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Description

Technical Field

[0001] The present invention relates generally to image intensity standardization. More specifically, the invention
relates to methods and apparatuses for pre-processing and isolating specific components of a medical image for more
efficient intensity standardization.

Background

[0002] Magnetic resonance images (MRI) acquired with similar protocols but on different scanners will show dissimilar
intensity contrasts for the same tissue types. These variations are machine-dependant, and go beyond random or
systematic errors that can be corrected with image de-noising that are known in the art or bias field heterogeneity
estimation. This situation is particularly acute in large, multi-centric settings such as the Alzheimer’s Disease Neuroim-
aging Initiative (ADNI), in which data was acquired from 56 different centers in the United States and Canada. The ADNI
was launched in 2003 by the National Institute on Aging, the National Institute of Biomedical Imaging and Bioengineering,
the Food and Drug Administration, private pharmaceutical companies and non-profit organizations, as a $60-million, 5-
year public-private partnership. It collected data on more than 800 subjects for Alzheimer’s neuroimaging research.
[0003] Automated image-processing pipelines must be robust to these variations, if they are to provide reliable and
reproducible measurements that have clinical meaning. Thus, intensity standardization must be performed so that similar
intensities will have similar tissue meaning in the standardized images, regardless of scanner origin, location, type or
operator. Techniques exist to perform standardization, but they are essentially aimed at matching the image histogram
(i.e. from the image to be standardized) onto a standard or reference image histogram In particular, the technique of
Nyul et al. [Nyul, L.G., J.K. Udupa, and X. Zhang, New variants of a method of MRI scale standardization. IEEE Trans
Med Imaging, 2000. 19(2): p. 143-50.] matches percentile histogram landmarks (PCT), linearly interpolating intensities
between them. Applicant’s experience dictated that histogram matching should not be considered the unique objective,
as it may artificially distort image contrasts and therefore result in a loss of biological meaning, quite exactly the opposite
effect sought after. In some cases, two different tissue types can have a similar intensity profiles and therefore provide
inefficient intensity adjustment and/or intensity adjustments that are not adapted to the specific tissue type. Indeed,
intensity values alone do not inherently carry information about the tissue being observed. Rather, standardization should
be aimed at matching spatially corresponding tissue intensities to remove, as much as possible, scanner effects. Figure
1 shows a flowchart of a prior art methods for standardization.
[0004] In THE ALZHEIMER’S DISEASE NEUROIMAGING INITIATIVE ET AL: "Robust atrophy rate measurement in
Alzheimer’s disease using multi-site serial MRI: Tissue-specific intensity normalization and parameter selection", NEU-
ROIMAGE, ELSEVIER, AMSTERDAM, NL, vol.50, no. 2, 1 April 2010, pages 516-523, XP026908430, ISSN: 1053-8119,
DOI: 10.1016/J.NEIROIMAGE.2009.12.059 is discussed a method of standardizing intensity of a medical image.
[0005] One of the drawbacks of the prior art methods is that, in some cases, two different tissue types can have a
similar intensity profiles (for example CSF and background), and therefore provide inefficient intensity adjustment and/or
intensity adjustments that are not adapted to the specific tissue type.

Summary

[0006] Applicants have discovered that intensity standardization is best achieved by matching spatially corresponding
tissue intensities. Applicants present herein a novel automatic technique, called STI, which shares the simplicity and
robustness of histogram-matching techniques, but also incorporates tissue spatial intensity information. Applicants com-
pared STI to two histogram-matching techniques qualitatively, by visual inspection, and quantitatively, with four measures,
on two multi-centric datasets, namely ADNI and a similar initiative called the European ADNI (E-ADNI). Qualitatively,
STI showed better performance. This was reflected quantitatively by only one measure, the diagonal sum of the standard-
vs.-input joint-histogram, suggesting that histogram-matching measures and techniques cannot be considered entirely
appropriate.
[0007] It is therefore an object of the present invention to provide a new method of standardizing the intensity of a
medical image to a standard image according to claim 1.
[0008] In some embodiments of the present invention, a minimal and maximal data pair is added to provide a more
precise intensity data interpolation in the lower and upper intensity values.
[0009] In yet other embodiments, a pre-processing step can comprise scaling, filtering, intensity heterogeneity cor-
rection, de-noising, re-sampling, smoothing and an intensity adjustment formula can comprise any one or combination
of a linear, polynomial, basis-function (Gaussian, Bessel, Sine, Cosine, etc.) formula.
[0010] It is another object of the present invention to provide an apparatus for standardizing a medical image to a
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standard image according to claim 12.
[0011] In some embodiments of the apparatus, a visual display is utilized for presenting standardized images and in
others, a transmitter is utilized for transmitting the standardized image data to another location or computer.
[0012] It is yet another object to provide a method of determining a disease risk factor or of performing classification
of an image comprising receiving an unstandardized image, standardizing said image according to the present invention
and determining a disease risk factor or performing classification using said standardized image.
[0013] It is still another object to provide a system for automatically calculating a disease risk factor or medical clas-
sification based on a medical image comprising a standardization apparatus according to the present invention and a
calculator configured to process said standardized image to generate said disease risk factor or medical classification.

Brief Description of the Drawings

[0014] The invention, which is set out in the independent claims, will be better understood by way of the following
detailed description of embodiments of the invention with reference to the appended drawings, in which:

Figure 1 is a flow chart illustration of a prior art method for image intensity standardization.

Figure 2 is a flow chart illustration of a method for image intensity standardization according to the present invention.

Figure 3 shows sample masks used for isolating various image components such as grey matter, white matter, CSF
and background

Figure 4 is an illustrative example of the intensity adjustment method of the present invention using a joint histogram
approach for each tissue type and interpolating intensity correspondence between tissue types in piece-wise linear
fashion.

Figure 5a shows an example of an intensity histogram after standardization by the various methods indicated (PCT-
10, PCT-1, STI). Fig. 5b shows a measure used to determine standardization method effectiveness (in this case,
JHDS).

Figure 6 is a block diagram illustrating various components of an apparatus for image intensity standardization.

Figure 7 is a block diagram illustrating one possible physical setup of the present invention.

Figure 8 shows images for one subject at a specific MRI imaging site (site 1) in the E-ADNI study where a standard
image (a), an original image (b) and an original image standardized according to PCT-1 (c), PCT-10 (d), and STI
(e) methods are presented.

Figure 9 shows images for the same subject as that of figure 6 at another specific MRI imaging site (site 2) in the
E-ADNI study where a standard image (a), an original image (b) and an original image standardized according to
PCT-1 (c), PCT-10 (d), and STI (e) methods are presented.

Figure 10 shows images of the ADNI dataset, sorted according to MAE percentiles (A) 100, (B) 90, (C) 75, (D) 50,
(E) 25, (F) 10 and (G) 0 obtained for the foreground voxel set with L4. Images (A) and (G) correspond respectively
to the highest (worst) and lowest (best) MAE obtained in the foreground for L4.

Figure 11 shows images of the ADNI dataset, sorted according to MAE percentiles (A) 100, (B) 90, (C) 75, (D) 50,
(E) 25, (F) 10 and (G) 0 obtained for the foreground voxel set with STI. Images (A) and (G) correspond respectively
to the highest (worst) and lowest (best) MAE obtained in the foreground for STI.

Figure 12 shows images of grey matter (a), white matter (b) and cerebro-spinal fluid (c) generated with fuzzy logic
classification algorithms.

Detailed Description

[0015] Applicant’s objective was to design an automated technique that would be simple and robust, while incorporating
tissue-specific intensity information. Applicants herein report the development of a novel automated technique for STand-
ardization of Intensities (STI), which makes use of spatial correspondences and available tissue masks from the standard
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image to adjust the intensity of the input image. STI was compared to one variant of Nyul et al., referred as PCT-10,
and its modified form, referred as PCT-1, on two different multi-centric MRI datasets.
[0016] Figure 2 is a flowchart illustrating a method of image intensity standardization according to the present invention.
The method comprises receiving a test MRI image, pre-processing image (e.g. filter, scale, de-noise), registering image
to standard image, applying tissue-specific masks (e.g. BG, WM, GM, CSF), generating joint-histogram for each tissue
type, finding intensity correspondence with standard (joint-histogram maximum) for each tissue type, determining intensity
adjustments by interpolating intensity correspondence between tissue types and applying adjustments to input image.
[0017] In order to test out the new method on a real dataset, the European ADNI project (E-ADNI) dataset was obtained
with permission. It consisted in data from three healthy volunteers, herein referred as Subjects 1 to 3, that acted as
human quality control phantoms and that were scanned three times (scan; repeat scan, same session; rescan) within
the span of few weeks at seven different European centers, herein referred as Sites 1 to 7, using the ADNI 3D T1-
weighted MP-RAGE protocol taught by Jack et al. [Jack, C.R., Jr., et al., The Alzheimer’s Disease Neuroimaging Initiative
(ADNI): MRI methods. J Magn Reson Imaging, 2008. 27(4): p. 685-91]. In this study applicants used only the rescan
data since scan and repeat scan were missing for one subject at one site. Figures 8 and 9 show the results obtained
for Subject 1 at sites 1 and 2, respectively.
[0018] This dataset allowed the applicants to evaluate the performance of standardization techniques by avoiding
inter-subject intensity variations and focusing only on inter-scanner differences. Making the reasonable hypothesis that
subject tissue properties did not change between sites within the short study timeframe, a well-performing standardization
technique should output the same tissue intensities independently of the scanning site.
[0019] The second dataset was obtained via ADNI. It consisted in 735 baseline MRIs from controls, mild cognitive
impairment and probable Alzheimer’s disease subjects, acquired on 56 different 1.5T scanners (GE Medical Systems;
Siemens Healthcare; Philips Healthcare) using the aforementioned protocol of Jack et al. Data used in the preparation
of this article were obtained from the ADNI database (www.loni.ucla.edu/ADNI). For up-to-date information see www.adni-
info.org.

Pre-processing

[0020] All MRI volumes were pre-processed in a similar fashion using the MINC image processing toolbox2: a) raw
scanner intensity inhomogeneity correction; b) noise removal; c) linear scaling of grey level intensities to match the mean
level of a target image; d) global registration (12 degrees of freedom) to the standard image space as taught by Collins
et al. [Collins, D.L., et al., Automatic 3D Intersubject Registration of MR Volumetric Data in Standardized Talairach
Space. Journal of Computer Assisted Tomography, 1994. 18: p. 192--205.], maximizing the mutual information between
the two volumes; and e) resampling to a 1-mm3 isotropic grid. The standard image throughout this study was taken from
BrainWeb [Aubert-Broche, B., A.C. Evans, and L. Collins, A new improved version of the realistic digital brain phantom.
Neuroimage, 2006. 32(1): p. 138-45.] (normal brain, T1 image, 1-mm resolution, 0% noise, 0% non-uniformity). Global
non-linear registration to the standard image was also performed [D. L. Collins and A. C. Evans, "ANIMAL: Validation
and Applications of Nonlinear Registration Based Segmentation," International Journal of Pattern Recognition and Ar-
tificial Intelligence, vol. 11, pp. 1271--1294, 1997 1997.] Hereafter, the pre-processed images will be referred to as the
input images for the standardization techniques.). Intensity clamping can also be used in the pre-processing pipeline
and involves setting to zero all intensity values below the percentile value 0.01, setting to 100 all intensity values above
the percentile value 99.99, and linearly interpolating intensities between those limits. This step removes outliers of low
and high intensities and rescales the image intensity between 0 and 100.

Intensity Standardization

[0021] Global registration established spatial correspondence between standard and input images, allowing applicants
to compute a joint intensity histogram of the frequency distribution of intensity correspondences. From the most frequent
tissue-specific correspondences, STI computed an intensity mapping function that mapped the input image onto the
standard.
[0022] Since tissue intensities overlap, it was difficult to estimate tissue-specific correspondences from the global joint
histogram. To refine its estimates, STI thus used available BrainWeb tissue masks for the background, white matter and
grey matter. For each tissue, STI performed the following steps:

1. Mask both input and standard images, i.e. keep only the voxels contained in the tissue mask.

2. From the masked voxels, compute and smooth (with a Gaussian lowpass filter for example), the standard-vs.-input
joint intensity histogram.
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3. Find the two-dimensional (2D) position of the maximum in the joint histogram. The maximum corresponds to the
most frequent intensity correspondence (intensity data pair) between the input and standard images for the current
tissue. The 2D coordinates correspond to the intensity values of the input and standard images. Applicants supposed
that this point corresponds to the input-to-standard intensity mapping for the current tissue.

[0023] The 2D intensity points obtained for each tissue were used as control points in the mapping function. To this
set, STI added two extra points: the first (0,0) mapped both minimum intensities in the input and standard images, and
the second (100,100), the maximum values. STI finally completed the mapping function by linearly interpolating intensities
between the 2D points.
[0024] Applicants compared STI to the histogram-matching technique described in Nyul et al. as L4, which uses
percentile landmarks spaced by 10%. Herein, the technique is referred as PCT-10. Applicants also compared STI to a
modified version using landmarks spaced by 1% for better histogram matching. This technique is herein referred as PCT-1.

Comparison Measures

[0025] Applicants first visually inspected all standardized images and qualitatively compared the standardization tech-
niques. The problem was then to define a measure that applicants could use to perform a quantitative comparison. Since
applicants think that standardization should aim at matching corresponding tissue intensities, applicants needed meas-
ures that would evaluate both histogram matching and spatial intensity correspondence. Applicants thus performed a
comparison based on the following four measures:

1. Kullback-Leibler divergence (KLD) with respect to standard. Applicants used KLD to evaluate histogram matching.
It measures the difference between the histograms of the standardized and the standard images. KLD does not
depend on spatial correspondence.

2. Mean absolute error (MAE), with respect to standard, i.e. mean absolute intensity difference between the stand-
ardized and the standard images over the entire image volume. MAE depends on spatial correspondence between
the standard and the input images.

3. Normalized mutual information with respect to input (NMI) as shown in Studholme et al. [Studholme, C., D.L.G.
Hill, and D.J. Hawkes, An overlap invariant entropy measure of 3D medical image alignment. Pattern Recognition,
1999. 32(1): p. 71-86.]. Although NMI does not assess standardization performance, applicants used that measure
to evaluate how the standardization affects the input image. As NMI decreases, information is lost in the standard-
ization process.

4. Joint-histogram diagonal sum with respect to standard (JHDS), i.e. the sum of the diagonal bins of the joint
histogram of standard vs. standardized images. Applicants note that the bin size corresponded to a 1% intensity
variation. The rationale behind this proposed measure is that the joint histogram of the standard vs. input images
should present higher frequencies on its diagonal after standardization. Ideally, if the standardization was perfect,
the joint histogram would be concentrated on the diagonal only, mapping each intensity value of the input image to
the same value for the standard image. JHDS depends on spatial correspondence between the standard and the
input images.

[0026] By visual inspection of the E-ADNI dataset, STI gave overall the best results, followed by PCT-1 and PCT10,
on the E-ADNI dataset (a complete set of drawings is publicly available at the following permanent web link:

http://medics.crulrg.ulaval.ca/

[0027] Figure 8 shows the standardized images for Subject 1 at site 1 and figure 9 shows the standardized images
for Subject 1 at site 2 using the three techniques. For the most challenging cases, Sites 6 and 7, STI showed the best
performance, while PCT-10 and PCT-1 underestimated the white matter intensity for Site 6 and overestimated it for Site
7. Applicants obtained similar results for Subjects 2 and 3. It will be appreciated that interpretation of these images is
facilitated by viewing on a single page and on a color scale. However, for the purposes of this application, all images
where transformed to grey scale. The spatial coordinates for all images of figures 8 and 9 are (x,y,z; 0,-18,18).
[0028] Table 1 presents the quantitative results of the four measures obtained for the standardizations of Fig. 8.
Unsurprisingly, PCT-1 gave the lowest KLD values in all cases, showing that it is the best histogram-matching technique.
However, STI gave overall the best results for MAE and JHDS. As for NMI, PCT-1 gave the poorest values.
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[0029] Qualitatively, STI gave again better results overall for the ADNI dataset, followed by PCT-1 and PCT-10.
Applicants provide three image examples for qualitative evaluation at http://medics.crulrg.ulaval.ca/. Focusing on PCT-
10 and PCT-1, the white matter intensity was underestimated in (A), while it was overestimated in (B) and (C). Applicants
also note that the cerebrospinal fluid (CSF) intensity was overestimated for all three images, especially in (B) and (C).
For the three cases, STI gave the best results. In particular, applicants note that the CSF intensity was kept similar to
the original image and background of the standard.
[0030] Quantitative results obtained for the three examples above followed the same trend as for the whole ADNI
dataset. In Table 2, applicants show the mean and standard deviation of KLD, MAE, NMI and JHDS for the whole dataset.
PCT-1 gave the best results for KLD and MAE, followed by PCT-10. STI showed better NMI and JHDS, matching
applicant’s visual, qualitative evaluation. Applicants also performed two-sample t-tests between standardization methods
for each measure. Distributions were all significantly different (p-value < 0.001), except for one case: between PCT-10
and PCT-1, JHDS distributions were not, with a p-value of 0.439.

[0031] According to the KLD measure, PCT-1 was better than STI, showing superior histogram matching. However,
as shown qualitatively in Fig. 8, STI showed better spatially-distributed intensity matching. For MAE, STI showed the
best scores overall with the E-ADNI dataset, but the worst with the ADNI dataset. Those results suggest that KLD and
MAE measures, along with histogram-matching techniques, cannot be considered entirely appropriate.
[0032] In fact, one of applicants’ main challenges was to determine which measure to use to assess standardization
technique performances. One objective in finding such a measure would be to use an optimization method to find a
better intensity mapping function.
[0033] While NMI suggested that more information from the input image was kept for STI than for PCT-1 or PCT-10
with the ADNI dataset, this measure cannot be used for that purpose since it compares the standardized image with the
input image, not with the standard.

Table 1. KLD, MAE, NMI, and JHDS measures obtained for the seven images (Site 1 to 7) acquired on Subject 1 
and shown in Fig. 8 in the E-ADNI dataset. Best scores are highlighted in bold characters. Referring to Fig. 8, JHDS 

reflects the qualitative evaluation.

Measure Method Site 1 Site 2 Site 3 Site 4 Site 5 Site 6 Site 7

KLD

Original 0.344 0.253 0.226 0.184 0.138 0.742 0.560
PCT-10 0.128 0.074 0.094 0.067 0.084 0.045 0.103
PCT-1 0.003 0.007 0.047 0.002 0.066 0.028 0.009

STI 0.163 0.136 0.073 0.119 0.115 0.095 0.141

MAE

Original 0.080 0.085 0.072 0.075 0.072 0.082 0.093

PCT-10 0.070 0.078 0.071 0.074 0.071 0.075 0.082
PCT-1 0.072 0.076 0.070 0.074 0.071 0.075 0.077

STI 0.066 0.074 0.066 0.073 0.070 0.077 0.071

NMI

Original 1 1 1 1 1 1 1
PCT-10 0.876 0.867 0.899 0.878 0.882 0.868 0.862
PCT-1 0.861 0.863 0.891 0.876 0.882 0.863 0.860

STI 0.860 0.874 0.925 0.858 0.884 0.866 0.874

JHDS

Original 0.128 0.155 0.120 0.111 0.176 0.062 0.092
PCT-10 0.117 0.145 0.157 0.112 0.157 0.152 0.126

PCT-1 0.116 0.150 0.159 0.115 0.159 0.151 0.129
STI 0.154 0.171 0.177 0.131 0.170 0.158 0.163

Table 2. Mean and standard deviation, in parentheses, of KLD, MAE, NMI and JHDS measures obtained for the whole 
ADNI dataset. Best scores are highlighted in bold characters.

Method KLD MAE NMI JHDS

PCT-10 0.065 (0.026) 0.077 (0.005) 0.867 (0.012) 0.142 (0.014)
PCT-1 0.013 (0.024) 0.076 (0.004) 0.860 (0.014) 0.141 (0.015)

STI 0.160 (0.055) 0.079 (0.005) 0.885 (0.017) 0.167 (0.012)
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[0034] JHDS seemed to follow best applicants’ qualitative evaluation by visual inspection. Those results lead the
applicants to believe that it is a first step toward an appropriate performance measure.
[0035] Although a limitation of STI is that global linear registration is necessary, visual inspection showed that STI
performed better than PCT-10 and PCT-1. With this new technique, applicants were able to successfully standardize
intensities in two multi-centric datasets.
[0036] It will be understood that a "mask" of an image component allow to isolate specific areas of the image which
can correspond to specific tissue types such as grey matter, white matter, CSF and background. It will be appreciated
in Figure 3 that the image components being masked are those in white. Any pixel/voxel not appearing in the mask is
discarded and any pixel/voxel from the test image and standard image corresponding to the location of a pixel/voxel in
the mask will be retained for further analysis such as generating joint histograms. In this case, applicants used brain
masks obtained from the McGill Brain Imaging Center.
[0037] Registration is the process of identifying the transformations (rotation, translation, scaling, etc) that maximize
the cross-correlation between characteristics from the standard and test images, estimated at each pixel/voxel position.
[0038] Figure 4 schematically illustrates intensity adjustment of a medical image according to the present invention.
A dot plot joint-histogram of medical image intensity (x axis) and standard image intensity (y axis) for each pixel/voxel
is presented. Sample dot clouds for grey matter and white matter are provided. If two identical images were compared
with this method, a line with a slope (m) of 1 and a y-intercept (b) of 0 would be obtained. In this example,

• if X is less than intensity 35, y=m1x+b1,
• if X is between 35 and 50, y=m2x+b2
• if X is greater than 50, y=m3x+b3

where b is the y-intercept and m is the slope of the line (formula).
[0039] A specific linear formula of the type y=mx+b is used. The "adjusted" intensity (y value) for any medical image
intensity (x value) depends on the value of X and its proximity to a tissue component. For example, if the intensity value
of the pixel/voxel of the medical image to be standardized is 30, then the formula used will be y=m1x+b1. However, if
the intensity value of the pixel/voxel of the medical image to be standardized is 60, then the formula used will be y=m3x+b3,
and so on. It will be appreciated that the more image components in a medical image, the more formulas will be used
to "adjust" the medical image intensity value. It will be understood by those skilled in the art the formula need not be a
linear formula it could also be, for example, a polynomial formula. As discussed above, minimum and maximum data
points were added. In this example, the presence of two image components would allow to generate only one linear
formula that would not be efficient for low or high intensity values. By adding the minimum and maximum points, the
"adjustment" to low and high values generates a more useful standardized image.
[0040] In cases where only 1 image component is used (i.e. one mask isolates one tissue type and all other tissues
are discarded from the image), having the minimum and maximum allows to calculate 2 linear formulas. Without these
added points, it would not be possible to provide an intensity adjustment factor.
[0041] Figure 5 shows an example of an intensity histogram after standardization by the various methods indicated
(PCT-10, PCT-1, STI) as well as one of the statistical measures (JHDS) used to determine standardization method
effectiveness.
[0042] Figure 6 is a block diagram illustrating various components of an apparatus for image intensity standardization.
In such an apparatus, a source of medical images and a source of standard images are required. An image pre-processor
pre-processes the medical image to facilitate its registration by the registrator. Masking specific tissues with the com-
ponent isolator is an essential part of the present invention. Once tissues are isolated, the highest frequency data pair
is retained for each tissue and used in the intensity adjustment calculator which generates an "adjustment factor" to be
applied to all pixels/voxels of the medical image as a function of their proximity to the high frequency data pair. Once
adjusted or standardize, the image can be presented on a viewer or image data can be transmitted to another loca-
tion/computer. It will be appreciated that most aspects of this diagram can be performed by a computer using software
programmed to carry out the described method.
[0043] Figure 7 is a block diagram illustrating one possible physical setup of the present invention. In this setup, a
subject is placed inside an MRI machine for generating an image of his brain. In this case the imaging is performed by
radio frequency emitters/sensors that are placed inside the MRI machine. The RF sensors can send data to an image
capture device for generating a viewable image of the brain. The image thereby generated must be pre-processed. After
pre-processing, the image is ready to be registered with a standard image representing the same "brain volume" obtained
from an image database. After registration of the image to the standard image, masks are applied in order to isolate
specific tissue types. These masks can also be obtained from a mask database. A processor/calculator determines the
adjustment to be performed as a function of intensity and prepares a standardized image that can be viewed on an
image viewer or transmitter with a data transmitter.
[0044] Figure 8 shows images for one subject at a specific MRI imaging site in the E-ADNI study where a standard



EP 2 591 456 B1

9

5

10

15

20

25

30

35

40

45

50

55

image (a), an original image (b) and an original image standardized according to PCT-1 (c), PCT-10 (d), and STI (e)
methods are presented. This is to provide an example and highlight the effectiveness of the STI approach for intra-
subject variability on different imaging devices (in this case MRI machine).
[0045] Figure 9 shows images for the same subject as that of figure 6 at another specific MRI imaging site in the E-
ADNI study where a standard image (a), an original image (b) and an original image standardized according to PCT-1
(c), PCT-10 (d), and STI (e) methods are presented. This is to provide an example and highlight the effectiveness of the
STI approach for intra-subject variability on different imaging devices (in this case MRI machine).
[0046] It will be appreciated that not all images corresponding to the statistical results of table 1 are shown herein.
Selected examples for two of the seven sites tested are shown in figures 8 and 9 and these images correspond to sites
1 and 2. A complete set of drawings, including those corresponding to table 2 are publicly available at the following web link:
http://medics.crulrg.ulaval.ca/
[0047] Figures 10 and 11 present ADNI images sorted according to MAE percentiles 100 (A), 90 (B), 75 (C), 50 (D),
25 (E), 10 (F) and 0 (G) for the foreground voxel set. Images (A) and (G) thus give the highest (worst) and lowest (best)
MAE, respectively, for L4 (Figure 10) and STI (Figure 11). From top to bottom: input images, standard image, and images
standardized with L4 and STI, respectively.

[0048] Qualitatively, although foreground MAE decreases from (A) to (G), a corresponding improvement in WM is not
necessarily observed. This is also shown in Table 3, where foreground, WM and GM MAE values are given for each
image of Figures 10 and 11. MAE values for GM do not necessarily follow the trend for the foreground either.
[0049] Interestingly, as shown in Table 3, L4 and STI can both result in higher (worse) MAE than with no standardization
(see Figure 11 (A) and (C) for WM). In other words, the WM intensity of the non-standardized image, in these cases, is
closer to the standard than the WM intensity given by L4 and STI.
[0050] Finally, for the images presented in Figures 10 and 11, Table 3 reveals that STI gave the lowest MAE values
in 26 cases (foreground: 7, WM: 10, GM: 9) vs. 16 for L4 (foreground: 7, WM: 4, GM: 5). It must be noted that this sample
is not representative of the whole ADNI dataset, as we artificially selected images to display at each MAE percentiles
for each standardization technique.
[0051] In some embodiments, fuzzy logic can be exploited to generate tissue-specific masks using classification

Table 3. MAE (%) of the ADNI images presented in Figures 4 and 5, obtained for the foreground, WM and GM. Best 
(lowest) MAE values are highlighted in bold characters.

Figure Voxel Set Tech. (A) (B) (C) (D) (E) (F) (F)

Fig. 10

Foreground

Original 21.27 13.93 11.94 12.14 9.90 8.85 7.87

L4 11.07 9.84 9.41 9.02 8.62 8.30 7.50

STI 9.93 9.71 9.24 8.81 8.69 8.48 7.56

WM

Original 27.89 16.65 12.90 11.28 6.88 5.08 4.04

L4 8.60 7.05 6.32 4.59 4.19 5.04 3.67

STI 4.42 4.86 4.03 4.04 4.40 4.34 3.64

GM

Original 22.61 14.31 11.24 10.77 7.58 7.20 5.62

L4 9.99 8.58 7.52 6.65 6.04 6.70 4.97

STI 8.75 8.05 7.03 6.50 6.43 6.50 5.31

Fig. 11

Foreground

Original 12.14 11.77 10.10 10.90 10.13 10.29 8.93

L4 10.64 9.70 8.88 8.92 8.77 8.24 7.67

STI 12.05 10.11 9.60 9.05 8.57 8.23 7.32

WM

Original 8.04 9.38 5.34 10.01 7.68 8.30 6.43

L4 6.49 5.26 6.32 5.70 4.95 4.28 4.02

STI 8.24 5.94 5.00 4.11 4.89 4.32 3.69

GM

Original 10.72 10.00 8.30 9.21 8.59 8.19 7.37

L4 8.99 7.63 7.71 6.83 6.90 6.23 5.89

STI 10.59 8.12 7.69 6.70 6.79 6.29 5.49
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algorithms. In other embodiments fuzzy logic classification [M. Ozkan, B. M. Dawant, and R. J. Maciunas, "Neural-
networkbased segmentation of multi-modal medical images: A comparative and prospective study," IEEE Trans. Med.
Imag., vol. 12, pp. 534-544, Sept.; and Zijdenbos, AP, Dawant BM, Margolin RA, Palmer AC "Morphometric Analysis of
White Matter Lesions in MR images: Methods and Validation", IEEE Trans. Med. Imag., Vol. 13, NO. 4, December 1994],
can be used at the end of the processing pipeline whereby, after being processed, each image is fed to a fuzzy classification
algorithm. The resultant classification gives a probability map for each tissue (e.g. CSF, GM and WM), with each voxel
value ranging from 0 to 1. Examples are presented in figure 12 for GM (a), WM (b) and CSF (c), respectively. This
procedure yields to a standardization of intensities for each tissue, intensity values being on a same common scale (0
to 1), and, in addition to providing a useful unit of measure, provides images with better overall intensity standardization.
[0052] In some embodiments of the present invention, "Background" is included as a tissue type for the purpose of
this application. It will be understood that background is not really a tissue type but rather the absence of any other tissue.
[0053] STI uses spatial correspondence and joint intensity histograms between the inputand standard images to find
modes and use them as landmarks in the intensity mapping function. As demonstrated in this study, using spatial
correspondence improves the standardization quality.
[0054] While the invention has been described in connection with specific embodiments thereof, it will be understood
that it is capable of further modifications and this application is intended to cover any variations, uses, or adaptations of
the invention following, in general, the principles of the invention and including such departures from the present disclo-
sures as come within known or customary practice within the art to which the invention pertains and as may be applied
to the essential features herein before set forth, and as follows in the scope of the appended claims.

Claims

1. An automated method of standardizing intensity of a medical image comprising:

registering said medical image to a standard image;
applying a plurality of masks to said medical image and applying corresponding masks to said standard image
for isolating image components; characterized by determining the most common intensity data pair between
said medical image and said standard image for each isolated image component;
calculating a formula that joins the most common intensity data pair of each image component, wherein said
formula is one of a linear, polynomial and basis-function formula, and wherein said basis-function formula is
one of a Gaussian, Bessel, Sine and Cosine formula; and
interpolating an intensity data adjustment using said formula and applying it to said medical image data to
generate a standardized version of said medical image.

2. The method of claim 1, further comprising establishing at least one of a minimal and maximal data pair between
test and standard images, wherein said minimal and/or maximal data pair allows for more precise intensity data
interpolation.

3. The method of claim 1 or 2, further comprising pre-processing said medical image.

4. The method of claim 3, wherein said pre-processing comprises one or more of filtering, intensity heterogeneity
correction, de-noising, re-sampling, smoothing, scaling and clamping.

5. The method of any one of claim 1 to 4, wherein said medical image is an MRI image.

6. The method of claim 5, wherein said MRI image is a brain image.

7. The method of claim 6, wherein said brain image is from a patient with Alzheimer’s disease.

8. The method of any one of claim 1 to 7, wherein said image component is a tissue type.

9. The method of claim 8, wherein said tissue type is one of grey matter, white matter, cerebrospinal fluid and back-
ground.

10. The method of any one of claims 1 to 9, further comprising converting said intensity value into a probability value
of being a tissue type using a fuzzy logic classification algorithm.
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11. The method of claim 1, comprising
determining a disease risk factor or performing classification on the standardized version of the medical image.

12. An apparatus for standardizing a medical image to a standard image comprising:

an image registrator for registering said medical image to said standard image;
a component isolator for isolating specific image components by applying a plurality of masks to said medical
image and applying corresponding masks to said standard image for isolating image components, characterized
by determining the most common intensity data pair between said medical image and said standard image for
each isolated image component;
a data pair frequency selector for selecting the most common intensity data pair;
an intensity adjustment calculator for calculating a formula that joins the most common intensity data pair of
each image component, wherein said formula is one of a linear, polynomial and basis-function formula, and
wherein said basis-function formula is one of a Gaussian, Bessel, Sine and Cosine formula; and
an intensity adjuster for interpolating an intensity data adjustment using said formula and applying it to said
medical image to generate a standardized version of said medical image.

13. The apparatus of claim 12, wherein the component isolator is a tissue-specific mask.

14. The apparatus of claim 12 or 13, further comprising:
a calculator configured to process said standardized image to generate a disease risk factor or medical classification.

Patentansprüche

1. Automatisiertes Verfahren zum Standardisieren der Intensität eines medizinischen Bildes, umfassend:

Registrieren des medizinischen Bildes zu einem Standardbild;
Anwenden einer Mehrzahl von Masken auf das medizinische Bild und Anwenden von entsprechenden Masken
auf das Standardbild zum Isolieren von Bildkomponenten; gekennzeichnet durch
Bestimmen des die größte Gemeinsamkeit aufweisenden Intensitätsdatenpaares zwischen dem medizinischen
Bild und dem Standardbild für jede isolierte Bildkomponente;
Berechnen einer Formel, die das die größte Gemeinsamkeit aufweisende Intensitätsdatenpaar jeder Bildkom-
ponente vereint, wobei die Formel eine lineare oder polynomische oder Basisfunktionsformel ist und wobei die
Basisfunktionsformel eine Gaußsche oder Bessel- oder Sinus- oder Kosinusformel ist; und
Interpolieren einer Intensitätsdatenangleichung unter Verwendung der Formel und Anwenden derselben auf
die medizinischen Bilddaten, um eine standardisierte Version des medizinischen Bildes zu generieren.

2. Verfahren nach Anspruch 1, ferner umfassend das Bilden eines Minimal- oder/und Maximaldatenpaares zwischen
Test- und Standardbildern, wobei das Minimal- und/oder Maximaldatenpaar eine präzisere Intensitätsdateninterpo-
lation ermöglicht.

3. Verfahren nach Anspruch 1 oder 2, ferner umfassend das Vorverarbeiten des medizinischen Bildes.

4. Verfahren nach Anspruch 3, wobei das Vorverarbeiten eines oder mehrere der Folgenden umfasst: Filtern, Inten-
sitätsheterogenitätskorrektur, Entrauschen, Neuabtasten, Glätten, Skalieren und Klemmen.

5. Verfahren nach einem der Ansprüche 1 bis 4, wobei das medizinische Bild ein MRI-Bild ist.

6. Verfahren nach Anspruch 5, wobei das MRI-Bild ein Gehirnbild ist.

7. Verfahren nach Anspruch 6, wobei das Gehirnbild von einem Alzheimer-Patienten stammt.

8. Verfahren nach einem der Ansprüche 1 bis 7, wobei die Bildkomponente ein Gewebetyp ist.

9. Verfahren nach Anspruch 8, wobei der Gewebetyp graue Substanz oder weiße Substanz oder Zerebrospinalflüs-
sigkeit oder Hintergrund ist.
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10. Verfahren nach einem der Ansprüche 1 bis 9, ferner umfassend das Umwandeln des Intensitätswertes in einen
Gewebetypwahrscheinlichkeitswert unter Verwendung eines Fuzzylogik-Klassifizierungsalgorithmus.

11. Verfahren nach Anspruch 1, umfassend:
Bestimmen eines Krankheitsrisikofaktors oder Durchführen einer Klassifizierung an der standardisierten Version
des medizinischen Bildes.

12. Vorrichtung zum Standardisieren eines medizinischen Bildes zu einem Standardbild, umfassend:

einen Bildregistrierer zum Registrieren des medizinischen Bildes zu dem Standardbild;
einen Komponentenisolierer zum Isolieren von spezifischen Bildkomponenten durch Anwenden einer Mehrzahl
von Masken auf das medizinische Bild und Anwenden von entsprechenden Masken auf das Standardbild zum
Isolieren von Bildkomponenten, gekennzeichnet durch das Bestimmen des die größte Gemeinsamkeit auf-
weisenden Intensitätsdatenpaares zwischen dem medizinischen Bild und dem Standardbild für jede isolierte
Bildkomponente;
einen Datenpaarfrequenzwähler zum Wählen des die größte Gemeinsamkeit aufweisenden Intensitätsdaten-
paares;
einen Intensitätsangleichungsrechner zum Berechnen einer Formel,
die das die größte Gemeinsamkeit aufweisende Intensitätsdatenpaar jeder Bildkomponente vereint,
wobei die Formel eine lineare oder polynomische oder Basisfunktionsformel ist und wobei die Basisfunktions-
formel eine Gaußsche oder Bessel- oder Sinus- oder Kosinusformel ist; und
einen Intensitätsangleicher zum Interpolieren einer Intensitätsdatenangleichung unter Verwendung der Formel
und Anwenden derselben auf das medizinische Bild, um eine standardisierte Version des medizinischen Bildes
zu generieren.

13. Vorrichtung nach Anspruch 12, wobei der Komponentenisolierer eine gewebespezifische Maske ist.

14. Vorrichtung nach Anspruch 12 oder 13, ferner umfassend:
einen Rechner, der so konfiguriert ist, dass er das standardisierte Bild verarbeitet, um einen Krankheitsrisikofaktor
oder eine medizinische Klassifizierung zu generieren.

Revendications

1. Procédé automatisé de normalisation de l’intensité d’une image médicale, comprenant les étapes consistant à :

référencer ladite image médicale par rapport une image standard ;
appliquer une pluralité de masques à ladite image médicale et appliquer des masques correspondants à ladite
image standard pour isoler des composants d’image ; caractérisé par les étapes consistant à
déterminer la paire de données d’intensité la plus commune entre ladite image médicale et ladite image standard
pour chaque composant d’image isolé ;
calculer une formule qui joint la paire de données d’intensité la plus commune de chaque composant d’image,
dans lequel ladite formule est l’une de formules linéaire, polynomiale et de fonction de base, et dans lequel
ladite formule de fonction de base est l’une de formules gaussienne, de Bessel et sinus et cosinus ; et
interpoler un ajustement de données d’intensité à l’aide de ladite formule et l’appliquer auxdites données d’image
médicale pour générer une version normalisée de ladite image médicale.

2. Procédé selon la revendication 1, comprenant en outre l’étape consistant à établir au moins l’une d’une paire de
données minimum et maximum entre des images de test et des images standard, ladite paire de données minimum
et/ou maximum permettant une interpolation de données d’intensité plus précise.

3. Procédé selon la revendication 1 ou 2, comprenant en outre le traitement préalable de ladite image médicale.

4. Procédé selon la revendication 3, dans lequel ledit traitement préalable comprend un ou plusieurs parmi un filtrage,
une correction d’hétérogénéité d’intensité, un débruitage, un ré-échantillonnage, un lissage, une mise à l’échelle et
un calage.

5. Procédé selon l’une quelconque des revendications 1 à 4, dans lequel ladite image médicale est une image IRM.
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6. Procédé selon la revendication 5, dans lequel ladite image IRM est une image cérébrale.

7. Procédé selon la revendication 6, dans lequel ladite image cérébrale provient d’un patient atteint de la maladie
d’Alzheimer.

8. Procédé selon l’une quelconque des revendications 1 à 7, dans lequel ledit composant d’image est un type de tissu.

9. Procédé selon la revendication 8, dans lequel ledit type de tissu est un parmi la matière grise, la substance blanche,
le liquide céphalo-rachidien et le fond.

10. Procédé selon l’une quelconque des revendications 1 à 9, comprenant en outre la conversion de ladite valeur
d’intensité en une valeur de probabilité d’être un type de tissu en utilisant un algorithme de classification à logique
floue.

11. Procédé selon la revendication 1, comprenant
la détermination d’un facteur de risque de maladie ou la mise en oeuvre d’une classification sur la version normalisée
de l’image médicale.

12. Appareil pour normaliser une image médicale en une image standard, comprenant :

un dispositif de référence d’image pour référencer ladite image médicale par rapport à ladite image standard ;
un isolateur de composant pour isoler des composants d’image spécifiques en appliquant une pluralité de
masques à ladite image médicale et en appliquant des masques correspondants à ladite image standard pour
isoler des composants d’image, caractérisé par la détermination de la paire de données d’intensité la plus
commune entre ladite image médicale et ladite image standard pour chaque composant d’image isolé ;
un sélecteur de fréquence de paire de données pour sélectionner la paire de données d’intensité la plus
commune ;
un calculateur d’ajustement d’intensité pour calculer une formule qui joint la paire de données d’intensité la plus
commune de chaque composant d’image,
dans lequel ladite formule est l’une d’une formule linéaire, polynomiale ou de fonction de base, et dans laquelle
ladite formule de fonction de base est l’une des formules gaussienne, de Bessel et sinus et de cosinus ; et
un ajusteur d’intensité pour interpoler un ajustement de données d’intensité en utilisant ladite formule et l’ap-
pliquer à ladite image médicale pour générer une version normalisée de ladite image médicale.

13. Appareil selon la revendication 12, dans lequel l’isolateur de composant est un masque spécifique à un tissu.

14. Appareil selon la revendication 12 ou 13, comprenant en outre :
un calculateur configuré pour traiter ladite image normalisée afin de générer un facteur de risque de maladie ou
une classification médicale.
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