the plane position. The results are validated in two steps. The first step is a Monte Carlo simulation to validate
the estimate of the TRE covariance for the tracking errors. The second step simulates TRE errors on a plane
and validates the associated positional uncertainty.
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1. INTRODUCTION

Using the freehand technique for 3D ultrasound image acquisition or surgical guidance is a common way to
overcome volume and cost limitations of 3D probes [1]. The freehand 3D ultrasound technique consists of tracking
the probe using position sensors during the acquisition. Each image’s position and orientation are recorded and
used to reconstruct the scanned 3D volume. Unfortunately, position sensors are subject to imprecision, which
may lead to errors during the reconstruction. These errors depend on the spatial configuration of the markers
and the distance d from the markers to the head of the probe (top of the image). Because sensors are placed at
a distance d, an error in tracking the orientation of the markers leads to a greater error for the position of the
image as the distance d increases. Moreover, this positional error may change over the image, i.e. the top of the
image is closer to the markers than the bottom of the image, and thus, positional errors in the bottom tend to
be greater.

In the freehand 3D ultrasound literature, tracking errors are typically ignored during the acquisition. Al-
though there is strong interest in how to estimate tracking errors [2–6], there is a lack of literature on how to use
them. A reasonable hypothesis is that by knowing the uncertainty for the image plane position in a 3D space,
freehand 3D ultrasound acquisition can be improved. This hypothesis relies on the user’s prior knowledge of the
ultrasound application task, such as the anatomy of the scanned organ, to reduce the uncertainty of the recon-
struction. In this context, we are interested in how this uncertainty affects pixels position along the ultrasound
image, and how to use tracking errors to represent to the user the uncertainty related to the image position
in a 3D space. In this paper, we represent the positional error of a pixel using the Target Registration Error
covariance matrix computed at this pixel location. The ultrasound image is considered as a plane in a 3D space.
The uncertainty is expressed as the likelihood that the plane passes through a neighbourhood of a location x,
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Figure 1: Example of 2D registration errors: a) fiducial localization error (FLE ) vector,
−−−→
FLE = (ex, ey) where ex

and ey are error values along the x and y axes respectively, b) fiducial registration error (FRE ) vector, the square

shows a closer view of the fiducial and
−−−→
FRE is the distance vector between fiducial before and after registration

and c) target registration error,
−−−→
TRE is the distance vector between a target before and after registration.

which we call the Image Plane Crossing Probability∗, and represents uncertainty of the image position at this
pixel position x.

The remainder of this paper is organized as follows. Section 2 presents previous work on tracking errors and
the method used to compute TRE at a pixel position. Section 3 describes the model to represent the uncertainty
and introduce the IPCP. Monte Carlo simulation results and discussion of tracking error estimation and IPCP
uncertainty visualization are presented in Section 4. Finally, conclusions and future work are given in Section 5.

2. TRACKING ERRORS

For the sake of clarity and without loss of generality, let us consider an optical tracking device. While tracking,
an optical position sensor performs a rigid body point-based registration of observed fiducial (markers) to a pre-
recorded model of their spatial configuration. Three types of errors associated to this rigid registration transform
are largely studied in the literature : (i) the Fiducial Localization Error (FLE ) which expresses the precision
of the tracking device; (ii) the Fiducial Registration Error (FRE ) which is the criterion minimized during the
registration and (iii) the Target Registration Error (TRE ) which is the same as FRE but computed on a target
different from the fiducials (see Figure 1 for an illustration). The TRE gives the error that occurs at a location
of interest, which makes it the most relevant of the three errors to define tracking errors.

TRE computed at a tool tip location depends on the distribution of the fiducial localization error (FLE ) of the
markers. The work of Fitzpatrick et al. [2] was the first to introduce a closed form method to estimate the TRE,
considering that the FLE is distributed as an isotropic Gaussian. Wiles et al. [3] followed the same formulation
and extended the model to use an anisotropic FLE distribution. This initiative stems from the fact that when
tracking motion with optical position sensor (camera), the error along the depth axis is 3 to 4 times greater than
the axes lying in the plane of the camera. This requires a model that accounts for the anisotropy of FLE. Later,
Danilchenko and Fitzpatrick [5] derived general expressions of the TRE and FRE covariance matrices using a
weighting matrix and a FLE following a Gaussian anisotropic distribution, then showed correlation relationship
between TRE and FRE. The weighting matrix is used to assign a reliability factor to each fiducial localization
error for the TRE estimation. This is useful in the case of occlusion while tracking. However, if the weights are
all set to one, the results are identical to [3]. In theory, to estimate the TRE, FLE must be known. However,
in practice, the FLE is not well modeled by tracking device manufacturer specifications and may even change
during acquisition. Wiles et al. [4] proposed an algorithm to estimate the FLE in real-time based on the FRE

∗In fact, the expression given by the IPCP expresses a likelihood rather than a probability in the strict sense of the
word. However, to emphasize its relationship with the Level Crossing Probability (LCP) field developed by Pöthkow et
al. [9], we use the expression “Image Plane Crossing Probability” to describe it.
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calculated on a portion of the acquisition sequence. Recently, Thompson et al. [6] improved the TRE estimation
model by taking into account the dependencies between fiducial markers.

All these works aim primarily at finding a good TRE estimate. This paper goes one step further and proposes
to use TRE estimates to express and visualize the uncertainty of ultrasound image positions. In the next part
of this section, we review the theoretical principles for TRE estimation. Since the purpose of this work is not to
improve TRE estimation, we simply use the method presented by Danilchenko et al. [5] for the simulations and
results presented in Section 4.

2.1 Computing the pixel target registration error

Let {xi}, i = 1, . . . , N be a set of N points representing the fiducial configuration recorded by the camera before
tracking. During tracking, the camera observes another configuration {yi}, i = 1, . . . , N , depending on the
position and orientation of the probe. We seek a rigid transformation, T , to map xi 7→ T (xi) = yi. Finding T
amounts to finding the rotation matrix R and translation vector t that minimize

rms(FRE)2 =
1

N

N∑
i=1

|Rxi + t− yi|2, (1)

where rms(.) denotes the root mean square value. The solution to find R is given by Schönemann [7] using a
singular value decomposition (SVD) as

ADBT = SVD(Y TX), and R = BAT , (2)

where X (resp. Y ) is a N × 3 stack matrix of the xi (resp. yi), for i = 1, . . . , N observations, and ADBT the
result of the SVD such that A and BT are 3× 3 orthogonal matrices and D a 3× 3 diagonal matrix.

We assume the FLE to be distributed according to a multivariate Gaussian, with zero mean and covariance
matrix ΣFLE . The diagonal entries of ΣFLE describe the variance (extent) of the error for each direction x, y and
z, while the off-diagonal entries describe the correlation between errors along these directions. The covariance
matrix ΣTRE can then be estimated at a target position r using the approach proposed by Wiles et al. [3]:

(ΣTRE(r))ij '

 (ΣFLE)ij
N

+

3∑
k 6=i

3∑
m6=j

rkrmΨ0

(Λ2
kk + Λ2

ii)(Λ
2
mm + Λ2

jj)

 , (3)

where

Ψ0 = Λ2
kkδkm(ΣFLE)ij − Λ2

kkδkj(ΣFLE)im − Λ2
iiδim(ΣFLE)kj + Λ2

iiδij(ΣFLE)km, (4)

UΛV T = SVD(X). (5)

and δij is the Kronecker delta such that

δij =

{
0 if i 6= j
1 if i = j

(6)

Note that ΣFLE and r are rotated into X’s principal axes, i.e. ΣFLEpa
= V TΣFLEV

T and rpa = V T r. However
for simplicity, we use the notation ΣFLE instead of ΣFLEpa

and r instead of rpa (we refer the reader to Wiles
et alii’s paper [3] for more details). The rotated space is used so that the 3× 3 TRE covariance matrix, ΣTRE,
expresses the distribution of error in each direction according to the principal axes of X, i.e the diagonal of ΣTRE

expresses the variance of error along the three eigenvectors of XTX. This characteristic is used in Section 3.1 to
build the positional uncertainty model. Finally, the expected value of the root mean squared value of the TRE,
rms(TRE), is computed as

rms(TRE(r))2 =

K∑
i=1

(ΣTRE(r))ii =trace(ΣTRE(r)), (7)
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where (ΣTRE(r))ij is the ijth element of ΣTRE(r). ΣTRE is computed for the NTRE pixels of the image
representing the image plane. Assuming the TRE follows a multivariate Gaussian distribution, we have for each
sample point

pi = p∗i + ei, i = 1 . . . NTRE , (8)

where p∗i is the true but unknown position of the plane at pi and ei ∼ N (0,ΣTRE(pi)) a random variable normally
distributed with zero mean and covariance matrix ΣTRE(pi).

3. IMAGE PLANE CROSSING PROBABILITY

Considering the TRE as a positional Gaussian perturbation of points in the image plane, the likelihood that this
plane crosses nearby voxels is computed. This quantifies the uncertainty of the plane position as given by the
position sensor. In the literature, positional uncertainty of structures, such as curves and surfaces, is typically
associated with a visualization method. Pauly et al. [8] proposed to calculate the uncertainty in point cloud
surface data and represent the likelihood that a point belongs to the surface using colormaps. A confidence
map was also proposed by the authors relying on the fact that a high surface curvature location generate a
high uncertainty. Pöthkow et al. [9] proposed a method to compute the probability of an iso-contour crossing
a segment between two points with normally distributed values, which they call the Level Crossing Probability
(LCP). Pfaffelmoser et al. [10] extended this work to provide a probabilistic rendering method based on ray
tracing. Here, we extend the LCP expression given by Pöthkow et al. [9] to an anisotropic error distribution and
use it to model the image plane position uncertainty in freehand 3D ultrasound.

3.1 Positional uncertainty model

Using optical tracking, we obtain a sequence of plane positions and orientations in 3D space. Suppose we have
estimated the TRE covariance matrix at each pixel position of the image plane using Eq. 3. We want to compute
a probability density expressing the likelihood that the image plane passes through each of a set of neighbouring
voxels. According to Pöthkow et al. [9], given two normal distributions Na ∼ N (µa,Σa), Nb ∼ N (µb,Σb)
sampled at two positions a and b, and an iso-value θ, we can estimate the probability of crossing level θ along
the segment [a, b] as

Pθ(x) =
1

2

(
1− erf

(
µ(x)− θ√

2σ(x)

))
, (9)

where erf(.) is the Gauss error function, x is the position along [a, b] and µ(x) and σ(x) are the interpolated
parameters of the Gaussian distributed point uncertainty at position x. Pθ(x) is the Level Crossing Probability
(LCP) and represents the probability that the iso-value θ lies at the position x along [a, b]. Let x be positioned at
a constant distance, d, from a. Computing Eq. 9 for variable θ leads to an estimate of the likelihood of different
iso-values to be at a distance d from a. We denote this likelihood by Px(θ). Let the iso-value θ represent the
distance d and x the reference position, so that the mean value of x is µx = 0. If we know the parameters of the
distribution, N (µx = 0,Σx), at point x, we can estimate the likelihood that x has position θ instead of position
0, which represents the positional uncertainty of the point x at a distance θ along one dimension.

Now, let us consider the iso-value† θ as a vector-valued position in 3D space, i.e. θ is a vector representing
the distance to the image plane along the plane’s local x, y and z coordinate axes. So, the plane is an iso-surface
and has value µ(x) = [0, 0, 0]T ,∀x lying on the plane. Here, for each iso-value vector θ, we want to estimate the
likelihood that the position x lies on the plane. In other words, we fix µ(x) and we walk through the iso-value
vectors θ to compute Px(θ). Considering the Mahalanobis distance in the error function of Eq. 9, we derive a
general expression which we call, with same abuse of terminology, the Image Plane Crossing Probability (IPCP)
for three-dimensional iso-surfaces:

Px(θ) =
1

2

(
1− erf

(
1√
2

[
(µ(x)− θ)TΣ−1(µ(x)− θ)

]1/2))
, (10)

†Note that bolded variables denote column vectors, whereas scalars and matrices are represented without boldface.
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where x and θ are three-dimensional position column vectors and Σ is a 3× 3 covariance matrix of the distribu-
tion‡. Here, Σ is the TRE covariance matrix, ΣTRE , obtained from the rigid body registration during the tracking
(see section 2). This model holds because the TRE has zero mean (set by the model, µ(x) = [0, 0, 0]T ) and its
covariance matrix is rotated to correspond with the local coordinate system of the plane (ΣFLEpa

= V TΣFLEV
T ,

as explained in Section 2.1). In our model, we set µ(x) = [0, 0, 0]T and we compute the likelihood that x inter-
sects the iso-surface of iso-value θ. If Px(θ) is high, x is more likely to have the iso-value of θ which does not
lie on the plane for θ 6= [0, 0, 0]T .

3.2 Directional decomposition

Considering a three dimensional space, it is useful to know which direction of the position tracking error causes the
uncertainty. Suppose we want to compute the amount of uncertainty caused by the ith principal axis direction
of the TRE at an iso-value distance ||µ(x) − θ|| from the plane, where ||.|| denotes the Euclidean distance.

Since µ(x) = [0, 0, 0]T , we have ||µ(x) − θ||2 =
∑3
j θ

2
j , where θj denotes the jth component of θ. In order to

decorrelate the three error directions and compute the contribution of the ith error direction, we decompose θ
along three axes, θi for i = 1, . . . , 3, such that

θij = ||θ||δij , (11)

where θij denotes the jth component of θi and δij is the Kronecker delta (Eq. 6). For example, if ||θ||2 = d,

then θ1 = [
√
d, 0, 0]T , θ2 = [0,

√
d, 0]T and θ3 = [0, 0,

√
d]T . Eq. 11 computes the likelihood that the x position

varies along the ith principal direction by a distance of ||θ||.
Considering this decomposition, the results are three positional probability densities (each one associated

with ith dimension of the iso-surface). Finally, we compute the surface crossing probability density for each
voxel in a volume around the image plane using Eq. 10. This leads to a volume where each voxel contains the
likelihood that the plane passes through it given the position variations of the ith component independently
from other components. To display this, we use a simple volume rendering procedure associating the transfer
function to Px(θ).

The total contribution of the ith directional axis to the global uncertainty can be calculated as a percentage
rate by summing over the volume all the Px(θi) associated with the ith axis then dividing by the overall
contribution of all the axes Px(θx) + Px(θy) + Px(θz). So, the percentage is given by

Perci(θ) =

∑
θ∈V olume Px(θi)∑

θ∈V olume
∑
j∈{x,y,z} Px(θj)

× 100%. (12)

Eq. 12 calculates the contribution of the uncertainty along the ith direction with respect to the total uncertainty.
Assuming the image moves rigidly, this result is useful to describe the overall directional error of the image plane.

4. RESULTS AND DISCUSSION

To evaluate our model, we proceed in two steps. First, we estimate ΣTRE in 100 simulations. Figure 2 shows
a flow chart describing one iteration of the simulation. One simulation consists of generating a random set of
n = 3, 4, 10, 20 fiducials normally distributed within a volume of 50mm × 70mm × 10mm for the x, y and z
directions, respectively. Then, the target positions are generated at 190mm from the centroid of the fiducials
in the y direction (to simulate a real ultrasound probe size, see Figure 3). Target points consist of a plane of
60mm × 130mm in the x and y directions, respectively. Then, fiducials and targets are rotated by an angle
between −30◦ and 30◦ about the x, y and z axes independently. For each pixel of the plane, the TRE is
estimated as described in section 2. To simulate the FLE, 1000 anisotropic perturbations are applied to the
marker positions. In each simulation, the FLE covariance matrix,

‡Eq. 10 can be generalized to K-dimensions using K-length vectors and K ×K covariance matrix.
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Figure 2: A flow chart describing one iter-
ation of the Monte Carlo simulation. The
marker configuration is generated randomly
within a volume of 50mm× 70mm× 10mm.
Then, image plane positions are generated at
a distance of 190mm from the centroid of the
markers. To simulate the TRE, a random
perturbation is applied to the marker posi-
tions and the the rigid-body registration is
used to calculate the TRE position accord-
ing to the perturbation. This is repeated for
N samples to have a simulation of TRE po-
sition. Finally, simulated TRE s are used to
compute the rms(TREsim).

Figure 3: Fiducial markers placed on a ultra-
sound probe. The volume size used in the
simulation matches the distances from the
fiducials to the probe tip.

ΣFLE =

1/11 0 0

0 1/11 0

0 0 9/11

,

is used (the same ΣFLE as used by Wiles et al. [3]). The mean and standard deviation of the root mean square
of the TRE, rms(TRE), are computed for each pixel in the simulated plane. Figure 4a shows both estimated
and simulated results, respectively rms(TREest) and rms(TREsim), computed at the centre of the image. We
clearly observe an overestimation of the TRE, and this is because Eq. 3 estimates the TRE with equal FLE for
all fiducials. We can improve TRE estimation by re-estimating and adjusting the FLE covariance matrix in real
time [4]. Moreover, fiducial localization errors are assumed to be independent, which might not really be the
case since the markers are rigidly attached together. Since the goal of this paper is not to provide a better TRE
estimation, the interested reader is referred to the work of Thompson et al. [6] that addresses this issue.

For more validation, Figure 4b shows rms(TRE) results and the standard deviation of rms(TREsim) computed
along the image plane. All rms(TREest) of a plane clearly lie within one standard deviation of rms(TREsim).
We also observe the propagation of the error while moving farther from fiducials’ centroid described by Wiles
et al. [4]. Indeed, the farther the position is from the fiducials’ centroid (which is near −190mm on the y axis),
the larger the error is. This phenomenon describes the angular error for registration which is amplified with
distance, due to the mislocalization of fiducial positions.

In the second step, the Image Plane Crossing Probability IPCP (Eq. 10) is computed at each voxel in the
neighbourhood§ of the image plane and the results are displayed using a volume rendering method. Two datasets
of TRE covariance matrices were used for the simulation. The first dataset was obtained in step one. In Figure
4c, the IPCP shows a low uncertainty in the location of the image plane (likelihoods associated with voxels
near the plane are small) near the fiducials’ centroid and increase smoothly toward the bottom of the image,

§We use a neighbourhood volume size of 60mm× 190mm× 12mm which is the size of the image with a thickness of
6mm from each side of the image plane.

Proc. of SPIE Vol. 9036  90361H-6



Trials

-a-

..

PP
,C-

- d-

p fOD

0.5

0.4

0.3

0.2

0.1

TRE estimated
TRE simulated
standard deviation

158

so

,0

100

Y

-b-
0

-e-

so

X

0.5

0.4

0.3

0.2

0.1

-c -

,0

x

0.5

0.4

0.3

0.2

0.1

0.5

0.4

0.3

0.2

0.1

Figure 4: Monte Carlo simulation : a)rms(TREest) (blue) and rms(TREsim) (red) computed at the centroid of
the image for the 100 simulations. b) rms(TREest) (blue) and rms(TREsim) (red) and the standard deviation
of rms(TREsim) (green) computed on image pixels in the first simulation step. rms(TREest) lies within the
standard deviation for all image pixels. c) IPCP displayed for the first simulation step using estimated ΣTRE .
The likelihood varies smoothly over the image plane and increases with distance from the fiducials’ centroid
(Percx(θ) = 41.75%, Percy(θ) = 25.86% and Percz(θ) = 32.4%). d-f) IPCP decomposition where (d) represents
Percx(θ), (e) represents Percy(θ) and (f ) represents Percz(θ). We can see that the IPCP for both the x and z
axes are high as expected. However, the IPCP is not constant over the image: the farther the point is from the
fiducials’ centroid the higher IPCP is away from the estimated image location.

this describes the angular error propagation shown in Figure 4b. Then, the IPCP is decomposed into its three
principal axes. The results are shown in Figure 4d-f which visualizes the impact of each principal direction of
the error computed in the first step of the simulation. The visualization is represented by three volumes showing
the impact of the principal axes x, y and z on the image plane uncertainty. However, the interpretation of these
volumes is not straightforward. The decomposition provided by Eq. 11 gives only the magnitude of the positional
uncertainty at pixel x along a given direction. In Figure 4d, a large uncertainty leads to a thick uncertainty
volume. However, a pixel p with a large uncertainty will not move within the thickness of this volume (along the
normal to the plane). Rather, the likelihood is high for a given pixel p to move along the x axis direction at a
given location, where the direction of x, y and z axes are given by the eigenvectors of the covariance matrix in
Eq. 3. Different visualization approaches could be investigated in future work to reduce this confusion.

The uncertainty decomposition is better illustrated by the second dataset, which consists of synthetic pixel
TRE s generated with known error location. The synthetic TRE s are generated considering three areas Ai, i ∈
{x, y, z} (Figure 5a) as follows: Ax covers 1/6 of the image (17%) and has moderate TRE with high anisotropy
along the x axis, Ay covers 1/3 of the image (33%) and has large TRE with high anisotropy along the y axis
and Az covers 1/2 of the image (50%) and has small TRE with anisotropy along the z axis.

ΣTRE(Ax) =

10 0 0

0 1 0

0 0 1

 , ΣTRE(Ay) =

10 0 0

0 100 0

0 0 10

 , ΣTRE(Az) =

0.1 0 0

0 0.1 0

0 0 1

 ,
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Figure 5: Decomposition of IPCP : a) Image area breakdown for synthetic TRE generation : ΣTRE(Ax = 17%) =
diag(10, 1, 1), ΣTRE(Ax = 33%) = diag(10, 100, 10) and ΣTRE(Ax = 50%) = diag(0.1, 0.1, 1). b) IPCP displayed
for second simulation step using ΣTRE simulated with known errors, the likelihood is related to the ΣTRE scale
(Percx(θ) = 28.19%, Percy(θ) = 44.24% and Percz(θ) = 27.57%).

This dataset is not realistic because of the abrupt changes of the TRE between the areas. However, it does
illustrate the effect of the size of the TRE and surface area on the contribution of each direction of the error
to the global uncertainty (results are shown in Figure 5b). Even if Ay < Az, we see that the contribution of
Percy(θ) > Percz(θ). This is because ΣTRE(Ay) is larger than ΣTRE(Az). Thus, in this example, proportional
errors along the y axis cause more uncertainty than errors along the z axis in the image. The spatially decomposed
contribution results provide information about the anisotropy of the TRE distributed all over the image. This
indicates the direction of the uncertainty in image plane position. Nevertheless, since the image is a rigid body, we
can assume that all pixels of the plane move rigidly. With that assumption, we can interpret the decomposition
percentage result for each direction i of Perci(θ), with i = {x, y, z}, as the global impact of uncertainty of the
image along the ith axis. If the image pixels show a high positional uncertainty due to a large TRE, then, the
IPCP directional decomposition can be used to measure how much each of the principal axes contributes to
uncertainty in terms of a percentage.

5. CONCLUSION

We presented a method to estimate the uncertainty of the image position in freehand 3D ultrasound acquisition.
First, the marker positions are used to estimate the TRE at the pixel positions of the ultrasound image. Then,
the TRE estimates are used to compute the Image Plane Crossing Probability (IPCP), which represents the
likelihood that the image plane passes through a neighbouring voxel positions. As a result, likelihood volumes,
associated with error directions, are displayed with a straightforward volume rendering method. The IPCP
can be decomposed along the plane’s principal axes. The percentage of contribution of each direction to the
global uncertainty can be computed and displayed. Finally a Monte Carlo simulation is used to generate and
visualize the results for an ultrasound tracking error situation. The uncertainty of the image position varies
according to the variation of the TRE over the image. However, one may replace the error source TRE by
other information. Indeed, if we have information about the distribution of errors on surface points, Px(θ)
can represent the positional uncertainty of a surface in its neighbouring volume, for example in 2D and 3D
segmentation or surface reconstruction.

The positional uncertainty model presented in this paper shows encouraging preliminary results. Future
work will involve improvement of the visualization method. Indeed the current volume rendering is somewhat
confusing when interpreting the resulted volumes of the decomposition. Thus, a visualization method more
specific to this case would be helpful. Moreover, since our method is based on TRE estimation, improvement
of the latter will give more accurate results for the uncertainty. Finally, the image is a rigid body, but pixel
positional uncertainties change according to the position in the image. Therefore, it would be interesting to
estimate a global position displacement of the image using the IPCP.
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