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1. INTRODUCTION

Image registration is an important field in image processing. It consists in aligning two images
according to an identified transformation. In medical imaging, the registration of images from different
modalities is often classified as multimodal. These images can be enhanced [1, 2] and then used for
registration. When changes or motions in images are limited to global rotations and translations the registration
is called rigid and when motions include complex local variations the registration called non-rigid.

Intensity-based registration is used to find the optimal geometric transformation which maximizes
the correspondences between images. This correspondence can be measured using intensity-based similarity
measures. In the literature, a variety of intensity-based similarity measures exist [3, 4]. They can be classified
into mono-modal and multi-modal measures depending on image intensity relations and characteristics. This
paper focuses on intensity-based registration using multi-modality similarity measures which are often
considered as solved problems using Mutual Information but are still subject to difficulties requiring active
further research.

Registration of medical images tends to find the optimal geometric transformation by optimizing a
criterion function over multiple optimization steps. In each step, the transformation is altered and the
criterion function is recomputed. The process is stopped when the criterion function reaches its optimum
value. The criterion function comprises similarity measures used to evaluate the quality of the image match.
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Mutual information (MI) is the most widely used multi-modal similarity measure [5-7]. It is a statistical
measure that evaluates joint intensity distribution. Although it was proposed 25 years ago, it is still
considered optimal and selected for the vast majority of multi-modality image registration algorithms [8-10].
The weakness of mutual information as a similarity measure is its high computational cost.

To reduce the registration computation cost parallel processing techniques can be used. These
techniques try to parallelize the implementation of existing image registration algorithms without optimizing
their core implementation [11-14]. Recent studies have also demonstrated that deep learning methods,
notably convolutional neural networks (ConvNets), can be used for addressing challenging image registration
problems [15, 16]. These studies can be classified into two main research areas: transformation estimation
and similarity estimation. Although deep learning constitutes a famous and promising technique for image
registration, it still faces some challenges including the lack of a robust similarity measure for multimodal
applications, the lack of large datasets, the difficulty in obtaining segmentation and ground truth registrations [17].

There exist also other weaknesses of mutual information which is not so evident and may be
common to many multimodality similarity measures. It resides in the presumption that a higher value of
similarity corresponds to lower alignment error. This presumption is not correct and reflects in reducing the
quality of the image match [18]. In reality, when a geometric transformation T is searched based on
optimizing a similarity measure, the alignment error between the registered image and the reference image
may not be the lowest at the optimized similarity value but near to it. Moreover, this alignment error could
differ based on the similarity measure used. As an alternative, deep metrics were proposed [19-21], however
the problem of precision remains the same. Therefore, there is an important need for searching alternative
multi-modality similarity measures that counter this weakness.

To tackle these problems, an alternative approach called point similarity measures (PSM) was
proposed in 2003 [22] but has never reached wide attention of the image registration community. It uses
constant image intensity dependence estimates called point similarity function (PSF) during the registration
optimization steps which contributes in reducing similarity computation time. Moreover, PSM can enhance
greatly the quality of the image match if PSF is computed at the correct image alignment. In this paper, we
will show the potential of using PSM for enhancing the quality of image match while leaving its potential in
reducing computation time for another paper. We will illustrate the advantages of this method for conventional
image registration approaches and stimulate its use in modern artificial intelligence based solutions.

In this paper, we will first demonstrate that the best image match is not always obtained at the
highest value of MI or PSM. We will compare alignment errors of images from different modalities using Ml
similarity measure and PSM derived from MI. We will prove then that PSM with an optimal choice of PSF
can reduce the alignment error even more than using Mutual information. The remainder of this paper is
organized as: section 2 presents point similarity measures and how it can be applied to compute image
similarity. Section 3 shows a comparative study between MI and PSM in registering medical images. Section
4 and 5 present discussions and conclusions.

2. POINT SIMILARITY MEASURES

Measuring similarity using point similarity measures consists of two steps. The first step computes a
point similarity function (PSF) f (i) which is an estimate of the intensity dependence between two images A
and B. The second step uses the point similarity function f(i) to provide actual measurement of similarity
between images A and B.

2.1. Computing PSF

PSF can be derived from almost any intensity-based similarity measure. Mutual information (M) is
one of these intensity-based similarity measures. In this paper, we will derive PSF from Mutual Information
similarity measure. M1 can be computed as (1).

_ : p()
M1 = 3p(Hlog (B2) 1)
where i=[ia,ig] is an intensity pair corresponding to image intensities in images A and B at position of voxel
v, p(ia) and p(ig) are marginal intensity probabilities and p(i)=p(ia, ig) is the joint intensity probability,
estimated from the images. To illustrate how PSF can be computed, imagine two simple images A and B of
size (6*6 where each cell represents one pixel) representing the same object as shown in Figure 1. Images A
and B consists of only two intensity color values. In Image A, intensity of light pixels is represented by i1a
whereas dark pixels are represented by i>a. Similarly, intensity of light pixels in image B is represented iig
and iz for dark pixels. The joint histogram of these two images is depicted in Table 1(a). As we can see, this
joint histogram consists only of two non-zero values at intensity pairs [i1a, i1g] and [i2a, i2g] because intensity
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regions in images A and B perfectly overlap. On the other hand, when images do not overlap exactly as
shown in Figure 2, additional intensity pairs appear ([i1a, izs] and/or [i2a, i18]). The values at intensity pairs
depend on the size of overlapping regions. The joint histogram corresponding to these two images is shown
in Table 2(a).

The joint distribution can now be estimated by dividing the values in the joint histogram by the
number of voxels which equals in our case to 6*6=36 voxels. Tables 1(b) and 2(b) show respectively the
joint distributions corresponding to the perfectly and not perfectly aligned images. Having now the joint
distribution, MI could be computed using (1). MI has a high computational cost since it requires to be
computed in each optimization. The algorithm continues looping until the optimum value of the criterion
function is found. Computing MI in each optimization step induces computing the joint histogram, the joint
distribution then calling the log function. Consequently, this contributes to increase M|l computational cost.

|
L[ I]
(A) (B) (A) (B)
Figure 1. Images A and B perfectly aligned Figure 2. Images A and B misaligned

Table 1. Perfectly aligned images (a) joint histogram, and (b) joint distribution

l1ia 124 l1a 124

i 0 6 i 0 0.166
ilB 30 O ilg 0833 O
(a) (b)

Table 2. Misaligned images (a) joint histogram, and (b) joint distribution

lia l2a lia 122

iz 2 4 e 005 011
ise 28 2 s 077 005
(@) (b)

To reduce this cost, PSM relies instead on using PSF computed once at the beginning of the
registration process. PSF represents an estimate of the intensity dependence between reference and moving
images measured for each intensity pair i = [ia, ig] using (2).

N p()
finr () = log (-50—) 2
when these similarities are grouped in one table, they form what we call point similarity function (PSF).
Table 3 shows respectively PSF for the images perfectly and not perfectly aligned. To show how PSF is
computed practically, let us consider the case where images are perfectly aligned. Here, a problem arises
when applying (2) to compute PSF for intensity pairs (i1a, i28) and (i2a, i1g) that have 0 values in the joint
histogram Table 1(a). To avoid having such computation errors (i.e. log(0)) an ¢ could be added to each cell
to have an updated joint histogram. Here we added +1 for each value in the joint histogram Table 4(a).

Using now the new joint histogram and (2), similarity for intensity pair [iia, i1g] can be computed,
for example, as (3).

— p(i1ai1B) \ _ 0775\ _
fn = log ([EHES) = log <ﬂ ﬂ) = 0.109 3)

36 36
The computation of other intensity pairs follows the same principle.

The global similarity measure MI based on PSF Table 3 can be computed for the perfectly and not
perfectly aligned images using (4).
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MI = 55N, X fur () (4)

where N is the total number of voxels in the image and i represents intensity pairs.

Using (4), the similarity between perfectly aligned images is then: MI11=[(31x0.109)+(7x1.84)+(1x-
1.714)+(1x-1.714)]/40=0.32 and for not aligned images MI,=[(28x0.113)+(4%1.386)+(2x-1.02)+(2%-
1.02)]/36=0.12856. We notice that Ml is greater than Ml,, which is expected.

2.2. Registration based on PSM

The advantage of using point similarity measures in image registration is that PSF can be computed
once and used for all further similarity measurements. For instance, let's suppose initially that images A and
B are not perfectly aligned as shown in Figure 2. To start the registration process using point similarity
measures, we need first to compute the joint histogram Table 2(a) then PSF Table 3(b). The initial similarity
between images using PSM is the same as it was computed previously and equals to 0.12856. Suppose now
that the registration process has led to a transformation T that transformed image B in Figure 2 to image B in
Figure 1. To compute the similarity using point similarity measure, we just need to compute the new joint
histogram between the image A in Figure 2 and image B in Figure 1 and use the already computed PSF Table
4(b). The joint histogram was calculated and presented in Table 1(a). Now, using (4), the global similarity
between image A and image T(B) can then be computed as: MI=[N(i1a, i18)*fmi(i1a, 118)+N(i1a, i28)%xfmi(ira,
i28) + N(iza, 118)%Xfmi(iza, 118) + N(i2a, i28)X%fmi(i2a, i28)]/36=(30%0.113 + 0x-1.02+0x-1.02 + 6x1.386)/36 =
0.3251.

We can see clearly that the new value of point similarity measure is higher than the initial value
measured before starting registration. This reflects a real situation since the obtained transformed image is
perfectly aligned with the reference image which means a higher similarity value is expected. On the other
hand, if the transformation led to a more image misalignment as shown in Figure 3. This will be reflected by
the value of the global similarity MI. In Figure 3, there is two-thirds misalignment with the reference image
A and the joint histogram corresponding to this situation is shown in Table 5. The global similarity Ml
between image A and image T(B) can then be computed as: MI=[N(i1a, i18)%Xfmi(i1a, i18)+N(i1a, i28)Xfmi(i1a,
i23)+N(i2A, ilg)xfwu(iZA, i13)+N(i2A, iZB)XfM|(i2A, |23)]/36:(26X0113+4X-102+4X-102+2X1386)/36:-0068
The obtained MI value is lower than the initial similarity value (0.12856) computed at the beginning of the
registration process and this confirms the misalignment.

T(B)

Figure 3. Image misaligned due to bad registration

Table 3. Computing PSF (a) for correctly, (b) for not correctly aligned images

l1a 124 l1a 12a

e -L714 184 e 102 1386
s 0109  -1714 s 0113 -1.02
(@) (b)

Table 4. Computing PSF (a) Joint histogram and (b) joint distribution for perfectly aligned images updated to avoid
computation errors
ilA iZA ilA iZA

2 1 7 e 0025 0175
g 31 1 i, 0775  0.025
(@) (b)

Table 5. Joint histogram for a one-third aligned images
ilA i2A

i 4 2
i1g 26 4
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3. TESTING ON MEDICAL IMAGES

To evaluate point similarity measures, a comparative study was performed between the widely used
similarity measure mutual information (MI) and point similarity measure (PSM). The CT and MRI training
dataset in VVanderbilt database from the retrospective image registration evaluation (RIRE) Project were used
[23]. This training dataset has five images such as CT (512x512x29), MR-T1 (256x256x25), MR-T2
(256x256%25), MR-PD (256x256x25) and PET (128x128x15).

The advantage of using RIRE training dataset in these experiments is that the correct transformation T
that allows perfect image alignment is known. Therefore, when aligning a moving image B to a reference
image A by applying the given transformation and then measuring the similarity between T(B) and A, we
should expect to have the highest value of similarity based on MI or PSM. Moreover, if we alter a translation
parameter (d) of the rigid transformation T by a small value +/-d in positive or negative directions, and we
recompute similarity we should expect to have lower similarity values than those obtained using T. In this
experiment, we are going to test this hypothesis to check its correctness and if proved it shows optimality of
the similarity measures.

In the first experiment, we used MI as a similarity measure to determine the translation distance d
from T where MI reaches its highest value. We have computed this translation on 12 image modality pairs
each in all three spatial-directions. For each image pair, we started by altering the correct transformation T by
translating the image in one direction of the three-dimensional space by a small step value 0.01 mm and
within a predefined range (i.e. -5 to 5 mm). Then for each translation d, the similarity is computed using MI.
The translation that gives the highest similarity value is then recorded. Figure 4 shows a graph of the MI-
based similarity values computed using translations ranging around the correct image alignment for one
image pair (T1-CT). In this Figure, we can see how the value of Ml increases from a minimum value at T-
5mm to reach a maximum value then it decreases again. An important thing to notice on the graph is that the
maximum similarity value is not obtained at the correct image alignment (T) but near to it (at T+0.41 mm).
We performed then the same experiment on all image pairs. Table 6, column MI, shows the translations (d)
that gave the highest similarity values for all image pairs. All these translations range around the correct
image alignment except in one case (T2-CT rectified). This means that the presumption stating that always
the best match is where MI has its highest value is not accurate and leads to some registration error.
Therefore, there is a need to find reasons for this error and methods to reduce it.

066 |
064 |
062 |
08 [
058 |

0.56 |

% -4 -2 o 041 2 4 [

Figure 4. MI similarity values computed within the range T+/-d. The highest similarity value not located at
the correct alignment T

In the second experiment, we used PSM based on MI as a similarity measure. As we mentioned in
section 2, PSM starts first by computing PSF at the beginning of the registration process and then used in all
the upcoming translations. In this experiment, we tested PSM with PSFs computed at nine different
translations (i.e. 0, +/-1, +/-2 mm, +/-5 mm and +/-10 mm). For each PSF, we computed the similarity values
with respect to translations and found the translation where similarity has its highest value as we did in the
first experiment. We have tested PSM on the same 12 image modality pairs each in all three spatial-
directions. The idea is to compare the translations obtained using PSM with those obtained using MI. Table 6
shows also the translation where the similarity reaches its maximum using PSM computed based on nine
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different PSFs. The bold values in the table represent PSM performing better than Ml and the underlined
values represent the smallest translations.

It is clear first that the highest value of similarity using PSM is not always obtained at the correct
match (i.e., d=0). Another interesting observation is that PSM based on MI, when PSF is obtained from the
correct image alignment, is always at least the same or better than MI. Moreover, the best results (underlined
values) are obtained when PSF is computed somewhere in the vicinity of the correct image alignment.

4. RESULTS AND DISCUSSION

The results of the experiments prove clearly that the minimum alignment error is not always where
the similarity value is maximal. The results show also that PSM performs better than standard Ml in some
cases whenever the PSF is computed at the correct image alignment. Moreover, we can analyze the
performance of similarity measure with respect to misalignment at which PSF is computed, and we can see
that the best result is always when PSF is computed near to the perfect alignment (see underlined values in
Table 6). For instance, the registration case T1-CT in direction x has the minimum alignment error obtained
using a PSF computed at -1 mm. Similarly, the registration case T2-CT in direction 1 has the minimum
alignment error obtained using a PSF computed at perfect alignment 0 mm. This suggests that we should
always compute PSF close to the correct image alignment. But unfortunately, to register the images, the
correct image alignment is not known. However, if we compute PSF at highly misaligned images (see +/-10
mm in Table 6), we still get the maximum close to the correct image alignment. Therefore, if we registered
the image using PSF at misaligned images to get an approximately registered image, then we recompute PSF
based on the newly registered image and restart the registration, we can expect registration improvement
compared to using standard MI. Moreover, machine-learning techniques could be used to predict the best
PSF for high quality image match similarly to the way they have been used for detecting anomalies and
diseases from medical images [24-26].

Table 6. Displacement of the maxima from the correct image alignment for PSM
Ref-mov image Direction MI PSM [PSF-D]
-10 -5 2 -1 0 1 2 5 10

X 041 056 052 043 035 036 049 051 055 058
Y 052 -092 -095 -096 -0.73 -0.34 -0.02 -004 -0.27 -0.49
z 012 -157 -132 -068 -043 012 020 054 166 1.33
X 055 061 058 055 049 049 062 064 063 066
Y 011 -032 -030 -023 -024 006 039 043 041 0.04
z 070 -1.68 023 016 036 052 070 086 114 114
X 035 043 038 032 026 030 042 042 044 047
Y -0.26 -053 -068 -068 -053 -019 008 013 042 034
z 087 -1.14 076 -020 020 056 085 111 169 188
X -016 -003 -011 -018 -023 -0.14 -0.06 -0.10 -0.06 0.0
Y 063 -083 -082 -079 -070 -050 -0.42 -047 -047 -0.53
z 096 -0.72 -053 -012 021 057 093 125 184 199
X 000 005 003 -006 -0.10 000 009 007 007 012
Y -0.18 -088 -067 -042 -035 -014 -003 -010 -021 -0.44
z 115 -168 -053 016 055 088 111 127 152 153
X 007 018 014 006 001 007 015 013 016 0.19
PD-rectified-CT Y 020 018 -044 -037 -035 -016 001 -001 -0.05 -0.26
PD-rectified-CT z 033 -057 -058 -026 -011 018 050 081 163 190
T1-PET X 070 050 -483 -189 -091 003 096 191 477 070
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5. CONCLUSION

In this paper, we demonstrated that the traditional registration process assuming that whenever a
similarity measure reaches its highest value, this corresponds to the best match is not always valid. This was
done by analyzing the performance of two similarity measures, the popular and widely used Mutual
Information and our proposed point similarity measure. None of MI and PSM has their highest values at the
best match. However, PSM has shown better performance when PSF matches the correct intensity
dependence between images. So, the first contribution of this paper is to show that there is still a potential for
further research in this field as Ml is not always the best choice for similarity measure in image registration.
The second contribution is to present the potential of point similarity measures in image registration and how
registration errors could be reduced using correct PSFs.

Correct PSF is the key for high-quality image registration. So, future work will concentrate on
proposing techniques to compute the best PSF. Machine learning techniques will be used to learn from prior
registration results to predict the best PSF for high-quality image match.
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