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Abstract—In medical image registration, the quantification of
registration errors is important in deciding the capabilities of a
registration technique for a given problem, and/or for a given
pair of images. The most common approach is the geometrical
registration error called Target Registration Error (TRE) that
measures the distance between corresponding landmarks in the
target and registered images. However, finding sufficient number
of corresponding landmarks is not always possible in medical
images, and therefore, other measures such as, image similarity
measures and surface-based error metrics have been used in
quantification of registration errors. Surface-based error quan-
tification is more appropriate than intensity-based methods, but
the widely used surface-based Closest Point Registration Error
(CPRE) is known for under-estimating registration errors. In
this paper, we present a surface-based method for quantification
of registration errors using Matched Points Registration Error
(MPRE) by computing distances between “matched-points” on
segmented object surfaces in target and registered images. We
compared small rigid registration errors of tube-shaped and
closed surface objects quantified using MPRE with TRE and
CPRE, and showed that MPRE did not show a significant
difference from TRE and that CPRE was significantly lower
than both MPRE and TRE.

I. INTRODUCTION

Many medical image registration approaches have been used
in diagnostic and therapeutic applications [1], [2]. The goal
of registration is to find a geometrical transform that aligns
points in one image to corresponding points in another image
[3]. The quantification of registration accuracy is necessary to
determine whether a given registration system is adequate for
a given problem, or whether it has performed adequately for a
given pair of images [4]. The most common approach was
a geometrical registration error quantification metric called
Target Registration Error (TRE) that measures the Euclidean
distance between corresponding points in the target and the
registered structures. Quantifying registration error using TRE
is physically meaningful and closely related to the definition of
the registration [4]. TRE-based registration error analysis has
been widely used in evaluation of registration algorithms [5],
[6], [7], [8], [9]. However, finding sufficient number of corre-
sponding landmarks is not always possible in medical images
[10], [11], [12]. Therefore, other measures have been used
to quantify registration errors in medical image registration
approaches. Image similarity measures, such as correlation
coefficient, squared sum of intensity differences, and mutual
information, used in different applications [13], [14], [15]
cannot assess the accuracy of image registration alone, since

they are not related to the physical registration error. Therefore,
careful visual validation has been used in combination with
intensity-based measures in most application [16], [17], [15].
However, quantification of registration error using distances
between segmented surfaces, if available, is more appropriate
clinically than intensity-based measures [4], when sufficient
number of corresponding landmarks are unavailable to calcu-
late TRE [10], [18], [12], [11].

The distance between surfaces is widely defined by the
closest points distance between surfaces for registration error
quantification [18], [11]. This widely used Closest Points
Registration Error (CPRE) defines the registration error at a
given point on one surfaces as the distance from that point
to the closest point on the other surface [19], [18], [11]. In
calculating CPRE, the closest point on one surface is consid-
ered as the corresponding point on the other surface. However,
this relationship is not always true and therefore CPRE usu-
ally under-estimates registration errors [19]. Nanayakkara et.
al.used an alternative approach by calculating the distance be-
tween surfaces using “matched points” to quantify registration
errors in carotid images registration [10], [20].

In this paper, we present a method for quantification of
registration errors by computing distances between “matched
points” on segmented object surfaces in target and registered
images and demonstrate that Matched Points Registration
Error (MPRE) is applicable for quantifying registration error
in tube-shaped (e.g., carotid artery) or closed surfaces (e.g.
prostate). The proposed registration error metric was compared
with TRE and the closest distances between surfaces in
order to evaluate its applicability for quantification of rigid
registration errors using tube-shaped and closed objects.

II. METHODS

A. Matched Points Registration Error (MPRE)

Let T be the segmented target object surface and R be
the segmented surface of the registered object. Then, the dis-
tance between matched points are defined using 2D contours
resliced from 3D surfaces using N planes, denoted by Si for
i = 1, 2, . . . , N , which are selected differently for tube-shaped
and closed surfaces as shown in Fig. 1. Parallel planes, Si for
i = 1, 2, . . . , N , separated by an interval ds, were chosen
perpendicular to the approximate axis of the target surface
for tube-shaped surfaces. If a surface consists of multiple
branches, planes are taken on each branch separately to cover
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(a) (b)

Fig. 1. Plane selection for calculating MPRE. (a) Parallel planes, Si selected perpendicular to the target common axis, at a linear interval of ds, in every
branch of a tube-shaped structure and (b) radial planes, Si selected around the target axis, at an angular interval of θs, of a closed structure.

Fig. 2. Distance, mi,j between matched points, �pt,i,j on target and �pr,i,j on
registered surface, on plane Si. Matched points are defined at the intersection
of the target and registered surfaces and projection lTj and lRj from their
respective centers on the plane. Projections are taken at an angular interval
of θl.

all branches. Radial planes were selected for closed surfaces
about the axis of the target surface at an angular interval of
θs.

On each plane Si, the target and registered surfaces are
represented by two closed contours for both the tube-shaped
and the closed surfaces. Separate radial projections lTj and
lRj , for j = 1, 2, . . . ,M , in the same direction, from the
centers of the target and the registered surface contours
define the matched points, �pt,i,j = (xt,i,j , yt,i,j , zt,i,j) and
�pr,i,j = (xr,i,j , yr,i,j , zr,i,j) respectively at the intersections
of the projections and the corresponding contours as shown
in Fig. 2. The distance between the matched points, mi,j , on
plane Si and at projection direction j, is expressed in (1).
The projections lTj and lRj are taken at an angular interval
of θl. The distance between matched points generally vary
with position, similar to TRE. Thus, the mean of all distances
between matched points defines MPRE as in (2).

mi,j =‖ �pt,i,j − �pr,i,j ‖ (1)

MPRE =
1

MN

⎛
⎝ M∑

j=1

N∑
i=1

mi,j

⎞
⎠ (2)

B. Evaluating of MPRE

We used a 3D ultrasound images of a carotid artery as the
tube-shaped, and a prostates as the closed ellipsoidal object to
evaluate the suitability of MPRE as a metric for registration
error quantification. We used TRE as our gold standard, since
it is directly related to physical registration errors and has been
used widely to evaluate accuracy of medical image registration
applications [4], [9]. In addition, we calculated CPRE for these
images, and compared it with the proposed metric. We set the
values of parameters for MPRE calculation as, ds = 1mm,
which is the inter-slice distance usually used in carotid vessel
wall segmentation [21], and θs = 4o, which creates about
1.4mm distance between radial slices at the boundary of
prostates. We set the angle between the radial projections,
θl = 4o, to have a sufficient resolution of surface points for
the calculation.

Trained observers manually segmented the outer-wall
boundary of the carotid artery and the boundary of the prostate
in the ultrasound (US) images to use as the target surface T
of a tube-shaped and closed object respectively.

We defined a set of 40 simulated landmarks, ak, k =
1, 2, . . . , 40, by assigning uniformly distributed random points
in the region of interest (inside and around the surfaces), for
TRE calculations. These landmarks were transformed by a
known transformation to obtain the corresponding landmarks
on simulated registered images.

Let �ak = (xa
k, ya

k , za
k), k = 1, 2, . . . , Nk be markers defined

in the target image and �bk = (xb
k, yb

k, zb
k) be the corresponding

markers in the registered image. Then, the registration error
at the position of the marker k, dk is given by (3). Equation
(4) defines the TRE as the mean of registration errors at all
markers.

dk =‖ �ak −�bk ‖ (3)

TRE =
1

Nk

Nk∑
k=1

dk (4)

Let the target surface be a point set with NT points denoted
by �tu : T = {�tu} for u = 1, 2, . . . , NT , and the registered
surface be a point set with NR points denoted by �rv : R =
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{�rv} for v = 1, 2, . . . , NR. Then the distance, c(�tu, R) from
point �tu on the target surface, T , to the registered surface, R,
is given by (5). Equation (6) defines CPRE as the mean of
registration errors at all points �tu, u = 1, 2, . . . , NT .

c(�tu, R) = min
v∈[1,NR]

‖ �tu − �rv ‖ (5)

CPRE =
1

NT

NT∑
u=1

c(�tu, R) (6)

To compare the different error metrics, we first generated
a set of surfaces with small rigid misalignments with the
target surface simulating registered images with registration
errors. We kept the misalignments at small values since image
pairs with large differences are usually considered “failed” in
registration and therefore quantification of registration error is
not meaningful [4].

We introduced misalignments to the target surface, T , using
rigid transformations, Tw, w = 1, 2, . . . , 10 to produce a set of
10 registered surfaces with registration errors, for both carotid
and prostate surfaces separately. To obtain physiologically
meaningful misalignments, we defined the rotational param-
eters of the transformations by normally distributed rotation
angles about the x, y, z axes with mean=0o, and SD=15o for
both the carotid artery and the prostate. Similarly, we defined
the translation components in the x, y, z directions by a normal
distributions with mean=0mm, and SD=1.5mm for the carotid
artery image, and mean=0mm, and SD=5mm for the prostate
image.

We quantified the registration errors of each generated
surface to the target surface using MPRE and CPRE sepa-
rately. To calculate TRE, we transformed markers, ak, k =
1, 2, . . . , 40 using the corresponding rigid transformations, Tw,
to find the corresponding marker, bk, for the registered sur-
faces. We statistically compared MPRE, TRE, and CPRE using
one-way analysis of variance (one-way ANOVA, α = 0.05,
1−β = 0.8) followed by Tukey’s Honestly Significant Differ-
ence (HSD) test, to compare their performance in registration
error quantification.

Surface-based registration error quantifications are generally
insensitive to displacements parallel to the surfaces [4]. To
study directional dependencies of MPRE, we studied the
effects of misalignments in each of six rigid transformation
parameters separately. We varied rotation angles from −15o

to 15o in 3o intervals, and translations from −1.5mm to
1.5mm in 0.5mm intervals for the carotid artery, and from
−5mm to 5mm in 1mm intervals for the prostate, in the x, y,
and z directions. We changed only one rigid transformation
parameter at a time while keeping the others unchanged at
zero. Then, we calculated MPRE and compared it with CPRE
and TRE separately for all six rigid transformation parameters.

III. RESULTS

Fig. 3 shows average registration error values of all simu-
lated misalignments quantified using the three metrics for the
three carotid arteries and three prostate surfaces. CPRE was
statistically significantly lower than both TRE (P < 0.01)
and MPRE (P < 0.05), while MPRE was not statistically

(a) (b)

Fig. 3. Average registration error of all transformations quantified using
TRE, MPRE, and CPRE for (a) the carotid and (b) the prostate surfaces.
Error bars show standard deviations, and * indicates statistically significant
diference (P < 0.05).

TABLE I
COMPARISON OF MPRE, TRE AND CPRE FOR THE CAROTID ARTERY

AND PROSTATE IMAGES USING ONE-WAY ANOVA FOLLOWED BY

TUKEY’S HSD TEST, WHERE * INDICATES A STATISTICALLY SIGNIFICANT

DIFFERENCE (P < 0.05) IN REGISTRATION ERROR CALCULATED BY

CORRESPONDING METRICS.

Mean Difference (mm) P value 95% CI (mm)
Carotid:

TRE vs MPRE 0.61 P > 0.05 -0.90 to 2.1
TRE vs CPRE 2.2* P < 0.01 0.69 to 3.7
MPRE vs CPRE 1.6* P < 0.05 0.079 to 3.1

Prostate:
TRE vs MPRE 1.2 P > 0.05 -2.5 to 4.9
TRE vs CPRE 7.2* P < 0.001 3.5 to 11
MPRE vs CPRE 6.0* P < 0.01 2.3 to 9.7

significantly different from TRE. Table I shows results of
the comparison between different registration error quantifi-
cation methods analyzed using one-way ANOVA followed by
Tukey’s HSD test for carotid and prostate images. MPRE did
not show a significant difference to TRE, and CPRE under-
estimated registration errors significantly.

Fig. 4 and Fig. 5 show the registration errors as quantified
by the different metrics, when the rigid registration parameters
were changed individually, for the carotid artery and prostate
images respectively. For rotational changes in all directions,
MPRE estimated registration errors close to the gold stan-
dard TRE, but CPRE consistently under-estimated the errors.
For translations in the directions perpendicular to the axial
directions, both MPRE and TRE quantified registration errors
to be equal to the corresponding translation value, but CPRE
again under-estimated the errors. MPRE only failed to quantify
translational errors of the carotid artery along z-axis correctly,
but still performed better than CPRE.

IV. DISCUSSION AND CONCLUSIONS

Registration error quantification using TRE is closely re-
lated to the definition of the registration, and is also the most
commonly used method for validating registration applications
[4]. However, it is not always possible to find a sufficient num-
ber of landmarks in medical images and therefore segmented
surfaces have been used to quantify registration errors in some
applications [10], [18], [12], [11]. The widely used registration
error metric, CPRE, calculated using distance between closest
points, under-estimates registration errors [19]. In this paper
we presented a surface-based registration error quantification
metric, MPRE, calculated using the distance between matched
points, for tube-shaped and closed surfaces. MPRE quantified
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(a) (b) (c)

(d) (e) (f)

Fig. 4. Registration errors quantified by the different metrics for a carotid artery image in the presence of changes in individual rigid transformation
parameters; rotations about, (a) x-axis, (b) y-axis, (c) z-axis, and translations along, (d) x-axis, (e) y-axis, (f) z-axis. The common axis of the carotid artery
surface was along the z-axis.

(a) (b) (c)

(d) (e) (f)

Fig. 5. Registration errors quantified by the different metrics for a prostate image in the presence of changes in individual rigid transformation parameters;
rotations around, (a) x-axis, (b) y-axis, (c) z-axis, and translations along, (d) x-axis, (e) y-axis, (f) z-axis. The axis of the prostate surface was along the
z-axis.

registration errors close to the errors obtained from the TRE
metric for small rigid registration errors, when tested using
carotid arteries for tube-shaped structures and prostates for
closed objects.

MPRE quantified the translational errors accurately, similar

to TRE in all directions for closed objects and perpendicular to
the axial direction in tube-shaped objects. In the axial direc-
tion, MPRE quantified the translation errors less than TRE,
but it was marginally higher than CPRE, which quantified
translational error less than TRE in all three directions for both
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shapes. Lower translational error quantification of MPRE in
the axial direction can be expected since, MPRE was defined
in planes perpendicular to the axial direction (parallel to the
surface). For rotational errors, although MPRE underestimated
registration errors, the values were closer to TRE than CPRE,
which resulted in lowest values.

Matched point-based error quantification is currently limited
to tube-shaped and closed surface structures. Therefore, an
extension of matched points-based registration error quan-
tification to include other shapes, such as, open surfaces,
would be beneficial. Furthermore, it is useful to use this
matched points-based error quantification to develop a surface
registration technique similar to ICP, which uses the closest
points-based error quantification method.
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