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ABSTRACT
In an attempt to improve the visualisation techniques for diagnosis and treatment of musculoskeletal injuries,
we present a novel method for a pixel-wise fusion of CT and MR images. We focus on the spine and its related
diseases including osteophyte growth, degenerate disc disease and spinal stenosis. This will have beneﬁt to the
50-75% of people who suﬀer from back pain, which is the reason for 1.8% of all hospital stays in the United
States.1 Pre-registered CT and MR image pairs were used. Rigid registration was performed based on soft
tissue correspondence. A pixel-wise image fusion algorithm was designed to combine CT and MR images into
a single image. This was accomplished by minimizing an energy functional using a graph cut approach. The
functional was formulated to balance the similarity between the resultant image and the CT image as well as
between the resultant image and the MR image. Furthermore the variational smoothness of the resultant image
was considered in the energy functional (to enforce natural transitions between pixels). The results have been
validated based on the amount of signiﬁcant detail preserved in the ﬁnal fused image. Based on bone cortex and
disc / spinal cord areas, 95% of the relevant MR detail and 85% of the relevant CT detail was preserved. This
work has the potential to aid in patient diagnosis, surgery planning and execution along with post operative
follow up.
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1. INTRODUCTION
For musculo-skeletal diseases and injuries, a patient is commonly required to receive both a CT and an MR scan
to reliably assess the damaged tissue. The MR image will provide good contrast and show important details of
the soft tissues such as the nerves and the spinal discs. The CT image will show excellent details of the bone
structures. In order to provide the best possible view of the patient, it is desirable to provide an image that
combines the medically signiﬁcant details from both the MR and the CT.
Our work is targeting the spine and oﬀers a challenging use case because of the intricate connections between
the bone tissue and soft tissue. Additionally, since up to of 75% of adults suﬀer from back pain, with many
of those patients requiring hospitalisation (1.8% of all hospital stays in the United States),1 there is a medical
need for enhanced spine visualization. The applications of this work are ﬁrst allowing better diagnosis with a
single fused image, better surgery planning and execution, and ﬁnally post-operative follow up fusing a postoperative CT to the pre-operative MR image. This method will provides a new view of the patient combining
two modalities into a single image.
The fusion process starts with pre-registered MR and CT images of the spine (rigid registration can be used
to accomplish this). A new image can be created that incorporates the medically signiﬁcant details from both
the MR and CT images. This is then followed by applying an image fusion algorithm to combine two input
images into a single output image.
Further author information: (Send correspondence to )
B.M. : E-mail: bmiles@uwo.ca, Telephone: (519)646-6000 ext:64626
Medical Imaging 2012: Computer-Aided Diagnosis, edited by Bram van Ginneken, Carol L. Novak,
Proc. of SPIE Vol. 8315, 831511 · © 2012 SPIE · CCC code: 1605-7422/12/$18 · doi: 10.1117/12.911613

Proc. of SPIE Vol. 8315 831511-1

Image fusion has been studied in other ﬁelds, and applications vary from multifocal images2 to geographical.3
In medicine, image fusion has been used for brain imaging,4, 5 MRI-SPECT fusion6 and Epilepsy treatment
planning.7
For applications regarding the spine, registration of CT and MR spine images have been used for surgery
planning8, 9 and for evaluation of bone implants.10 However, it should be noted that these works have focused
on registration with very simple overlay methods and are not pixel-wise image fusion.
A wavelet based approach has been proposed by Li.2 The two images are fused in the wavelet domain and an
inverse transformation is applied to produce the resulting image. Variations of this technique include additive
wavelet decomposition,3 the contourlet transform4 and the complex wavelet transform. Variational methods have
also been employed to ﬁnd the minimum of an energy functional.11, 12 There are drawbacks to these methods
however. The wavelet based approaches are susceptible to pixelation eﬀects due to shift invariance, especially
with two very dissimilar input images. The variational methods do not guarantee a global solution and can get
trapped in a local minimum.
We propose a pixel-wise graph cut based13–15 image fusion method that will guarantee a global solution,
while avoiding the pixelation artifacts that can be present with the use of wavelet based image fusion methods.
To determine the accuracy of the fusion method, 20 sagittal spine image slices from 9 diﬀerent patients were
fused and compared to manual ground truths.

2. METHODS
2.1 Data set Preparation
Pre-registered CT and MR datasets where used as input data sets. They were rigidly registered based on
corresponding soft tissue detail with a TRE of 3.7 +/- 0.8 mm. The CT images were also thresholded at 100
Houndsﬁeld units, to preserve only the bone details. Finally the intensities were normalised to correspond with
the dynamic range of the MR images.

2.2 Fusion Algorithm
Pixel level image fusion of the registered image pairs is achieved by minimizing an energy functional. The fusion
algorithm aims to create a fused image that is:
1. Similar to the source CT image.
2. Similar to the source MR image.
3. Smooth (containing natural variations between pixels).
This is represented in the following energy minimisation equation from Wang.12
  

2

w1 (x) (u(x) − uCT (x))
Ω



2
+w2 (x) (u(x) − uM R (x)) dx + 2λ
|∇u(x)| dx
u(x) = argminu∈Ω

(1)

Ω

Where u(x) is the desired output fusion image. The weights w1 and w2 are the convolution of the gradients
of the inputs (uM R and uCT ) with a 3x3 box ﬁlter applied as shown in Wang.12 This is an excellent model for a
fusion algorithm because the gradient magnitude of the weights implies favouring high gradients (edges) in the
output image, while pixel similarities to the input images are also favoured. This means preserving both the pixel
intensity information and the edge information in the ﬁnal image, which will correspond to the the important
details like edges of the bone, edges of the nerves
 and edges of the discs, while favouring similar intensity values
in the ﬁnal image. The smoothness term 2λ Ω |∇u(x)| serves to enforce natural transitions in the image.
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Figure 1. Diagram of the fusion process, left to right - registered input images, weighted images, alpha image, fused images

The above optimisation problem can be solved using graph cuts.13–15 The Potts model for discontinuity
preservation preserves both the edge discontinuities from the weights and the similarity in pixel levels from the
similarity terms. The graph cut formulation is:
2

D(x) = w1 (x) (u(x) − u1 (x)) + w2 (x) (u(x) − u2 (x))

2

V (pi , pj ) = min c1 , (li − lj )2

(2)

where D(x) denotes the data cost and V (pi , pj ) denotes the smoothness cost. Also pi and pj are two adjacent
nodes with li and lj being values of their respective labels. The value c1 is a constant to help preserve discontinuities. This will provide a global labeling that corresponds to the output intensities of the fused image at each
pixel, solving the fusion problem.
Although the method (2) provides a high quality fused image with 256 labels, it is not feasible for high bit
depth medical images such as DICOM images. The number of computational steps required grows polynomially
with the number of labels used. This makes processing 16bit (high depth) CT or MR diagnostic images unfeasible
because of the required computational expense.
The problem can be reformulated indirectly for targeting fusion of DICOM images. Pixel-wise image fusion
can be considered as ﬁnding an alpha image, α, where:
u(x) = α(x)uCT (x) + (1 − α(x))uM R (x) ∀ α(x, y) ∈ [0, 1]

(3)

This alpha image dictates the percentage of a resulting pixel that will come from image uCT and what percentage
will come from image uM R . The data and smoothness terms required for the graph cut optimisation can be
formulated as shown in (4). The entire fusion process is detailed in ﬁgure 1.

2

D(x) = w1 (x) (uα (x) − uCT (x)) + w2 (x) (uα − uM R (x))
uα = α(x)uCT (x) + (1 − α(x))uM R (x)
V (αi , αj ) = min (c1 , |li − lj |)

2

(4)

2.3 Validation of Fused Images
Relevant anatomy from the input images were segmented, in order to validate the results of the image fusion.
For the bone images, this included the bone cortex. For the MR images, this included the discs, spinal cord,
cerebral spinal ﬂuid and nerve tissues. The fused images were compared to the input MR images in areas of soft
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Figure 2. Sample masks for validating the quality of the fusion algorithm. Top, left and centre - CT input image and
bone detail mask, Bottom left and middle - MR input image and soft tissue detail mask, Right - sample fused image

tissue, and then the input CT images in areas of bone detail, determining how much of the clinically relevant
detail was successfully transferred from the input images to the fused images. This comparison was evaluated
by a root-mean-squared (RMS) of the diﬀerences in the input and fused images is given by:
2

ERMS =

(Iinput − Ifused )
# of pixels in the image
Ω

where Iinput is the intensity of the input image for a given pixel, Ifused is the intensity of the fused image at
a given pixel and Ω is the image domain.
To validate that this method was correct, the reverse was tested. The MR input image was compared with
the fused image based on the bone details, and the CT input image was compared with the fused image based
on the soft tissue detail. It could then be shown whether the results were statistically signiﬁcant. Figure 2
illustrates this comparison process showing sample segmented images.

3. EXPERIMENTS
A total of 20 saggital lumbar spine slices from 9 patients have been used to validate the proposed graph cut
method. A comparison was made with 2 methods found in the literature, namely: the discreet wavelet transform
(DWT)2 and the contourlet transform (CLT),4 along with simply averaging the two input images. Sample
images, statistical results and case studies are presented in this section.

3.1 Sample Images
Sample input images are shown in ﬁgure 3. Registered CT and MR images of the same subject have been
provided and are also shonw in ﬁgure 3.
A few things can be noted based on ﬁgure 3. Although all methods do show both the MR and CT details,
there are problems with some of the fusion schemes. The simple pixel-wise averaging method has a tendency to
lose important details because it averages the modalities. The wavelet method suﬀers from pixelation artifacts
(the output has block structures larger than individual pixels, as opposed to smooth edges) because it is not
shift invariant. The contourlet has fewer artifacts, but it blurs the CT details. The graph cut method shows
both sharp MR detail and sharp CT detail without artifacts.
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Figure 3. Sample fused Images: top left - input CT, top right input MR, middle: fused images from left to right, averaging
method, discreet wavelet transform, contourlet, graph cut methods, bottom: close ups of the images.

3.2 Statistical Results
The results were validated by comparison with manually segmented tissue areas as detailed in section 2.3. The
hypothesis was that the fused image would contain the soft tissue such as discs, nerves, cerebral spinal ﬂuid
and the spinal cord from the MR image, along with the bone details from the CT image. A comparison was
made between the four diﬀerent methods. Average diﬀerences in pixel intensity based on RMS error have been
calculated. Additionally statistical signiﬁcance has been tested using a T-test. The hypothesis is ﬁrstly that
more detail will be transferred to the fused image, in the areas of soft tissue from the MR image, than from the
CT and secondly that more detail will be transferred to the fused image in the areas of the bone cortex from the
CT, image rather than the MR image. A pairwise single tailed T-test was used in this case.
The results are fairly consistent showing statistical signiﬁcance for all methods except for averaging. Since
the output of the average image will be halfway between the CT and MR images, the results are the same and
the T-test will show no signiﬁcance. For both the DWT and the CLT method although the results are signiﬁcant,
there is more soft tissue detail transferred from the CT image to the fused image than the from MR image to the
fused image! This is the opposite of what is expected and means that these fusion algorithms are not providing
the correct result.
The graph cut methods produces lower average errors for the MR data than all the other methods. It also
produces lower average errors for the CT data than every method except the contourlet transform. However, as
noted above, the contourlet transform is not producing expected results. For the graph cuts, there is an error of
89.9 pixels for the bone data, which means more than 85% of bone data is transferred to the fused image. For
the soft tissue the error is 34.9 which means 95% of the soft tissue information is transferred to the fused images.
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Table 1. Average sum of squares of diﬀerences and statistical signiﬁcance. MR - Soft Tissue is the average pixel-wise
intensity diﬀerence between the soft tissue areas (disc, spinal cord and nerve tissue) in the MR image and the fused image
for all slices, The CT - Bone is the average pixel-wise intensity diﬀerence between the bone cortex areas in the CT image
and the fused image for all slices. CT - Soft Tisse is the diﬀerence between soft tissue areas in the CT image and the fused
image for all slices. MR - bone is the diﬀerence between the bone cortex areas in the MR image and the fused image for
all slices. These numbers are based on dynamic range of 700. ∗ See text, signiﬁcance is shown, but in the wrong direction.

MR - Soft Tissue

CT - Soft Tissue

P - Value

CT-Bone

MR-Bone

P - Value

82.0
83.5
91.5
34.9

82.0
81.4
78.1
142.8

1
< 0.0001
< 0.0001
< 0.0001

91.7
90.8
84.9
89.8

91.7
94.1
105.2
101.5

1
< 0.0001
< 0.0001
0.003

Average
DWT∗
CLT∗
Graph Cuts

3.3 Visual Inspection - Lumbar Spine, Joint and Disc Disease
The visual results of this method are shown in ﬁgure 4. The ﬁrst case shows a patient with a protruding spinal
disc and a damaged facet joint, see ﬁgure 4. The protruding disc can be seen in MR image, whereas the damage
facet joint is visible in the CT image. There is signiﬁcant osteoarthrytis in the joint. The fused image clearly
shows both of these pathologies in a single image allowing for a better diagnosis.

Protruding Disk

Damaged Facet
Joints

Damaged Facet
Joints

Protruding Disk
MR Image

Fused Image

CT Image

Figure 4. Images of damaged spine, left MR - showing bulging disk, middle - Fused image showing the disk, the spinal
cord and the damaged facet joints, right - CT image with damaged facet joints.

3.4 Visual Inspection - Osteophyte Growth
The second case study shows osteophyte growth (see ﬁgure 5), this is the formation of boney spurs at the
margins of a joint. On the MR image alone it is diﬃcult to see the location of the osteophyte. The CT shows
the osteophyte, but none of the surrounding soft tissue. The fused image shows both the formation of the boney
spurs and the surrounding soft tissue on a single image.

MR Image

Fused Image

CT Image

Figure 5. Images of boney spur formation, left MR - osteophyte not identiﬁable, middle Fused image - the osteophyte is
clearly visible along with surrounding soft tissue, right CT image showing the osteophyte, but no soft tissue.
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4. CONCLUSIONS
We have proposed a novel image fusion algorithm and applied it to images of the spine as a case study. We
successfully fused MR and CT images to create a single new image providing a new and eﬀective combined
modality for the images to be assessed. This has been validated to show statistical signiﬁcance and by visual
inspection of the resulting images. The graph cut results are statistically signiﬁcant with better performance
than the other methods tested. The graph cut method successfully transfers 85% of the bone detail to the fused
image and 95% of the soft tissue detail. This allows for better assessment of disease including disc disease and
osteophyte growth.
In the future we plan to apply this method to other parts of the musculo-skeletal system including the upper
and lower limbs. Interventional use of the proposed method is also an interesting research direction.
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