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Abstract. In this paper we compare similarity measures used for multi-modal
registration, and suggest an approach that combines those measures in a way
that the registration parameters are weighted according to the strength of each
measure. The measures used are: (1) cross correlation normalized, (2)
correlation coefficient, (3) correlation coefficient normalized, (4) the
Bhattacharyya coefficient, and (5) the mutual information index. The approach
is tested on fruit tree registration using multiple sensors (RGB and infra-red).
The combination method finds the optimal transformation parameters for each
new pair of images to be registered. The method uses a convex linear
combination of weighted similarity measures in its objective function. In the
future, we plan to use this methodology for an on-tree fruit recognition system
in the scope of robotic fruit picking
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sensor fusion

1 Introduction

Multi-modal image registration is a fundamental step preceding detection and
recognition in image processing pipelines used by the pattern recognition community.
This preprocessing stage concerns the comparison of two images —the base and
sensed images- acquired from the same scenario at different times or with different
sensors in a way that every point in one image has a corresponding point on the other
images, in order to align the images. This procedure has a broad use in the medical
field to obtain insights regarding bone structure (CT scans) or tissues softness (MR
scans), or to see the evolution of a patient based on images obtained over the years,
see [1][2][3] for reviews in this field. Other fields that relies on multi-modal image
registration preprocessing are remote sensing [4],[5], surveillance [6] and to mention
a few. Our main problem is the automatic registration of fruit trees images obtained



by multiple sensors. This is for the purpose of ultimately recognizing apples in a tree
canopy using visual and thermal infrared cameras. In this paper, the initial problem of
registering the fruit trees images by combining the images from different modalities is
addressed. According to the position of the cameras with regard to the scene, it can be
assumed that the transformation between images of different modalities are affine,
which means rotations, translations, scaling and shearing are allowed. In this context,
a standard image registration methodology called the correspondence problem
includes the following steps [7]: a) Feature detection, b) Feature matching, and c)
Transformation. Two approaches exist for feature detection step: a) Feature-based
methods and b) Area-based methods. We focus in the area-based methods. The main
representative in the area-based group was proposed by Viola and Wells [8] and is
called mutual information methods, however a second group commonly used are the
correlation-like methods [9].

A coarse-to-refined medical image registration method is presented in [10] by
combining mutual information with shape information of the images. In [11] a new
joint histogram estimation algorithm is proposed for computing mutual information to
register multi-temporal remote sensing images, and is compared to correlation-like
methods. Remotely sense image registration is addressed in [12] using the
maximization of MI on a limited search space range obtained from a differential
evolution strategy.

In this paper, an affine multi-modal registration method based on fusion and selection
of SM is proposed. First, the sensed image is cropped to a “patch” and matched to
areas in the base image. The best correspondence solution is achieved by maximizing
the SM over the registration parameters search space. Solutions obtained by the SM
are combined such that the mean squared error is minimized. We allow weighted use
of all the similarity methods combined or the selection of the best method per affine
parameter. Our approach is similar to [13] by adopting a combined methodology
between powerful similarity measures, however we extend their work to include
additional measures and to the affine registration scope.

The paper is organized as follows. A brief summary to mutual information and
other similarity measures is given in section 2. In section 3, the proposed method is
described in detail. Then we present experimental results in section 4, and finally
conclusions in Section 5.

2 Mutual Information and Similarity Measures

Template matching methods are based on computing a SM between rectangular
patches in an image pair. Corresponding patches between the two images are obtained
when the maximum of the correlation is achieved. We will deploy three of these
measures: cross correlation normalized (CC,), correlation coefficient (CC,), and
correlation coefficient normalized (CC;). The other two measures are histogram
based: the Bhattacharyya coefficient (BC) and the Mutual Information index (MI).
They rely on the joint/or and marginal histograms of the mutual areas. We denote V
as a set of SM methods indexed as u = 1,2,3,4,5 for BC, MI, CC,, CC, and CC;,
respectively.



2.1 Mutual Information (MI)

Let A, B be two random variables; let pa(a) and pg(b) be the marginal probability
distributions; and let pag(a,b) be the joint probability distribution

The degree of dependence between A and B can be obtained by their mutual
information (MI):
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Given that H(A) and H(B) are the entropy of A and B, respectively, then their joint
entropy is H(A,B); and H(AIB) and H(BIA) is the conditional entropy of A given B
and B given A, respectively. Then, the entropy can be described by:

I(AB)=H(A)+H(B)-H(AB) 2
=H(A)-H(AIB) 3)
=H(B)-H(BIA) 4)

In terms of the marginal and joint probabilities distribution:

H(A)==) p,(a)logp,(a) &)

H(AB)==) p(ab)logp,,(ab) (6)
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In the context of registration, A is the sensed and B the base (or reference) images,
and a and b are the grayscale value of the pixels in A and B, then the marginal and
joint distributions pa(a) , pe(b) and pap(a,b) can be obtained by the normalization of
the marginal and joint histograms of the overlapping areas in A and B. I(A,B) is
maximum when the overlapping areas in A and B are geometrically aligned.

2.2 Histogram comparison using the Bhattacharyya coefficient

In statistics, the Bhattacharyya distance measures the similarity of two discrete
probability distributions. This attribute can be used to measure the similarity between
two overlapping areas (A’ C A, B’ C B) in the sensed and base images.

BC(A’,B’) is maximum when the areas A’ and B’ are geometrically aligned.

BC(A',B' )= Y \[p.(a)py(b) )
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2.3 Correlation-like measures

Similarity measures (SM) are computed for pairs of overlapping areas between the
sensed and base images. The maximum of these measures indicates corresponding
areas. Let I; be the base image, I, be a patch in the sensed image with size (w ,h). Let
1,j be coordinates in the overlapping area, then

The cross correlation normalized is:
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Some of the limitations of the CC based methods are: a) they are not able to cope
with pairs of images where the sensed (template) and the base images differ by more
than slight rotation and scaling. b) they cannot represent the intensity dependence
between images from different modalities. Nevertheless, their simplicity and low time
complexity compared to the MI method makes them useful for real-time applications.

3 Methodology

3.1 Transformation

Given that we want to register two input images referred to as the, the base A and
the sensed B images from different modalities, and assuming that the scene presented
in A is totally contained in B we want to find a transformation based on rotations,
translations and isometric scaling that transforms every point in A to a point in B.
This means that there exists a geometric transformation T, defined by the registration
parameter o such that A(x,y) is related to B(X,y). The optimal parameter a* indicates
that the images A and B are correctly geometrically aligned.



In this paper, we have restricted T, to a 2D affine transformation. This is expressed
by the registration parameter vector a by including a scaling factor s, a rotation angle
0 (measured in degrees) and two translation distances t, and t, (measured in pixels).
Hence o=[aj,...., Gjj,..., 0,j] where oj=represents the it parameter for the jlh pair of
images (o,=s, 0,=0, a3=tx and ayj=t, for the jth pair of images to be registered).

Transformation of the coordinates P, and Py from the sensed image A to the base
image B is given by:

(Py—C, )=sR(6).(P,—C, )+t

R(H)Z[CO:Y(H) sm(H)] ;:{t’(] (12)
—sin(@) cos(8) ty

Where C, and Cy are the coordinates of the centers of the images, R(0) is the
rotation vector, and t is the translation vector.

Then, a SM based on measure m, tries to solve the registration problem by finding
the optimal registration parameter o* such that the m, is maximized:

a*=argmax m,(A,B,a) (13)

Solving (13) does not always result in an optimum registration parameter, and the
level of success in the registration depends on the capability of each SM to capture the
relationship between the mutual areas in the images. However, it is possible that some
SM’s are more suitable for a specific registration parameters than others. In this vein,
we try to find the best combination of SM’s such that the absolute error between the
optimal registration parameter and the observed one is minimized. The optimal
registration parameter can be found in advance by manual registration.

3.2 Algorithm

Preprocessing. Initially, a contrast-limited adaptive histogram equalization
algorithm is applied to the infra-red (IR) images to enhance their contrast. Secondly,
we crop the sensed image to make a patch that fully overlaps the base image. We
discard k=10% of each of the four sides around the IR images. This value was found
empirically. A smaller value may leave areas not overlapping, and a higher value may
leave out useful information and cause miss-registration.

Training. Given a training set of images S={(a;,b)),...... ,(am, by)} where pair (a;,
b;) represents the j™ pair of sensed and base images that need to be registered. Let
(Wa,h,) and (wy,hy) be the with and height for the sensed and base images respectively.
Let A and R be the parameter range for scaling and rotation respectively.

To register the images in the set S, follow the steps below:

1. For each sample pair of images (a;,b)) € S. Set k=0.
2. For each s=a, e A, scale a; by factor s,
3. For each 0= a,e @, rotate b; by 0,
4. For each coordinates a;=x € [0,...,w,-w,] and ay=y e [0,...,hy-h,]




5. Position the image a; such that it left top corner coincides with x,y.
6. Compute p,=m,(a;, bj, oy) for all p=1,...,V.
7. k=k+1,
8. End
9. End
10. End
11. Find oy, = arg max p
12. Set qu: aju
13. End

Algorithm 1. Registration Algorithm

This algorithm results in a matrix Q where the entries a;, are registration parameter
i, for the pair of images j, using the SM m,.. Given the true parameters obtained from
manual registration, we denote the error of registration as: , =, )
ij

i %
For a training set of size N, the root mean square error (RMS) for parameter i using

m, 18

n
RMS, =~ 3| *)°?
AN (Qy = 0y, ™) (14)
j=1,..N

Therefore we can suggest a combined SM, CM with weight vector

parameter i, such that the RMS of the new combined method is minimized for each
parameter of the registration vector. This is formulated in the following problem:

. 1 ;
MinZ =RMS,, =— Y@y w, -, . peV.ieU (15)
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The approach proposed above suggests that the each registration parameter can be
corrected by some weight such that the RMS is minimized. This implies that
indirectly we assign weights to each of the SM explored so they can ‘collaborate’
together towards an optimal registration. An alternative approach is the selective SM,
noted by LM, based on constraining (17) to integers only, such that the registration
parameters are only corrected by one SM, each time.

The equations (15-17) can be solved using different optimization methods; in this
work we used a pattern search method for linearly constrained minimization [15].

Testing. For the testing set of images S’={(a’;,b’)),...... J(a’m, b’'m)} where each
pair (a’j, b’;) of images is to be registered. Repeat the registration algorithm 1,
however after step 11 add the line: o, = o, . Wy




The values of wy; can be floating point or integers according to the LM or CM,
respectively. The testing performance is obtained using again the RMS measure over
the number of testing samples.

4 Experiments

This section presents a comparison in the performances of five SM’s in the context of
2D non-rigid registration using fruit tree images from different modalities: RGB and
IR. The performance measures are: MI, BC, CC;, CC, and CC; and two additional
indicators introduced in this paper: a combined (CM) and the selective (LM) methods.
The registration algorithm proposed was tested using 2 different datasets. Dataset 1
contains 28 pairs of color and infrared images captured from a 3-5 meters distance to
the fruit trees, while the images in Dataset 2 were 19 pairs, obtained from a 8-10
meters distance. We use manual registration as a “ground truth” reference to validate
the registration performance of the different SM for datasets 1 and 2. Table 1 lists the
input parameters and the range of the registration parameters.

Table 1. Input Parameters

Parameter Value
Wp,hy (RGB Width and Height) 2560, 1920
w,,h, IR Width and Height) 320, 240
Scale range (A) 6.8 7.2;8=0.05 | 5.2 5.6,5=0.05
Angle range () -3 2>3;8=0.5
Translation x range W/oy-w
Translation y range H/o,-h
Joint Histogram size (only for MI) 256 x 256

The images of datasets 1 and 2 were registered using the five SM’s: MI, BC, CC,,
CC, and CC;. In each case the direct search optimization approach was used with the
range of parameters in Table 1, and in the order (s, 6, t,, t,). Let a*:{s*, 0, tx*, ty*} be
the optimal parameters obtained from the manual registration and the registration
parameters error be Aa ={As, A, At,, At,}. Table 2 shows the MSE using both
datasets (N=47) together for each SM. Note, that the best translations were obtained
by the MI method, while cc, resulted in the best scale and rotation The minimum error
is highlighted in bold letters). As a comparative example, the performances of each
SM are illustrated in Figure 1, when registering the images (a;,b;) for j=1, for Dataset
1. Figure 1.(f) shows a close-up around the top right apple. The mutual information
method was able to keep the whole shape of the apple.

For this example, the joint probability of the pair of images was plotted, see Figure
2. The axes x,y are the coordinates on the overlap area using the base image axes.
The peak of the surface gives the solution for the MI method, where the second best is
the cc; measure.

A second experiment was conducted for validation purposes using the k-fold cross
validation method, where k=N. This time the new two measures were added to the
evaluation, LM and CM and were compared to MI.



Table 2. Registration error obtained over Dataset 142

Measure RMS
As AB Atx Aty
BC 0.605017| 4.384621| 62.97621] 83.14283
Ml 0.574475] 3.770517| 25.68827| 25.34178
CC, 0.59338| 4.276189| 59.82712| 72.52225
CC, 0.522892| 3.706814| 35.85383] 42.03153
CC, 0.524599| 3.726948| 36.03657] 43.02969

Figure 1. Comparison of the five SM for a pair of images: (a) BC, (b) ML (c) CCy, (d) CC,,
(e) CCs, (f) zoom-in in the top right apple for the last 4 methods. The top left which
corresponds to (b) resulted in the best registration.

The RMS obtained from all the sessions are presented in Table 3. The values of w;
were obtained from (15-18) using a pattern direct search method. The integer values
of w; were determined by selecting the w;* that minimized the training error in the
session, and later, the same value was used in the testing session.
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Figure 2. Mutual Information Search Function and best solutions for each method

Table 3. Registration error obtained over Dataset 142 using k-fold cross with k=47

™I I cM I ]
Train | Test | Train | Test | Train | Test
As 0.574 0.240 0.520 0.252 0.522 0.255
RMS A\] 3.762 1.777 3.758 1.807 3.697 2.042
Atx 25.681 15.381 24.037 16.719 25.681 15.381
Aty 25.322 13.013 24.479 15.451 25.322 13.013

The results show that the training performance for the combined measure CM was
better than MI and LM for training (except for the rotation parameter), with a
significance <0.05 using a two tailored t-test. When testing, MI showed better results
than the other SM however this was not statistically significant. This validation
suggests that for the cohort of image types tested the transformation parameters found
can not be generalized to register new images. It is recommended that new
registration parameters be obtained for each new pair of images using the CM
approach which finds the optimal SM weights.

4 Conclusions

In this work, we have presented a method of combining similarity measure of
alternative image registration methods for multi-modal images registration. The
measures used are: (1) cross correlation normalized, (2) correlation coefficient, (3)
correlation coefficient normalized (CC3), (4) the Bhattacharyya coefficient, and the
(5) the mutual information index. The registration parameters found are weighted
according to the strength of each measure to predict each type of parameter, the
combined approach. An alternative approach is to find the best similarity measure per
registration parameter.

We found that the combined approach performed statistically better than using
each measure individually or using mutual information for the training sessions.



However, during testing it was found that the prediction capability of the combination
and best similarity measure approaches are no better than that of using the mutual
information measure. Since the training results were statistically better for the
combination approach, which uses a convex linear combination of weighted similarity
measures. In the future, we plan to use this methodology for on-tree fruit recognition
system using multi-modal data, in the scope of robotic fruit picking.
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