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A B S T R A C T  

Non-rigid image registration plays a significant role in the medical imaging domain. It involves deformations of moving 

image pixels according to fixed or reference image anatomy. Accurate image registration is required for accurate 

medical diagnosis and clinical applications. Non-rigid image registration uses an optimization technique to find the best 

possible solution. The solution obtained using a single run of non-rigid image registration may be optimal but not much 

accurate. To increase accuracy in non-rigid image registration, multiple runs are required to improve the performance. 

Here in our research methodology, we used the Demon algorithm as non-rigid image registration for brain MRI images of 

a patient with a tumor. There is significant improvement i.e., an average of 66.61% decrease in the error of the results of 

iterative Demon algorithm as compared to non-iterative Demon algorithm 
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Image registration is the process of finding optimal 

transformation so that two misaligned images are best 

aligned with each other. In the medical domain, image 

registration has a vital role in different aspects. There 

are two types of image registrations; rigid and non-rigid 

image registrations. In rigid image registration, different 

scans of the same patient do not involve any 

anatomical or pathological change (tumor growth) but 

there is a difference in patient positioning with respect 

to the imaging system [1]. The common parts of the 

human body that undergoes rigid image 

transformations are the head or skull and bone which is 

a rigid body. The patient's head may move during 

scans or there may be geometrical differences between 

different acquisition systems [1]. On the other hand, 

non-rigid image registration is involved in those 

situations where there are local deformations. Non-rigid 

image registration is important in clinical follow-up 

studies [2-4]. This type of image registration is common 

in those parts of the human body that contain soft 

tissues and there are some deformations in them [5]. 

The deformations in soft tissues are due to the 

progression of disease e.g., tumor growth [6, 7] within 

the brain that affects not only normal brain structures 

but also there is volume expansion of lesion. Secondly, 

resection of a lesion in the brain after surgery affects 

ORIGINAL ARTICLE  

INTRODUCTION 

mailto:n.minallah@uetpeshwar.edu.pk


pISSN: 2523-5729; eISSN: 2523-5739  JICTRA 2020  2 

the soft tissues of the brain. There is a difference in 

local deformations of soft tissues pre and post-surgical 

procedures. Moreover, non-rigid image registration is 

required where there is organ expansion or contraction 

e.g., lungs during respiration [8, 9]. It is also observed 

in cardiac motion between the scans [10-12], 

movement of fetus in mother’s womb [13-16], dramatic 

growth of organs during fetal development [17], and 

moving kidneys [18]. The image registration that 

involves scans of the same subject is referred to as 

intra-subject image registration [19]. The second type 

involves image registration between two different 

subjects called inter-subject image registration [20]. It is 

used to analyze the morphological variability of a 

patient with respect to the population [21-23]. Non-rigid 

image registration can be used to segment different 

anatomical structures of the human body along with the 

presence of a lesion. This approach is called atlas-

based image registration where not only the grayscale 

image but the corresponding labeled image is also 

available [24]. The grayscale image of the atlas when 

registered non-rigidly to the other patient may also 

segment the patient anatomy. The deformation field 

vector obtained from non-rigidly registering grayscale 

atlas image and patient image is further used to deform 

labeled image of atlas. In this way deformed labeled 

atlas image is used to segment the un-segmented 

patient scan by transferring the labels. This approach is 

more attractive in brain where lesion has intensity 

overlap with normal brain tissues and location map of 

normal brain structure using atlas is used to separate 

the lesion from healthy tissues. In order to successfully 

segment lesion as compared to healthy tissues, it is 

necessary to register the images accurately.  

Non-rigid image registration techniques involve 

different deformation models. These deformation 

models depend on the regularization term that 

specifically identifies the type of physical model of 

deformation. Different deformation models can be used 

according to the specific medical application e.g., 

Elastic [25], Fluid [20], and Curvature [26]. The best 

non-rigid image registration result can be found using 

one of the optimization techniques. The optimization 

technique works on finding the best solution in terms of 

minimization of similarity measures between two 

images. In mono-modal image registration where both 

images are from the same domain SSD (Sum of 

Squared Differences) [27] is used in a wide variety of 

applications. In multi-modal image registration [28] 

where both images are from different modalities MI 

(Mutual Information) [29] is used.  

Technology advancements in non-rigid image 

registration techniques need to provide more accurate 

results. This research work is also related to providing 

more accurate results of non-rigid image registration 

techniques that have further diverse medical and 

clinical applications.    

 

 

Non-rigid image registration has a significant role in 

medical imaging. To accurately register two images, 

there is a need of providing more accurate non-rigid 

image registration algorithms. Xiangbo Lin et al. [30] 

proposed Modified Active Demon (MAD) which 

improves in terms of accuracy and providing a smooth 

deformation field as compared to the Demon algorithm. 

Zhenchao Tang et al. [31] improved the active demon 

algorithm by introducing a new parameter balance 

coefficient to account for small and large deformations 

at the same time. They also work on improving 

registration accuracy and convergence speed and used 

a multi-level strategy in the registration approach. 

Sheng Lan et al. [32] introduce an image field to 

incorporate directional information in the image 

registration algorithm of Demons. Improved Demon 

algorithm is used in medical images [33] with the use of 

additional external force and gradient of mutual 

information with respect to the deformation field.  

 

 

The methodology used in our research project is 

the iterative procedure of applying non-rigid image 

registration. The iterative procedure depends on the 

selection of the maximum number of cycles for non-

rigid image registration as shown in Fig 1. Demon 

algorithm is used as non-rigid image registration 

between template and reference image. In the first step 

template and the reference image are given as an input 

to the non-rigid image registration Demon algorithm. 

The solution found from this step is used to transform 
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the template image. To further increase the accuracy of 

non-rigid image registration, this procedure is followed 

to the maximum number of cycles. The transformed 

template from the previous cycle is used in the next 

cycle to produce further accurate results. 

 

 
 

Figure 1. Workflow of Iterative Non-Rigid Image 

Registration using Demon Algorithm 

 

A. Demon Algorithm 

Demon algorithm is first introduced by Thirion [34] 

as non-rigid image registration. The demon forces are 

estimated by using the optical flow equation. In a static 

image 1I , for a given pixel point p , let 1f  be the 

intensity and 2f be the intensity in a moving image 2I . 

The estimation of the displacement vector field   

between the pixels p  and corresponding points in the 

image 2I . 

                         … (1) 

Where  is the estimation 

deformation field in 2D.   is the gradient in the static 

image 1I . Demon algorithm contains two forces internal 

and external. Internal force is edge-based as is 

represented here as   an external force is 

represented here as . To make the equation 

of velocity more stable, Thirion added  the 

term. Gaussian smoothing is included as regularization 

as the deformation field is based on local information.  

He Wang et al. [35] used edge forces of the 

moving image 2I  as well as compared to internal edge 

forces of the static image alone in the original equation. 

The additional forces further improve the non-rigid 

image registration performance in terms of speed and 

convergence. 

      … (2) 

where  is the normalization factor to adjust the 

force-length and is proposed by Cachier et al. [36].  

 

B. Limited Memory BFGS 

Limited memory Broyden Fletcher Goldfarb 

Shanno (LBFGS) [37] is an optimization technique to 

find the optimal solution. LBFGS is less computational 

as compared to BFGS. It does not need to explicitly 

store the entire approximated Hessian matrix jH
. It is 

an iterative procedure and stores information from past 
m  iterations to implicitly approximate the inverse of the 

Hessian matrix.  

The BFGS optimization technique on the other 

hand utilizes information from all the previous iterations 

for inverse Hessian computation. The first m  iterations 

of both LBFGS and BFGS produce the same search 

directions assuming initial search directions are the 

same. LBFGS is useful and successful in applications 

where the number of unknown parameters is large e.g., 

3000 and even larger. LBFGS is successfully used as 

an optimization technique in the image registration 

paradigm where the solution lies at best-aligned 

images.  

Table 1. Registration Error increases with Increasing 

Slice Distance 

Slice 

# 

Initial 

SSD 

SSD after Non-rigid 

Image Registration 

Elapsed 

Time (Sec) 

49 1.34E+08 5.23E+07 73.048221 

48 1.24E+08 4.96E+07 44.734226 

47 1.10E+08 4.36E+07 58.975333 

46 9.30E+07 3.85E+07 79.502509 

45 6.31E+07 3.19E+07 60.737255 

44 Template Slice 

43 6.21E+07 3.08E+07 54.907187 

42 9.32E+07 3.89E+07 57.050865 

41 1.14E+08 4.47E+07 54.375758 

40 1.30E+08 5.10E+07 56.695653 

39 1.48E+08 5.30E+07 66.177859 

Average Time 60.6204866 
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Figure 2. Effect of increasing slice distance between 

reference and template on registration error 

 

 
Figure 3. Effect of using iterative non-rigid image 

registration (Demon algorithm) on registration error  

Table 2. Effect of an Increasing Number of Iteration of non-rigid image Registration on Image Registration Error 

Slice # Initial SSD SSD after Run 1 SSD after Run 2 SSD after Run 3 SSD after Run 4 Percentage change 

45 6.31E+07 3.19E+07 2.92E+07 2.81E+07 2.75E+07 -56.42 

46 9.30E+07 3.85E+07 3.42E+07 3.28E+07 3.22E+07 -65.38 

47 1.10E+08 4.36E+07 3.62E+07 3.45E+07 3.39E+07 -69.18 

48 1.24E+08 4.96E+07 4.07E+07 3.80E+07 3.66E+07 -70.48 

49 1.34E+08 5.23E+07 4.34E+07 3.96E+07 3.81E+07 -71.57 

Average -66.61 

 

 

 

 

The research work is related to applying non-rigid 

image registration to brain MRI slices of the same 

patient in the same modality. This research project is 

divided into two phases. In the first phase, the effect of 

increasing slice distance on the similarity measure of 

images with reference to template slice is analyzed. 

Here, in this case, the template slice of the patient is 

constant and the reference or target image is changing. 

In the second phase, the effect of using iterative non-

rigid image registration is analyzed with respect to the 

similarity measure of images. The dataset is the tumor 

base dataset of SPL (Surgical Planning Laboratory) of 

Harvard Medical School [38]. The dataset contains 

brain tumor MRI images of 10 patients. Patients are 

diagnosed with different types of tumors i.e., 

meningioma, low-grade glioma, and astrocytoma. The 

image resolution of these images is 256x256x124. The  

 

 

 

total number of slices in each patient data is 124. In 

each patient, only one of the slices from the whole 3D 

MRI volume is selected. This selection of slice is based 

on the localization of the tumor and given to 4 experts 

for segmentation. The segmented slice doesn’t only 

contain tumor but also brain, ventricles, and necrosis as 

other types. This dataset can be used for brain tumor 

segmentation. The manually segmented slice of a 

patient can further be used to segment the other non-

segmented slices of the brain. It is clear from the 

experiments shown in Table 1 that error increases as 

the distance between the slices increases. The graph in 

Fig 2. shows that there is a gradual increase in error as 

the target image is far away from the reference image. 

Here template image is slice no. 44 throughout the 

experiment and is constant. The reference image is 

changing; it is selected as 5 slices above and below the 
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template image. 

The template image is also called a moving image 

and the reference image is the target image and is 

fixed. The transformations in the template image 

change according to the reference image so that there 

is maximum similarity. The similarity measure used 

here is SSD (Sum of Squared Difference). The solution 

lies in the minimization of SSD in an optimization 

technique. The optimization technique used here is 

LBFGS that works on the minimization of SSD. The 

initial SSD is the similarity measure before applying for 

demon registration and after applying the demon 

algorithm SSD is reduced. This shows that after 

applying for non-rigid image registration, the template 

image is now much close to the reference or target 

image. The initial and final SSD of one slice above and 

below from the template image is almost the same. 

Similar is the case for other slices with the same 

distance above and below of the template slice. There 

is another set of experiments in which the result of non-

rigid image registration undergoes another cycle of non-

rigid image registration. Similarly, a total of four cycles 

of non-rigid image registration is applied. The error 

between the template and target image is further 

reduces in the second, third, and fourth cycles of non-

rigid image registration. The results are shown in Table 

2 that applying the demon algorithm iteratively can 

significantly reduce the error between template and 

reference image. The corresponding elapsed time is 

also shown in Table 3. There is significant performance 

improvement in iterative non-rigid image registration as 

compared to non-iterative non-rigid image registration 

as shown in Fig 3. The elapsed time is increased in 

iterative non-rigid image registration as compared to 

non-iterative non-rigid image registration. 

Table 3. Elapsed Time (sec) of each run of Non-Rigid Image Registration 

Slice # Elapsed Time 1 (sec) 
Elapsed Time 2 

(sec) 
Elapsed Time 3 

(sec) 
Elapsed Time 4 

(sec) 
Total Time (sec) 

45 60.947201 35.924276 28.693966 24.972769 150.538212 

46 78.218659 27.433607 27.773548 30.449648 163.875462 

47 67.956193 67.789047 47.129103 41.437823 224.312166 

48 57.976589 53.702601  39.667511 37.543219 188.88992 

49 80.515352 84.271723 58.072798 42.683631 265.543504 

 

 

 

Non-rigid image registration in medical images is 

required where there is a local difference between the 

pixels of the template image and the reference image. 

The pixels in the template image move independently of 

each other and according to the reference image. The 

optimization technique iteratively tries to find the best 

solution in terms of minimization of similarity measure 

between template and reference image. The distance 

between template and reference slice is directly 

proportional to the difference between the similarities of 

the two. The high similarity between template and 

reference images shows more aligned images locally 

with reduced error. In our research methodology,  

registered template image after one complete run of 

non-rigid image registration undergoes another three 

more cycles of non-rigid image registration. Whole 3D  

 

 

 

volume using non-rigid image registration. The 

increasing distance of the reference slice from the 

template slice increases the error between the two. The 

non-rigid image registration technique performs well in 

the situation where the similarity increase as the 

number of complete runs of non-rigid image registration 

increase. The performance in terms of reduced error 

increases with an increase in computational time.  

 

 
 

Non-rigid image registration has significant 

importance in the medical domain. There are 

anatomical changes in the soft tissues due to resection 

or progression of brain tumors. To analyze the change 

in the tumor growth or after a surgical procedure of 

tumor excision; non-rigid image registration techniques 

DISCUSSION 

CONCLUSION 
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are required to deform previous visit scans with respect 

to next visit scans. The segmented previous scan of the 

patient can further be used to segment the next visit 

scans. Moreover, a single segmented slice of the 

patient can be used to segment the initial error between 

two images is less. The increased error due to the 

increasing distance between the template and 

reference slice can significantly be reduced by using 

iterative cycles of non-rigid image registration.  
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