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Technical Summary

Background & Problem: 


Rigid registration is the aligning of images using rotations and translations. As imaging modalities such as CT and MRI have become ever so common in the hospital setting, it is vital that we be able to register images from different modalities quickly and accurately. Physicians and surgeons need access to registered images across different modalities so that they can integrate the information provided. In spite of the variety of registration tools available now, many registration problems are still unsolved and the field lacks a gold standard by which to measure the various registration algorithms.  


A recent advance in automatic target recognition for defense applications has been the use of a new estimator called the Hilbert-Schmidt estimator for registering images. It has been shown that this estimator is the optimal estimator for a large number of cases in registration [1]. The original aim of this project was to apply this concept to the field of medical registration and to investigate whether different modalities of MR images could be registered in this fashion. A further aim of the project was to then compare this method, with other well-known methods of multimodality medical registration methods such as the mutual information algorithm implemented by Viola et al [2]. Hopefully, by doing this, we would obtain a new way of registering images from different modalities and achieve our goal of developing a general algorithm that is both fast and efficient.

Approach:

The minimal goal of this project was to implement a registration algorithm that used the Hilbert-Schmidt estimator to register images from the same modality. The reason why this was important was that this estimator had never been used in medical registration problems, and one had to first show that its use was possible, plausible and practical. Before we continue further, it would be beneficial to provide a quick refresher about the Hilbert-Schmidt estimator. This estimator is a minimum mean-squared estimator derived from the Hilbert-Schmidt norm which is simply defined as the norm of a matrix (for more info, please see final presentation). Registration is achieved by finding the transformation which minimizes this error metric [1]. IntraModality registration using the Hilbert-Schmidt estimator was achieved in mid-March as planned in the proposal. Results of the registration can be found in the next section.


Once this step was achieved, we could face the real problem which was multimodality registration. Unlike intramodality registration where the intensities of the images are correctly matched once the correct transformation is found, this is not the case when dealing with different modalities and an additional technique must employed. To get around this problem, we used a method called Bayesian segmentation. As outlined in the paper presentation, Bayesian segmentation fits a series of gaussians to a voxel number/intensity histogram. The intersections of the gaussians are set as our thresholds and with this information, we can simplify the images into tertiary structures. In our sample dataset (T1, T2 and PD images), the three main areas were cerebral spinal fluid (CSF), gray matter (GM) and white matter (WM). These images were segmented and the results of the segmentation algorithm were shown in the checkpoint presentation. The algorithm does a good job of finding the boundaries of the CSF/GM areas as well as GM/WM areas. One of the key problems in segmenting MR images based on intensity is that there are local inhomogeneities in the MR images due simply to the signal to noise ratio (SNR) so that some areas of the MR image show up brighter than others when there is essentially no biological difference. The way that this problem is solved is by using a special version of the Bayesian segmentation algorithm called the EM algorithm [3,4]. In this algorithm, the image is split up into very small sectors where the inhomogeneities are considered insignificant, then the gaussian fit and segmentation are performed on these small areas and then the various sections are compiled back together to produce a segmentation of the whole image. Once the segmentation is generated, we use apriori information about the modalities being segmented, to appropriately adjust the segmentations.
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For example, as the table above indicates (taken from the checkpoint presentation), white matter typically shows up as the brightest area on T1 images whereas it shows up as the dullest of the three areas in a PD image. Taking advantage of information like this, we can switch the intensities of the segmentations so that the segmentations from the different modalities have the same intensity distribution. Results of the switched intensity segmentations are shown in both the checkpoint and final presentations. 


After the segmentation intensities are appropriately switched, then we can find the transformation between the segmentation images which minimizes the error bound, just as we would do in intramodality registration. The expected goal of the project was that we would be successful in registering at least one pair of multimodal images using this technique, and that was achieved by the beginning of April, right on track with the initial proposal. Many of the results of the first multimodal registration between T1 and PD images were shown in the checkpoint presentation. The maximal goal involved producing multimodal registrations for all three combinations and this was achieved shortly after the checkpoint presentation. Another part of the maximal goal was to compare our technique with other well known techniques and results of this was also shown in the final presentation. One additional thing that was done that was not in the original proposal was a crude implementation of a gradient-descent algorithm so as to speed up the registration process once the switched segmentations were produced. Please refer to the checkpoint and final presentations for more detail on this. Ultimately, the maximal goal of the project was achieved by the end of April.

Results and Significance:

As mentioned before, the minimal goal of the project was to perform intramodality registration using the Hilbert-Schmidt estimator. This was achieved in mid-March and many of those results were shown in the checkpoint presentation. The algorithm was robust for even when we added significant gaussian white noise to the images, we still got a very good registration. Once intramodality registration was achieved, we moved on to tackling the intensity difference problem in multimodality registration by using Bayesian segmentation. Below are some of those results:
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The segmentation proved to be very accurate and all the key geometrical features of the image remained intact. A similar process to the one above was done for all three imaging modalities provided. Since the segmentations were very accurate, the registrations in the end also proved to be very accurate. The final step was to compare it to some other well known algorithms. In our comparison test, the Hilbert-Schmidt algorithm was more accurate than the mutual information algorithm using the Hilbert-Schmidt bound, but to make the test more rigorous in the future, more unbiased estimators should be used. Results of the comparison are available in the final presentation. 

The significance of the results at this point are quite obvious. It is clear that we have found an alternate approach to solving multimodal registration problems and as computers become more powerful, voxel-based algorithms such as the one outlined here may become more popular. The generality of the Hilbert-Schmidt algorithm should also help it to be a very broad-based algorithm where many different multimodal registrations can be performed by changing only a few parameters. At the very least, the results of this project should encourage people to take a closer look at taking a segmentation approach to doing multimodal registration.

Management Summary


As mentioned before, the maximal goal of the project was achieved. However, as outlined in the final presentation, there are many things not addressed by the original proposal that need to be addressed if the project is to go further. The biggest factor is efficiency. Though the segmentation process is very fast, the registration phase is pretty slow at this point and many improvements/optimizations will have to be made, if the algorithm is going to compete with protocols such as the maximization of mutual information.


The implementation so far has only dealt with registering 2D images but in reality, patients tend to move in more than one plane and hence a 3D implementation must be produced. This is the next logical step in this project and I might continue this portion of the project in the summer. Optimizations such as the gradient-descent algorithm become much more important for 3D registration because we will have three axes of rotation and many more possible translations. 


The robustness and integration of the various parts of the protocol is also an issue that needs to be addressed. Initially, the main goal was to just make the protocol work, but now that this has been achieved, the programs must be made robust and immune to frequent crashing. The segmentation and registration processes as well as the apriori information should also be integrated in a seamless program for the end user so that it is easier to use. Though we have some independent GUIs right now, a GUI specifically for Hilbert-Schmidt registration might be a possibility for the summer. Finally, in some preliminary analysis, is seems that the HS algorithm might outperform other algorithms at high noise levels which are characteristic of functional modalities such as PET and fMRI and it might be beneficial to apply the protocol outlined here to those modalities.


In conclusion, the project was very successful in achieving its original aims but as the project was carried through, it became apparent that new improvements could be made. Some of those improvements have already been incorporated such as the gradient-descent algorithm but many things can still be done. Technical appendices such as code with comments and instructions have been included in the project notebook for those who are interested. Mulitmodality registration is an important aspect of medical imaging in computer integrated surgery and it seems to have a lot of potential for success in the future.
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