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IntroductIon

In general, image registration algorithms can be classi-
fied as either landmark or intensity-based. Landmark-
based registration consists of four main stages:

• During the feature detection stage, distinguishing 
characteristics such as corners, edges, centres of 
gravity, and so forth are identified, either manually 
or automatically. This identification of landmarks 
is performed on both reference (fixed) and sensed 
(moving) images.

• The optimisation stage (Jenkinson & Smith, 2001) 
controls estimation of transform parameters that 
geometrically map landmarks between fixed and 
moving image.

• Upon selection of appropriate transform pa-
rameters, pixel values which are mapped into 
noninteger coordinates are interpolated in order 
to establish their value. This represents the image 
resampling stage (Grevera & Udupa, 1998).

• The feature matching stage is achieved through 
the use of a similarity metric in which a degree 
of closeness or accuracy of alignment between 
corresponding landmarks is calculated.

In intensity-based image registration methods, the 
feature detection stage is omitted. As a consequence, the 
transform optimisation and feature matching stages are 
performed using pixel intensities (or functions thereof) 
instead of landmarks. Intensity-based image registration 
algorithms comprise the following components:

• The spatial mapping of intensities throughout the 
alignment process is achieved with a transform 
component.

• An interpolation component is used to evaluate 
intensities at nondiscrete locations.

• The metric component calculates a measure of 
alignment accuracy.

• Optimisation of the similarity measure using a 
search space defined by transform parameters is 
achieved with an optimisation component.

The most important component of an image registra-
tion algorithm is the similarity metric used to determine 
when images are in accurate alignment (Penney, Weese, 
Little, Desmedt, Hill, & Hawkes, 1998). In Figure 1, the 
inputs to and output from a basic metric are illustrated. 
In general, a metric works by examining correspond-
ing pixel values in both fixed and moving images and 
then formulating a measure of similarity based on the 
relationship between these intensities. The metric as-
sumes that the relationship changes with variations in 
the spatial transformation used to map between images 
and a maximum similarity is achieved when the images 
are in close alignment (Brown, 1992).

Intensity equality which is high when pixels are 
similar is one such relationship employed as a similarity 
metric in single-modal registration where images are 
captured using the same sensor type. Total equality, 
however, is seldom reached due to noise and image 
acquisition inconsistencies. Additional robustness is 
therefore achieved by assessing the ratio of intensi-
ties and minimising the variance of such ratios. When 
images are acquired with different sensor types, as is 
typically the case in multimodal registration, an exten-
sion of the ratio method which maximises the weighted 
sum of variances can be employed. Alternatively, a 
relationship estimating the entropy of corresponding 
intensity pairs can be formulated where entropy, derived 
from information theory (Shannon, 1948), is the mea-
sure of the amount of information contained within a 
signal. Although many algorithms have been proposed, 
similarity calculation remains a complex task.
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Background

By comparing intensities, the metric component quan-
titatively measures how accurately fixed and moving 
images are aligned. The selection of a metric component 
is largely dependent on the type of registration problem 
to be solved (Roche, Malandain, Ayache, & Prima, 
1999). For example, some metrics possess capture 
ranges that are well suited to images misaligned by 
a large transform. Other metrics, in contrast, are less 
computationally intensive but require initial transform 
parameters to be close to the optimum. During the align-
ment process, most metrics samples intensities over an 
entire image. Some metrics, however, employ a subset 
of samples drawn from the image. In both cases, similar-
ity is calculated using intensities which fall within the 
boundary of the moving image. Intensity correlation 
has been used as a metric where a maximum similar-
ity between fixed and moving images is searched for 
(Pratt, 1974). Using such an approach, high levels of 
alignment accuracy can be achieved by interpolating 
intensities before evaluating similarity. Such metrics 
are found predominantly in single-modal registration 
applications.

Although more difficult, the registration of images 
captured using different sensor types is commonplace 
in medical imaging applications. Viola (1995) suggests 

that for two images of differing modality, mutual infor-
mation can be used as a measure of similarity where 
similarity is estimated using marginal and joint entropy 
based on probability distribution constructed using 
intensities from both fixed and moving images. As a 
consequence, mutual information can be described as 
the amount of information one image contains about 
another. Importantly, the ability to align multimodal 
images allows for the comparison of anatomical and 
functional data that can lead to a diagnosis which 
would be impossible to gain otherwise. For example, 
the evaluation of mutual information-based similarity 
metrics, used for the registration of brain scans, is 
presented by Holden et al. (2000).

sIngle-Modal regIstratIon
sIMIlarIty MetrIcs 

Intensity-based registration has been employed in the 
alignment of x-ray images and biomedical volume 
data (Russakoff, Rohlfing, & Maurer, 2003). In these 
applications, the cross-correlation of intensities can 
be used as a similarity metric. With such an approach, 
subpixel accuracy of alignment is achieved by in-
terpolating intensities before similarity calculation. 
Traditionally, cross-correlation has been used to reg-
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Figure 1. Flow diagram of similarity metric calculation



 

 

4 more pages are available in the full version of this document, which may be

purchased using the "Add to Cart" button on the publisher's webpage:

www.igi-global.com/chapter/similarity-metrics-medical-image-

registration/13069

Related Content

Enhancing Knowledge Management in a Multi-Center Clinical Trial by a Web-Based Knowledge

Medium
Rolf Grütter, Katerina Stanoevska-Slabevaand Walter Fierz (2000). Managing Healthcare Information

Systems with Web-Enabled Technologies (pp. 124-140).

www.irma-international.org/chapter/enhancing-knowledge-management-multi-center/25827

Use of Internet of Things With Data Prediction on Healthcare Environments: A Survey
Gabriel Souto Fischer, Rodrigo da Rosa Righi, Vinicius Facco Rodriguesand Cristiano André da Costa

(2020). International Journal of E-Health and Medical Communications (pp. 1-19).

www.irma-international.org/article/use-of-internet-of-things-with-data-prediction-on-healthcare-environments/246075

A Hybrid Scheme for Breast Cancer Detection using Intuitionistic Fuzzy Rough Set Technique
Chiranji Lal Chowdharyand D. P. Acharjya (2016). International Journal of Healthcare Information Systems

and Informatics (pp. 38-61).

www.irma-international.org/article/a-hybrid-scheme-for-breast-cancer-detection-using-intuitionistic-fuzzy-rough-set-

technique/160786

An Exploration of the Experiences of Migrant Women: Implications for Policy Development of

Effective User Driven Health Care Delivery Systems
Jane Fitzpatrick (2013). User-Driven Healthcare: Concepts, Methodologies, Tools, and Applications  (pp.

954-967).

www.irma-international.org/chapter/exploration-experiences-migrant-women/73874

Social Care and Life Quality of Frail or Dependent Elderly: The Contribution of Technologies
Cristina Albuquerque (2016). International Journal of Privacy and Health Information Management (pp. 12-

22).

www.irma-international.org/article/social-care-and-life-quality-of-frail-or-dependent-elderly/147590

http://www.igi-global.com/chapter/similarity-metrics-medical-image-registration/13069
http://www.igi-global.com/chapter/similarity-metrics-medical-image-registration/13069
http://www.irma-international.org/chapter/enhancing-knowledge-management-multi-center/25827
http://www.irma-international.org/article/use-of-internet-of-things-with-data-prediction-on-healthcare-environments/246075
http://www.irma-international.org/article/a-hybrid-scheme-for-breast-cancer-detection-using-intuitionistic-fuzzy-rough-set-technique/160786
http://www.irma-international.org/article/a-hybrid-scheme-for-breast-cancer-detection-using-intuitionistic-fuzzy-rough-set-technique/160786
http://www.irma-international.org/chapter/exploration-experiences-migrant-women/73874
http://www.irma-international.org/article/social-care-and-life-quality-of-frail-or-dependent-elderly/147590

