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        Abstract 
A high accuracy medical image registration is needed to achieve an 

efficient medical diagnosis and computer aided surgeries, so that a novel 

region based medical image registration approach is presented in this 

paper. This approach consists of four sequential steps, image segmentation, 

point correspondence using a modified artificial immune system, point 

selection and finally LMS technique is used to estimate the warp parameters. 

The proposed approach provides a high accuracy and it doesn’t require any 
additional treatment or feature extraction as some other methods do. To 

demonstrate the effectiveness of the proposed approach it tested for many 

image pairs and it is compared with many registration algorithms such 

aspoint-based image registration using an artificial immune system 

(AIS),ICP and RANSAC algorithms. 
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1. Introduction 

In the recently years, image registration is used widely in medical diagnostic and 

medical surgeries, there are a lot of registration methods, these methods can be 

classified into two categories; intensity-based and feature-based. The registration 

process consists of two basic steps. The first is to determine the similarity (fitness) 

function, the choice of an image similarity measure depends on the modality of the 

images to be registered, common examples of image similarity measures include cross-

correlation [1], mutual information, sum of squared intensity differences. The second 

step is to solve the registration model, there are many common minimization strategies 

have been applied to image registration problems, such as exhaustive search, gradient 

descent [2], simulated annealing and genetic algorithm (GA) [3].  

For its accuracy, GA algorithms have special interest in this context. Janko et al. [4] 

presented a successful application of GA to the registration of uncelebrated optimal 

images. F. L. Seixaset. et. al. [5] proposed image registration using genetic algorithm, 

in this work the point matching problem was addressed employing a method based on 

nearest neighbour however, this paper not evaluating the GA considering a real-world 

application. K. K. Delibasis  et. al [6] proposed automatic point correspondence using 

an artificial immune system optimization technique for medical image registration, in 

this paper a modified mutation formula based on an uniform distribution was used. F.  

Ye et. al [7] proposed two step image registration by artificial immune system and 

chamfer matching, in this paper the artificial immune system has been used to find an 
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initial transformation where the edge distance used as a fitness function  then an area 

based method has been used to refine the transformation estimation. 

Traditional optimization methods are easy to fail being trapped in one of the local 

minima so a global optimization technique is often required, the artificial immune 

systems are used for function optimization, the clonal selection and affinity mutation 

principles are used to explain how the immune systems perform the optimization 

process. There are many artificial immune systems were published in the context. An 

immune algorithm, named CLONALG, was developed to perform pattern recognition 

and optimization. De Castro and J. Timmis proposed opti-aiNet for multimodal 

function optimization [8]. This algorithm is used in our registration approach. The 

mutation formula proposed at [8] was: 

)1,0(Ncc   , )exp()/1( *
f     (1)    

Where c
‒
 is the mutated component, c is the old component, N(0,1) is a random 

variable with Gaussian distribution with zero mean and unity standard deviation, α is 
the mutation ratio,  f

*
 is the fitness for an individual (solution) normalized between the 

interval [0,1], β is a parameter that controls the decay of the inverse exponential 
function. In [6] instead of a Gaussian random variable an uniform random variable is 

used, however we study the distribution of warping parameter as will be shown in the 

next section, we found that the parameter distribution is more Gaussian than uniform. 

On the other hand, region-based optical flow estimation [9] was proposed by C. Fuh 

and P.  Maragos, in this paper used the centroid of each segmented region in the 

reference and input image as features to estimate the correspondence. Even if the 

region-based optical flow estimation is suitable for objects motion, the main problem 

in this algorithm is that the centroid, as a feature, is not immune against noise and a 

translation model was used which is a simple model. O. A. Omer proposed region 

based optical flow estimation [10], in this algorithm the registration model is assumed 

to be translational which may be not proper to describe the complete motion in the 

medical images.  

In this paper, we proposed a generalization for an initial work presented in [11], 

where a translation model was used, instead in this paper an affine model is used. To 

overcome the problems presented in [6] and [9-10], a region-based artificial immune 

system is proposed. To do that, the main contributions of this paper are; 1) study the 

distribution of the motion parameters, 2) modifying the artificial immune system and 

mutation formula proposed at [8] to be suitable for image registration then apply it to 

segmented regions, 3) and generalize the motion model to be suitable for affine 

motions. 

To confirm the effectiveness of the proposed approach, it is compared with the 

point-based image registration using an artificial immune system approach [6], the 

iterative closest point (ICP) algorithm and the random sample consensus (RANSAC) 

algorithm. 

2. The distribution of the affine Warp parameters 

The distribution of the warp parameters has been studied between many pairs of 

images [11]. In this study; the first image of the car sequence is used as a reference 

image and the reset 63 images of the car sequence as input images, the additive lucas-

kanade (LK) registration algorithm is used to determine the six affine parameters (p1-
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p6), the number of iteration used is 200 iterations. The distribution of the six affine 

parameters are shown in Figure 1, the scaling parameter along x- axis p1 is shown in 

(a), p4 the scaling parameter a long y- axis is shown in (b), the shearing parameter 

along x- axis p2 is shown in (c), the shearing parameter along y- axis p3 is shown in 

(d), p5 is the translation along x-axis shown in (e), finally the translation along y-axis 

p6 is shown in (f). It is easy to notice that the parameters distribution is not uniform as 

introduced in [6] and it can be considered as Gaussian distribution. Based on this study 

in the mutation part we will modify Eq. (1) to be suitable for image registration 

process.   

(a) (b) (c) 

(d) (e) (f) 

Figure 1  The affine parameters distribution, (a) p1, (b) p4, (c) p2, (d) p3, (e) p5, (f) p6. 
 

3. The proposed approach 

The proposed approach consists of four sequential steps as shown in Figure 2 

below. The first step is to segment the reference image using watershed segmentation 

method and suppress the small regions. The second step is to find a number of 

correspondence regions between the reference and the input images by correspondence 

algorithm based on a modified opti-aiNet algorithm. The third is the selection step. 

Finally, the least squares technique used to determine the transformation which is used 

to align the reference and input images. These steps are described in details as follows: 
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3.1 The segmentation the reference image 
The regions are extracted using the watershed segmentation method, here the 

segmentation process is performed only at the reference image then these regions 

are used as an input for the next step. 
 

3.2 The modification of the artificial immune system  
The modification on opti-aiNet algorithm is that, the suppression and regeneration 

stages are canceled because the mutation of each cell was limited to its region. 
 

3.3 The registration model 
The affine transformation is used as a registration model [12], this model has six 

degree of freedom (6 DOF), and this model consists of six parameters (p1-p6) as 

shown in (2) 
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3.4 The population arrangement 
The population is initialized in the search range with N row (cell). The 

arrangement of the population is described in Figure 3, where each row represents 

a cell. Each cell consists of eight components (x,y,p1,p2, p3, p4, p5, p6), where x 

and y is the location of a point which randomly token from each  region in the 

reference image, (p1-p6) the affine parameters,  f  is the fitness of the population 

row and ind is the index of the population row . 
 

3.5 The fitness function 
The fitness is calculated for each cell from the population, the squared of 

normalized cross correlation has been used as a fitness function, its values lie 

between the interval [0, 1] so it can be used directly. The fitness function formula 

is described below in Eq. (3) where a1 is the region which contains the point of 

population cell, the coordinates of a1 is warped using it’s parameters (p1-p6) to 

give a2 which is the correspondence region that includes the correspondence pixel 

in the input image, m1 and m2 are the mean of a1 and a2 respectively. 

 







yx yx

yx

myxamyxa

myxamyxa
fitness

, ,

22

,

2

)2),(2()1),(1(

)]2),(2)(1),(1([

 

(3)                 

3.6 The clone mutation 

In the mutation stage, a number of  nc clones  are created for each cell then these 

clones are mutated, the clone which has the highest fitness is selected and  if this 

clone has fitness bigger than the original population cell fitness then it replaced by  

this clone.  In this paper a modified mutation formula is proposed where Eq. (1) is 

adjusted to be suitable for image registration purpose. Each cell component is 

mutated according to Eq. (4). 
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)1,0(Ncc  
 

  
)()exp( minmax

*
SSf 

 

(4) 

Where c
¯
 is the mutated component, c is the old value of the components, f* is 

the normalized fitness function, Smax is maximum value of the parameter, Smin is 

minimum value of the parameter. Each cell component is mutated so that the 

location of the new clone (x,y) lies in the coordinates of the region which contains 

this point and any clone exceed  Smax or Smin  is refused. 
 

 
Figure 2 The proposed registration approach 
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Figure 3 population arrangement 
 
 

3.7 Clonal expansion and the mutation reparation 
The process of clonal expansion and the mutation are repeated until the average 

fitness is stabilized and dropped below a predefined threshold. All the previous 

processes are repeated until the predefined number of iteration is reached; here the 

correspondence step is completed.  
 

3.8 Selection 
The population cells which have fitness higher than a predefined value has been 

chosen and the other cells are removed from the population. 
 

3.9 Warp parameters estimation 
The least mean squares LMS technique [13] is used to estimate the transformation 

parameters between the reference and input images, then these parameters is used 

to align the input image to the reference image. 
 

4. Simulation results and discussion 
 

4.2 Data set description 
In this paper, three experiments are deducted on three different medical images 

including brain image, retinal image and hand image to demonstrate the effectiveness 

of the proposed approach; these images have a size 160 x 160, 137 x 168 and 128 x 

128 respectively. The initial number of cells in the population N used is 30, we used 

ten clones (nc=10) for each cell, the average fitness is stabilized when it drops below 

0.001, we used 100 iteration to perform this process, and finally all cells which have a 

fitness less than 0.97 are removed from the population. The watershed segmentation is 

used to segment the reference image with 100 segmentation threshold then all regions 

that contains less than 40 points are suppressed. The watershed segmentation based on 

rain-falling simulation [14] is used in this paper. This approach was implemented in 

MATLAB language; all the previous parameters are tuned experimentally. 
 

4.3 Comparative results 
In this section, we test the proposed approach using three different medical images, 

brain, retinal and hand. The proposed approach accuracy is compared with point-based 

image registration using an artificial immune system approach proposed at [6] with the 

modified mutation formula (Eq. 4). Also, the proposed approach has been compared 

with two state-of-the-art point-based registration approaches. The first approach based 

on the ICP algorithm [15-16]. The second approach based on the RANSAC algorithm 
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[17-18]. Both approaches need a feature extraction step to perform the registration 

process; in this paper we used the well-known Harris corners [19] to extract the control 

points from the reference and input images. In Table 1, the main differences among the 

proposed approach, ICP and RANSAC algorithms has been summarized for different 

viewpoints. 

Table 1 Comparison 
 

 

Viewpoints 

The proposed 

approach 

 

ICP 

 

RANSAC 

Feature 

 detector 

Not needed Mandatory 

step 

Mandatory 

step 

Warp parameters 

search range 

 

Pre-Set 

 

Not controlled 

 

Not controlled 

 

Performance 

 

Excellent 

Depend on 

The feature 

extraction step 

Depend on 

The feature 

extraction step 

Max. no. of  

iteration 

 

100 

 

104 

 

1001 
 
 

 

The peak signal to noise ratio (PSNR) in dB is used to compare the performance of 

the proposed approach against ICP and RANSAC approaches. PSNR is defined as: 

Where fmax  is the maximum intensity of the image, E[.] is the ensemble average, fref 

is the reference image intensity and freg is the registered image intensity. The PSNR is 

calculated only for the overlapped part between the reference and input images. 

The visual results of the comparison between the performances of the three 

approaches with the medical images (brain, retinal and hand images) are shown in 

Figure4, Figure 5 and Figure 6 respectively. Table 2 shows that the proposed approach 

has the best performance compared to Ref. [6], ICP and RANSAC approaches because 

it achieves the highest PSNR. The results show that the proposed algorithm is very  
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(e) (f) (g)  

Figure 4  (a) The reference image, (b) The input image, (c) The difference between the 

reference and input image, (d-g) The registered image in the case of the proposed 

approach, AIS [6], ICP and RANSAC respectively. 
 

(a) (b) (c) (d) 

 

(e) (f) (g)  

Figure 5  (a) The reference image, (b) The input image, (c) The difference between the 

reference and input image, (d-g) The registered image in the case of the proposed 

approach, AIS [6], ICP and RANSAC respectively 
 

    
(a) (b) (c) (d) 
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(e) (f) (g)  

Figure 6  (a) The reference image, (b) The input image, (c) The difference between the 

reference and input image, (d-g) The registered image in the case of the proposed 

approach, AIS [6], ICP and RANSAC respectively 

Suitable to register medical image, on the other hand the ICP and RANSAC 

approaches may fail to register the medical images as it clear when the RANSAC used 

with the retinal image as it shown in Figure 5 (g) and Table 2. 
 

Table 2 PSNR comparison 
Image pairs The proposed AIS [6] ICP RANSAC 

Brain image 37.4172 37.1441 35.2053 34.3397 

Retinal image 35.8691    34.5416 31.2473 26.8285 

Hand image 56.5865 41.4221 56.5496 56.5496 
 

5. Conclusion 
 

In this paper, a new approach for medical image registration has been presented, 

this approach consists of four sequential steps, image segmentation and small region 

suppression, point correspondence using a modified artificial immune system, 

selection and finally the LMS minimization technique is used to estimate the warp 

parameters. The simulation results which based on the affine registration model show 

that the proposed approach outperforms the point-based image registration using an 

artificial immune system, ICP and RANSAC algorithms. The results show that also the 

RANSAC and ICP may be failed to register the medical images. The future work will 

focused on study the performance of the proposed approach with multimodal medical 

images. 
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 صطƈاعي معدلمعتمدƉ على المƈاطق باستخدام ƈظام مƈاعه اللصور الطبيه محاذƉ طريقة 
 

ƅلصور اƅطبيه  Ƌاƅتشخيص اƅطبي واƅعمليات اƅجراحيه بمساعدة اƅحاسب بƄفاءƋ عاƅيه يتطلب محاذا إجراء
ƅصور اƅطبيه معتمدƋ على مƊاطق اƅصورƋ اه جديدƅ  Ƌمحاذاة يقطر  اƅبحث ابدقه عاƅيه؛ ƅذƅك Ɗقدم في  هذ

ايجاد اƊƅقاط  ؛تقطيع اƅصورƋ ؛تتƄون من اربعة مراحل متتاƅيه هذƋ اƅطريقه .معدل صطƊاعيمƊاعه اباستخدام Ɗظام 
 إيجاد قل اƅفروق اƅمربعهدام طريقة اخيرا استخوا ؛اختيار اƊƅقاط؛اƅمتƊاظرƋ باستخدام Ɗظام مƊاعه اصطƊاعي معدل

اص ذات دقه عاƅيه وا تتطلب اي تعديات اضافيه او استخاص ƅخو  اƅمقترحه هذƋ اƅطريقه .اƅحرƄةمعامات 
رها على عدة ااختباƅمقترحه فقد تم  اƅطريقةهذƅ Ƌلداƅه على فاعلية  اƅصورƄ Ƌما تتطلب بعض اƅطرق ااخرى.

اƅمعتمد على  محاذاة اƅصور باستخدام Ɗظام اƅمƊاعه ااصطƊاعي مثل أخرىبعدة طرق رƊاتها مقاطبيه و  صور
 .اƅعشوائيه على اƅعيƊة اإجماع علىدة معتم باƅتƄرار وطريقه اأقرباƊƅقطه  طريقه معتمدƋ على ؛اƊƅقاط

 

 


