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(57) ABSTRACT 

A method, system, and computer program product for ana­
lyzing a medical image to determine a measure of bone 
strength, comprising identifying plural regions of interest 
(ROis) in the medical image; calculating at least one texture 
feature value for each ROI; averaging the at least one texture 
feature value calculated for each ROI to obtain at least one 
average texture feature value; and determining the measure 
of bone strength based on the at least one average texture 
feature value using a classifier. Alternatively, the image data 
in each ROI is first transformed into the frequency domain 
and averaged to obtain an average image. This process 
reduces noise and improves the performance of the system. 
The assessment of bone strength and/or osteoporosis is used 
as a predictor of risk of fracture. 
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AUTOMATED METHOD AND SYSTEM FOR THE 
DIFFERENTIATION OF BONE DISEASE ON 

RADIOGRAPHIC IMAGES 

CROSS-REFERENCE TO CO-PENDING 
APPLICATIONS 

[0001] The present application is related to and claims 
priority to U.S. Provisional Application Serial No. 60/331, 
995, filed Nov. 23, 2001. The contents of that application are 
incorporated herein by reference. 

[0002] The present invention was made in part with U.S. 
Government support under grant number ROI AR42739 
from the National Institute of Health. The U.S. Government 
may have certain rights to this invention. 

BACKGROUND OF THE INVENTION 

[0003] 1. Field of the Invention 

[0004] The invention relates generally to a method and 
system for the computerized diagnosis of bone disease on 
radiographic images. 

[0005] The present invention also generally relates to 
computerized techniques for automated analysis of digital 
images, for example, as disclosed in one or more of U.S. Pat. 
Nos. 4,839,807; 4,841,555; 4,851,984; 4,875,165; 4,907, 
156; 4,918,534; 5,072,384; 5,133,020; 5,150,292; 5,224, 
177; 5,289,374; 5,319,549; 5,343,390; 5,359,513; 5,452, 
367; 5,463,548; 5,491,627; 5,537,485; 5,598,481; 5,622, 
171; 5,638,458; 5,657,362; 5,666,434; 5,673,332; 5,668, 
888; 5,732,697; 5,740,268; 5,790,690; 5,832,103; 5,873, 
824; 5,881,124; 5,931,780; 5,974,165; 5,982,915; 5,984, 
870; 5,987,345; 6,011,862; 6,058,322; 6,067,373; 6,075, 
878; 6,078,680; 6,088,473; 6,112,112; 6,138,045; 6,141, 
437; 6,185,320; 6,205,348; 6,240,201; 6,282,305; 6,282, 
307; 6,317,617; 6,335,980, 6,363,163; 6,442,287, 6,466, 
689; 6,470,092; 6,483,934 as well as U.S. patent application 
Ser. Nos. 09/692,218; 09/759,333; 09/760,854; 09/773,636; 
09/816,217; 09/830,562; 09/818,831; 09/860,574; 10/270, 
674; 10,292,625; No. 60/395,305; and co-pending applica­
tion Ser. Nos. 09/990,311 and 09/990,310; and PCT patent 
applications PCT/US00/41299; PCT/US0l/00680; PCT/ 
US0l/01478 and PCT/US0l/01479, all of which are incor­
porated herein by reference. 

[0006] The present invention includes use of various tech­
nologies referenced and described in the above-noted U.S. 
patents and applications, as well as described in the refer­
ences identified in the following LIST OF REFERENCES 
by the author(s) and year of publication and cross referenced 
throughout the specification by reference to the respective 
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Physics 26: 2295-2300, 1999 

[0052] 46. Jiang C, Giger ML, Kwak S, Chinander M 
R, Martell J M, Favus M J: Normalized BMD as a 
predictor of bone strength. Academic Radiology 7: 
33-39, 2000. 

[0053] 47. Chinander M R, Giger M L, Martell J M, 
Favus M J: Computerized analysis of radiographic 
bone patterns: Effect of imaging conditions on perfor­
mance. Medical Physics 27: 75-85, 2000. 

[0054] 2. Discussion of the Background 

[0055] Although there are many factors that affect bone 
quality, two primary determinants of bone mechanical prop­
erties are bone mineral density (BMD) and bone structure. 
Among the density and structural features extracted from 
bone using various techniques, researchers agree that BMD 
is the single most important predictor of bone strength as 
well as disease-conditions, such as osteoporosis. Studies 
have shown a correlation between BMD and bone strength 
(see references 1, 3, and 8). For this purpose, a range of 
techniques have been developed to measure BMD and to 
evaluate fracture risk, to diagnose osteoporosis, to monitor 
therapy of osteoporosis, and to predict bone strength (see 
references 3, 6 and 13). 

[0056] The standard technique for noninvasive evaluation 
of bone mineral status is bone densitometry. Among various 
techniques for bone densitometric measurement, dual 
energy X-ray absorptiometry (DXA) is relatively inexpen­
sive, low in radiation dose ( <5 FSv effective dose equiva­
lent), and of high accuracy (about 1 %) and precision (about 
1 %) (see references 9, 14). DXA has gain widespread 
clinical acceptance for the routine diagnosis and monitoring 
of osteoporosis. In addition, DXA can be directly used to 
measure whole bone geometric features (see references 5, 7, 
9, and 16). The BMD measurement from DXA, however, is 
only moderately correlated to bone mechanical properties, 
and has limited power in separating the patients with and 
without osteoporosis-associated fractures (see reference 2). 
DXA is an integral measure of cortical and trabecular bone 
mineral content along the X-ray path for a given projected 
area and only measures bone mass, not bone structure. As a 
consequence, DXA measurements are bone-size dependent 
and yield only bone mineral density per unit area (g/cm2

) 

instead of true density, i.e., volumetric bone mineral density 
(g/cm3

). Therefore, if the BMD measurements of patients 
with different bone sizes are compared, the results can be 
misleading. 

[0057] Although the effect of bone size on area BMD 
using DXAis apparent (see references 4 and 15), only a few 
studies (see references 3, 10, and 12) have been performed 
to account for such a bias. To compensate for the effect of 
bone size for vertebral bodies, researchers have developed 
an analysis method and suggested a new parameter, bone 
mineral apparent density (BMAD), as a measure of volu­
metric bone mineral density (see reference 4). 

[0058] In clinical application, because of bone size varia­
tion, it is impossible to measure true volumetric BMD with 
DXA. Nevertheless, for the purpose of comparison of indi­
viduals with different bone sizes, it is possible to normalize 
the area-based BMD with a geometric dimension that is 
proportional to bone thickness in a noninvasive manner. 
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[0059] Also, one of the functions of bone is to resist 
mechanical failure such as fracture and permanent deforma­
tion. Therefore, biomechanical properties are fundamental 
measures of bone quality. The biomechanical properties of 
trabecular bone are primarily determined by its intrinsic 
material properties and the macroscopic structural properties 
(see references 8, 20, 23, and 22). Extensive efforts have 
been made to evaluate bone mechanical properties by study­
ing bone mineral density (BMD) and mineral distribution. 

[0060] Since bone structural rigidity is derived primarily 
from its mineral content (see reference 26), most evaluation 
methods have been developed to measure bone mass (min­
eral content or density) and to relate these measures to bone 
mechanical properties (see references 3, 8, 19, 31, and 35). 
Results from in vivo and in vitro studies suggest that BMD 
measurements are only moderately correlated to bone 
strength (see reference 4). However, studies have shown 
changes in bone mechanical properties and structure that are 
independent of bone mineral density (see references 27 and 
29). Moreover, because density is an average measurement 
of bone mineral content within bone specimens, it does not 
include information about bone architecture or structure. 

[0061] Various methods have been developed for in vitro 
study of the two- or three-dimensional architecture of tra­
becular bones using histological and stereological analyses 
(see references 28, 29, 30, and 43). These studies have 
shown that, by combining structural features with bone 
density, 72 to 94 percent of the variability in mechanically 
measured Young's moduli could be explained. However, 
these measurements are invasive. 

[0062] For the noninvasive examination of trabecular 
bone structure, investigators have developed high-resolution 
computed tomography (CT) and magnetic resonance imag­
ing (MRI) (see references 25, 28, and 36). However, due to 
cost and/or other technical difficulties, these techniques are 
currently not in routine clinical use. The potential use of 
X-ray radiographs to characterize trabecular bone structure 
has also been studied. Although the appearance of trabecular 
structure on a radiograph is very complex, studies have 
suggested that fractal analysis may yield a sensitive descrip­
tor to characterize trabecular structure from x-ray radio­
graphs both in in vitro studies (see references 18, 39 and 44) 
and in an in vivo study (see reference 34). 

[0063] Different methods, however, exist with which to 
compute fractal dimension. Minkowski dimension, a class of 
fractal dimension that is identical to Hausdroff dimension 
(see reference 38), is particularly suitable for analyzing the 
complex texture of digital images because it can be formally 
defined through mathematical morphology, and easily com­
puted using morphological operations (see references 39 and 
42). The Minkowski dimension computed from an image, 
regardless of texture orientation, gives a global dimension 
that characterizes the overall roughness of image texture. 
Similarly, the Minkowski dimensions computed from dif­
ferent orientations yield directional dimensions that can be 
used to characterize the textural anisotropy of an image (see 
reference 33). 

[0064] Studies have also been performed demonstrating 
the important contributions of normalized BMD, structural 
features, and age to bone mechanical properties, i.e., bone 
strength (see references 45, 46, and 47). In addition, the 



US 2003/0133601 Al 

limitation of fractal-based analyses was shown to be over­
come with the use of an artificial neural network (ANN) to 
extract fractal information. 

SUMMARY OF THE INVENTION 

[0065] Accordingly, an object of the present invention is to 
provide a method, system, and computer program product 
for the analysis of bone mass, strength, and structure. 

[0066] Another object of this invention is to perform 
texture analysis using the trabecular mass and bone pattern 
from digital radiographic images, obtained with a bone 
densitometer, for the assessment of bone strength and/or 
osteoporosis and as an indicator or predictor of bone disease. 

[0067] Yet another object of this invention is to perform 
analysis of regions within the oscalcsis analysis of the 
trabecular mass and bone pattern for the assessment of bone 
strength and/or steoporosis and for an indicator or predictor 
of bone disease. 

[0068] These and other objects are achieved by way of a 
method, system, and computer program product for analyz­
ing a medical image to determine a measure of bone 
strength, comprising: (1) identifying plural regions of inter­
est (ROis) in the medical image; (2) calculating at least one 
texture feature value for each ROI; (3) averaging the at least 
one texture feature value calculated for each ROI to obtain 
at least one average texture feature value; and ( 4) determin­
ing the measure of bone strength based on the at least one 
average texture feature value. 

[0069] In addition, according to another aspect of the 
present invention, there is provided a novel method, system, 
and computer program product for analyzing a medical 
image to determine a measure of bone strength, comprising: 
(1) identifying plural regions of interest (ROis) in the 
medical image; (2) transforming image data in each of said 
ROis into respective frequency domain image data; (3) 
averaging the respective frequency domain image data to 
obtain average image data; ( 4) calculating at least one 
texture feature value from the average image data; and (5) 
determining the measure of bone strength based on the at 
least one texture feature value. 

[0070] In addition, according to still another aspect of the 
present invention, there is provided a novel method, system, 
and computer program product for analyzing plural medical 
images to determine a measure of bone strength, compris­
ing: (1) identifying a region of interest (ROI) having a 
corresponding center pixel in each medical image; (2) 
transforming image data in the ROI of each medical image 
into respective frequency domain image data; (3) averaging 
the respective frequency domain image data to obtain an 
average image; ( 4) calculating at least one texture feature 
value from the average image; and (5) determining the 
measure of bone strength based on the at least one texture 
feature value. 

[0071] In addition, according to still another aspect of the 
present invention, there is provided a novel method, system, 
and computer program product for analyzing a medical 
image to determine a measure of bone strength, comprising: 
(1) identifying plural regions of interest (ROis) in the 
medical image, each ROI having a corresponding center 
pixel; (2) transforming image data in each of said ROis into 
respective frequency domain image data; (3) calculating at 
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least one texture feature value for each ROI using the 
respective frequency domain image data; and (4) determin­
ing the measure of bone strength based on the at least one 
texture feature value. 

[0072] In addition, according to still another aspect of the 
present invention, there is provided a novel method, system, 
and computer program product for analyzing plural medical 
images to form at least one texture feature image, compris­
ing: (1) identifying a region of interest (ROI) having a 
corresponding center pixel in each medical image; (2) 
calculating at least one texture feature value for the ROI in 
each medical image; (3) averaging the at least one texture 
feature value of each medical image in the plural medical 
images; ( 4) repeating the identifying, calculating, and aver­
aging steps for a plurality of ROis having a corresponding 
plurality of center pixels; ( 5) associating the at least one 
feature value calculated in each calculating step with a 
center pixel in the corresponding plurality of center pixels to 
form the at least one texture feature image. 

[0073] In addition, an aspect of the present invention is the 
use of area-based BMD and volumetric BMD as predictors 
of bone mechanical properties, and a procedure for non­
invasively normalizing BMD values for use in clinical 
applications. 

[0074] A further aspect of the present invention is the use 
of an estimate of risk of fracture, a reduction of noise in 
skeletal imaging of the trabecular pattern, and a visualization 
of texture feature images in assessing bone strength. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0075] The patent or application file contains at least one 
drawing executed in color. Copies of this patent or patent 
application publication with color drawing(s) will be pro­
vided by the Office upon request and payment of the 
necessary fee. 

[0076] A more complete appreciation of the invention and 
many of the attendant advantages thereof will be readily 
obtained as the same becomes better understood by refer­
ence to the following detailed description when considered 
in connection with the accompanying drawings, wherein: 

[0077] FIG. la is a flowchart illustrating a method of 
analysis of bone structure from plural images according to 
the present invention; 

[0078] FIG. lb is a flowchart illustrating a method for 
analysis of bone structure from a single image according to 
the present invention; 

[0079] FIG. le is a flowchart illustrating a second method 
for analysis of bone structure from a single image according 
to the present invention; 

[0080] FIG. ld is a flowchart illustrating a third method 
for analysis of bone structure from a single image according 
to the present invention; 

[0081] FIG. 2 is an image illustrating a high resolution 
digital radiographic heel image (0.2 mm pixel size) from a 
commercial portable peripheral bone densitometer; 

[0082] FIG. 3 is a graph illustrating a plot of the relation­
ship between the first moment texture feature for the indi-
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vidual image and for the measure obtained from the average 
of five ROis in the spatial frequency domain for cases in a 
first database (Database 1 ); 

[0083] FIG. 4 is a graph illustrating a plot of the relation­
ship between the first moment texture feature for the indi­
vidual image and for the measure obtained from the average 
of two ROis in the spatial frequency domain for cases in a 
second database (Database 2); 

[0084] FIG. 5 is an image illustrating a first moment 
feature image for a heel for a case with a spine fracture; 

[0085] FIG. 6 is an image illustrating a first moment 
feature image for the heel for a case without a spine fracture; 

[0086] FIG. 7 is a block diagram illustrating a system for 
the analysis of bone mass and/or bone structure according to 
the present invention; 

[0087] FIG. 8 is a flowchart illustrating a method for the 
calculation of a texture feature image using multiple image 
exposures; 

[0088] FIG. 9 is a flowchart illustrating a second method 
for the calculation of a texture feature image using multiple 
image exposures; and 

[0089] FIG. 10 is a flowchart illustrating a method for the 
calculation of a texture feature image using a single image 
exposure. 

DETAILED DESCRIPTION OF IBE 
PREFERRED EMBODIMENTS 

[0090] Referring now to the drawings, and more particu­
larly to FIG. la thereof, a method for the analysis of bone 
is shown. In this example, the characteristics of the bone 
trabecular pattern using computer analysis of image data 
from digital images of bony parts of the body, for example, 
the heel are extracted. Although the heel is used as an 
example, it should be appreciated that alternate bony parts of 
the body may be used. Further, for the purposes of this 
description we shall define image to be a representation of 
a physical scene, in which the image has been generated by 
some imaging technology. Examples of imaging technology 
include television, CCD cameras, X-ray, sonar or ultrasound 
imaging devices, CT or MRI devices, etc. The initial 
medium on which an image is recorded could be an elec­
tronic solid-state device, a photographic film, or some other 
device such as a photostimulable phosphor. The recorded 
image may be then converted into digital form by a com­
bination of electronic means (used for example with images 
from CCD signal) or mechanical/optical means (used for 
example with digitizing a photographic film or data from 
photostimulable phosphor). An image may have any number 
of dimensions including one (e.g. acoustic signals), two (e.g. 
X-ray radiological images) or more (e.g. nuclear magnetic 
resonance images). 

[0091] The present invention is preferably computer 
implemented and can be configured to accept image data 
either from an image acquisition device directly from an 
image digitizer or from an image storage device. The image 
storage device may be local, e.g., associated with an image 
acquisition device or image digitizer, or may be remote so 
that upon being accessed for processing according to the 
present invention, the image data is transmitted via a net-
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work, for example a Picture Archiving Communications 
System (PACS) or other network. 

[0092] With a continued reference to FIG. la, images, 
digital bone images are obtained in parallel steps 101a, 
101b, lOle, and 101d. An exemplary bone image is a digital 
radiograph of the heel, for example. 

[0093] Next, in parallel steps 102a, 102b, 102e, and 102d, 
regions of interest (ROis) are obtained in each respective 
digital bone image obtained in steps 101a, 101b, lOle, and 
101d. The image data corresponding to the ROis may be 
stored in memory. Note that bone mineral densitometry (not 
shown) may be performed on the individual images of the 
bone and also stored in memory (not shown). 

[0094] Next, in parallel steps 103a, 103b, 103e, and 103d, 
a two-dimensional discrete Fourier transform of the image 
data in the respective ROis is calculated. 

[0095] In step 104, the Fourier-transformed ROI image 
data is averaged, thus reducing noise. 

[0096] Next, in step 105, texture feature calculations are 
performed on the averaged ROI data to produce character­
istics of the bone texture. Various individual textures mea­
sures are calculated using texture schemes, e.g., texture 
measures requiring Fourier analysis. In addition, the 
Minkowski dimension and other appropriate texture mea­
sures can also be calculated. 

[0097] Next, in step 106, bone texture feature values and 
feature-related data ( e.g., bone mass) are merged. Other 
feature related data that may be merged with bone texture 
include bone geometry, bone structure, and clinical data, 
such as the age of the subject. Merging is performed by 
classifiers, such as, but not limited to, a linear discriminant 
and/or an artificial neural network to yield an estimate 
output of a numerical value related to bone strength, indi­
cating the likelihood of risk of future fracture. 

[0098] FIG. lb illustrates a variation of the method of 
FIG. la in which the use of ROis from multiple exposures 
is replaced with different, e.g., neighboring ROis from a 
single exposure. In step 101, a digital bone image is 
obtained. Next, in parallel steps 102e, 102/, 102g, and 102h, 
regions of interest (ROis) are obtained in the digital bone 
image obtained in step 101. Again, the image data corre­
sponding to the ROis may be stored in memory. The ROis 
are predetermined areas spaced apart from each other by a 
distance. For example, the ROis may be spaced apart a 
distance of about two widths of a ROI. The remaining steps 
103a, 103b, 103e, 103d, 104, 105, and 106 are the same as 
the corresponding steps described above with reference to 
FIG. la. 

[0099] FIG. le illustrates a modification of the method of 
FIG. lb in which the step of averaging the frequency 
domain data (step 104) is omitted. The remaining steps of 
FIG. le are the same as the steps of FIG. lb. In step 101, 
a digital bone image is obtained. Next, in parallel steps 102e, 
102/, 102g, and 102h, regions of interest (ROis) are obtained 
in the digital bone image obtained in step 101. Again, the 
image data corresponding to the ROis may be stored in 
memory. The ROis are predetermined areas spaced apart 
from each other by a distance. For example, the ROis may 
be spaced apart a distance of about two widths of a ROI. 
Next, in parallel steps 103a, 103b, 103e, and 103d, a 
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two-dimensional discrete Fourier transform of the image 
data in the respective ROis is calculated. Next, in step 105c, 
texture feature calculations are performed on the Fourier 
transformed ROI data. Note that the Fourier transformed 
ROI data is not averaged in this embodiment. Finally, in step 
106, the bone texture feature values computed in step 105c 
and feature-related data ( e.g., bone mass) are merged. Again, 
merging is performed by classifiers, such as, but not limited 
to, a linear discriminant and/or an artificial neural network 
to yield an estimate output of a numerical value related to 
bone strength, indicating the likelihood of risk of future 
fracture. 

[0100] FIG. ld illustrates a variation of the method of 
FIG. lb in which neighboring ROis from a single exposure 
are used to compute texture feature values. In step 101, a 
digital bone image is obtained. Next, in parallel steps 102e, 
102/, 102g, and 102h, regions of interest (ROis) are obtained 
in the digital bone image obtained in step 101. The ROis are 
predetermined areas spaced apart from each other by a 
distance. For example, the ROis may be spaced apart a 
distance of about two widths of a ROI. Next, in parallel steps 
107a, 107b, 107c, and 107d, texture feature values are 
calculated for each set of ROI image data selected in steps 
102e, 102/, 102g, and 102h. Note that a Fourier transform is 
not applied in the method of FIG. ld. Next, in step 105d, the 
texture feature values obtained in steps 107a, 107b, 107c, 
and 107d are averaged. Finally, in step 106, bone texture and 
feature-related data (e.g., bone mass) are merged. Other 
feature related data that may be merged with bone texture 
include bone geometry, bone structure, and clinical data, 
such as the age of the subject. Merging is performed by 
classifiers, such as, but not limited to, a linear discriminant 
and/or an artificial neural network to yield an estimate 
output of a numerical value related to bone strength, indi­
cating the likelihood of risk of future fracture. 

[0101] To implement and test the method of the present 
invention, databases were created for storing the information 
related to the analysis of bone structure and disease. An 
exemplary database would contain digital radiographic 
images obtained, for example, on a commercial portable 
peripheral bone densitometer for the calcaneus or forearm. 
In the present study, images of the calcaneus were obtained. 
The system, comprising a CCD camera with a GdO2S 
screen, produces high- and low-energy images in order to 
perform dual energy subtraction to calculate BMD (bone 
mineral density). The images were obtained at an exemplary 
pixel size of 0.2 mm. 

[0102] A first exemplary database, Database 1, was cre­
ated with data obtained from thirteen individuals for whom 
the heel was scanned five times. The exemplary individuals 
included young, normal volunteers as well as seven 
osteoporotic patients. Another second exemplary database 
(Database 2) was created for a second group that included 
forty-one individuals, for which the heel was scanned twice. 
Further categorization could be made. For example, the 
second group might be further categorized into two groups, 
based upon the presence of a vertebral fracture. In the 
exemplary data, eleven individuals were identified as having 
a vertebral fracture and 30 individuals were identified as not 
having a vertebral fracture. This categorization of vertebral 
fractures may be used in determining bone strength, since 
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individuals with a vertebral fracture are at a greater risk of 
getting another fracture, as compared to individuals without 
a vertebral fracture. 

[0103] FIG. 2 illustrates an exemplary high-resolution 
image of the calcaneus. In the acquisition of the image 
exposures, the heel is not repositioned between scans. Typi­
cally, only a slight shift of the heel occurs between scans. In 
this study, a 64-pixel by 64-pixel ROI was manually selected 
with the same center pixels the ROI used in a measurement 
of, e.g., the BMD by the commercial system. 

[0104] The presence of quantum mottle may limit the use 
of texture features to adequately quantify bone structure. 
Thus averaging of image data is commonly used to reduce 
quantum mottle in images. However, in the analysis of bone 
trabecular, the averaging of two trabecular pattern ROis 
could result in image blur due to a slight shift of the heel 
between scans. In order to reduce the effect of noise of a 
trabecular pattern, each ROI is first transformed to spatial 
frequency space, using, for example, a two-dimensional 
Fourier transform. Next, in one embodiment, the ROis are 
averaged in frequency space, which reduces noise. In addi­
tion, calculation errors from image blur from misregistration 
are also reduced because in the frequency domain, the 
averaging is of the Fourier components at each relevant 
(spatial) frequency. Note that the lower frequency compo­
nents of the trabecular pattern will have a smaller round-off 
error in the averaging process than will the high-frequency 
noise components. It should be noted that the Fourier 
transform of the average of two functions may equal the 
average of the Fourier transforms of each function; however, 
this equivalency is only in the situation of no misregistra­
tion. 

[0105] After averaging in the spatial frequency domain, 
texture features are calculated. For example, one texture 
feature is the root-mean-square (IRMS): 

[0106] Another texture feature is the first moment of the 
power spectrum (IFMP): 

[0107] Note that Fm n refers to the two-dimensional Fou­
rier transform of the t~o-dimensional ROI image data, with 
m and n being spatial wavenumbers. Note that for IRMS, y 
is a normalizing factor relating the exposure levels of the 
imaging system and the gray-level (pixel) values. As will be 
appreciated by those skilled in the art, this factor is included 
so that the fluctuation between pixel values in the exposure 
domain can be related to that in the gray level domain. 
Finally, it should be appreciated that various other appro­
priate texture features, such as fractal dimension, may also 
be calculated. 

[0108] After obtaining the texture features, the texture 
features are combined with the bone mass density (BMD) 
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measurements using, for example, linear discriminant analy­
sis and/or an artificial neural network (ANN). Receiver 
operator characteristics (ROC) analysis may be used to 
evaluate the performance of the new texture feature mea­
surements with the area under the ROC curve (A,) used as 
a representation of merit in the ability of the feature to 
distinguish between strong and weak bone. 

[0109] FIG. 3 illustrates that by reducing the high-fre­
quency noise in the image data using averaging, the range of 
the resulting texture features may be increased. For example, 
for the first exemplary database described above, the texture 
feature values of IFMP for the individual images were 
compared to that for the "frequency-averaged" ROI image 
data. For the individual ROI analysis, the range of IFMP 
feature values is from approximately 1.3 to 1.55 cycles/mm, 
a difference of 0.25 cycles/mm. For the averaged ROI image 
data, the range of IFMP feature values is approximately 1.05 
to 1.4 cycles/mm, a difference of 0.35 cycles/mm. 

[0110] In FIG. 4, for the second exemplary database 
described above, the texture features of IFMP for the indi­
vidual images is compared to that for the spatial-frequency­
averaged ROI image data for the individual images. For the 
ROI analysis for individual images, the exemplary range of 
IFMP feature values is from approximately 1.13 to 1.48 
cycles/mm, a difference of 0.35 cycles/mm. For the averaged 
ROI data, the range of IFMP feature values is approximately 
0.92 to 1.43 cycles/mm, a difference of 0.51 cycles/mm, a. 
Therefore, FIGS. 3 and 4 illustrate that the range of IFMP 
values became larger for the average ROI data, as compared 
to the ROI analysis of individual images. 

[0111] The improvement, i.e., the increased range ofIFMP 
values for the averaged ROI data, results in an enhanced 
ability to distinguish between "strong" and "weak" bone, as 
shown in Tables 1 and 2, which provide individual ROI A2 

values and averaged ROI A, values for both individual 
features and merged features. Tables 1 and 2 indicate that an 
averaging of the multiple ROis in the frequency domain 
reduced the contribution of quantum mottle as well as 
computer round-off error to the calculation of the texture 
features. Averaging also increased the range of texture 
feature values and improved the texture feature values 
performance in distinguishing between strong and weak 
bone. Avergaing may be especially necessary in the low­
dose setting of screening protocols. It should be appreciated 
that if multiple exposures are not obtained, multiple RO Is in 
the spatial frequency domain and from the same exposure 
may be averaged, as in the method illustrated in FIG. lb. 
The utility of this approach assumes that the trabecular 
pattern does not vary greatly across a given region of the 
heel. 

[0112] Once the texture feature(s) and/or merged features 
are obtained, the data may be presented numerically, e.g., in 
terms of the first moment of the power spectrum, or visually, 
in terms of a feature image in which the texture feature is 
calculated at each pixel location in the image. The calcula­
tion of the texture features may be done for either multiple 
images or one image since the ROI may be placed at each 
pixel location in the image and the texture measure calcu­
lated at each location. 

[0113] FIGS. 5 and 6 illustrate examples of IFMP feature 
images. FIG. 5 illustrates an IFMP feature image 600 for an 
individual with a spine fracture. The color scale indicates 
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high values of the IFMP near green/blue region 610. FIG. 6 
illustrates an IFMP feature image 700 for an individual 
without a spine fracture. The color scale indicates low values 
of the IFMP near the green/yellow/red region 710. The 
feature image also indicates a consistency of the trabecular 
pattern throughout the heel bone. Also illustrated is the result 
of the use of averaging neighboring ROis in the spatial 
frequency domain to reduce the noise effect, since the 
variation across the image is relatively small. 

[0114] FIG. 7 illustrates a system for implementing the 
method of the present invention for analysis of the bone 
trabecular structure. Radiographic images of a bone ( or other 
types of images) may be obtained from an Image Acquisi­
tion Device 701 and stored in Image Database 720. Also, it 
should be appreciated that the source of data may be any 
appropriate image acquisition device such as an X-ray 
machine, CT apparatus, or MRI apparatus, for example. 
Moreover, the Image Database 720 may be located locally or 
in a remote location, in which case a data communication 
network, such as PACS (Picture Archiving Computer Sys­
tem), can be used to access the image data at an appropriate 
time for processing according to the present invention. The 
radiographic image(s) may be digitized to produce digitized 
image(s) and stored in Image Database 720 for subsequent 
retrieval and processing, as may be desired by a user. 
However, it should be appreciated that if the radiographic 
image is obtained with a direct digital imaging device, then 
there is no need for digitization. Further, it should be 
appreciated that only a single image might be obtained. Note 
further that the system of FIG. 7 is typically computer 
implemented, but conceptually can be implemented by 
discrete circuits or other appropriate devices. 

[0115] Image data from the Image Database 720 is first 
passed through the ROI Selection Unit 702, which selects at 
least one ROI from the image data. The Fourier Transform 
Unit 703, or another appropriate spatial frequency domain 
transforming device may receive the image data related to 
each of the ROis and transforms the image data into the 
(spatial) frequency domain. The Spatial-Frequency-Averag­
ing Unit 704 then averages the transformed data. In deter­
mining bone structure, the transformed spatial-frequency­
averaged data is passed from Spatial-Frequency-Averaging 
Unit 704 to the Texture Feature Calculation Unit 705, which 
calculates texture feature values. Note that, in some embodi­
ments, the ROI image data may be passed directly to the 
Texture Feature Calculation Unit 705. The output of the 
Texture Feature Calculation Unit 705 for multiple ROis may 
also be averaged by the Texture Feature Averaging Unit 706. 
Other feature related data stored in the Feature Database 
730, which may include measures of bone mass, bone 
structure, and/or patient data, may be then passed to the 
Classifier 707, where it is merged with the texture feature 
values passed from either the Texture Feature Calculation 
Unit 705 or the Texture Feature Averaging Unit 706. The 
Classifier 707 determines an estimate of bone strength, and 
thus the likelihood for risk of future fracture. Any and all of 
the texture features and merged data may be stored in the 
Image Database 720. In the Superimposing Unit 708, the 
texture feature values and/or merged data are presented as 
feature images and stored in an appropriate file format or in 
numerical format. The texture features and/or merged data 
may be then displayed using a Display Unit 709, after 
passing through a digital-to-analog converter (not shown) or 
any other appropriate processing device. 
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[0116] FIG. 8 illustrates the calculation and display of a 
texture feature image using multiple exposures. In parallel 
steps 801a, 801b, and 801c N digital bone images are 
obtained. Initial ROI selection is completed in parallel steps 
802a, 802b, and 802c. Selection of neighboring or adjacent 
ROis of the heel region (for example) of the images with the 
center of each ROI corresponding to a pixel location in the 
ultimate feature image is performed in parallel steps 803a, 
803b, and 803c. A feature image may be created from 
multiple exposures, and therefore noise reduction is per­
formed. In parallel steps 804a, 804b, and 804c, a two­
dimensional Fourier transform ( or other appropriate trans­
form into the spatial frequency domain) is applied to each 
ROI selection (e.g., 1 to M) of the N images. Accordingly, 
the ROI data is transformed to the spatial frequency space. 

[0117] In step 805, the corresponding ROI(i) data from 
each of the N image data sets is averaged. For example, the 
ROis(l) from each of the N images are averaged. In step 
806, at at least one texture feature calculation is performed 
for the averaged ROI(i) data. In step 807, bone texture 
features are merged with bone mass or other appropriate 
bone-related data. In step 808, the output from the ROI(i) 
analysis is related to a pixel location i in each of the feature 
images. Next, in step 809, an inquiry is made whether all M 
ROis have been processed. If not, steps 805-809 are 
repeated. If the answer to the inquiry is yes, the feature 
images are displayed in step 810. 

[0118] FIG. 9 illustrates a second embodiment of the the 
calculation and display of a texture feature image using 
multiple exposures. In parallel steps 901a, 901b, and 901c N 
digital bone images are obtained. Initial ROI selection is 
completed in parallel steps 902a, 902b, and 902c. Selection 
of neighboring or adjacent ROis of the heel region (for 
example) of the images with the center of each ROI corre­
sponding to a pixel location in the ultimate feature image is 
performed in parallel steps 903a, 903b, and 903c. A feature 
image may be created from multiple exposures, and there­
fore noise reduction is performed. In parallel steps 904a, 
904b, and 904c, texture features are calculated for each ROI 
selection (e.g., 1 to M) of the N images. 

[0119] In step 905, the corresponding ROI(i) data from 
each of the N image data sets is averaged. For example, the 
ROis(l) from each of the N images are averaged. In step 
906, bone texture features are merged with bone mass or 
other appropriate bone-related data. In step 907, the output 
from the ROI(i) analysis is related to a pixel location i in 
each of the feature images. Next, in step 908, an inquiry is 
made whether all M RO Is have been processed. If not, steps 
905-908 are repeated. If the answer to the inquiry is yes, the 
feature images are displayed in step 909. 

[0120] FIG. 10 illustrates calculation and display of the 
feature images for a single image exposure is shown. In step 
1001, a digital bone exposure image is obtained. Next, initial 
ROI section of ROI(i) is performed in step 1002. In step 
1003, neighboring or adjacent ROis (i+l to M) are selected. 
An exemplary exposure image may be a heel region with the 
center of each ROI corresponding to a pixel location in the 
ultimate feature image. In step 1004 a two-dimensional 
Fourier transform ( or other appropriate transform into the 
spatial frequency domain) is applied to each ROI selection. 

[0121] In step 1005, at least one texture feature calculation 
is performed for ROI(i). In step 1006, bone texture features 
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are merged with bone mass or other appropriate bone-related 
data. In step 1007, the output from the ROI(i) analysis is 
related to a pixel location i in each of the feature images. 
Next, in step 1008, an inquiry is made whether all M ROis 
have been processed. If not, steps 1005-1008 are repeated. 
If the answer to the inquiry is yes, the feature images are 
displayed in step 1009. 

[0122] The source of image data may be any appropriate 
image acquisition device such as an X-ray machine, CT 
apparatus, and MRI apparatus. Further, the acquired data 
may be digitized if not already in digital form. Alternatively, 
the source of image data being obtained and processed may 
be a memory storing data produced by an image acquisition 
device, and the memory may be local or remote, in which 
case a data communication network, such as PACS (Picture 
Archiving Computer System), can be used to access the 
image data for processing according to the present inven­
tion. 

[0123] This invention conveniently may be implemented 
using a conventional general purpose computer or micro­
processor programmed according to the teachings of the 
present invention, as will be apparent to those skilled in the 
computer art. Appropriate software can readily be prepared 
by programmers of ordinary skill based on the teachings of 
the present disclosure, as will be apparent to those skilled in 
the software art. 

[0124] As disclosed in cross-referenced U.S. patent appli­
cation Ser. No. 09/818,831, a computer implements the 
method of the present invention, wherein the computer 
housing houses a motherboard which contains a CPU, 
memory (e.g., DRAM, ROM, EPROM, EEPROM, SRAM, 
SDRAM, and Flash RAM), and other optional special 
purpose logic devices (e.g., ASICS) or configurable logic 
devices (e.g., GAL and reprogrammable FPGA). The com­
puter also includes plural input devices, (e.g., keyboard and 
mouse), and a display card for controlling a monitor. Addi­
tionally, the computer may include a floppy disk drive; other 
removable media devices (e.g. compact disc, tape, and 
removable magneto-optical media); and a hard disk or other 
fixed high density media drives, connected using an appro­
priate device bus (e.g., a SCSI bus, an Enhanced IDE bus, 
or an Ultra DMA bus). The computer may also include a 
compact disc reader, a compact disc reader/writer unit, or a 
compact disc jukebox, which may be connected to the same 
device bus or to another device bus. 

[0125] As stated above, the system includes at least one 
computer readable medium. Examples of computer readable 
media are compact discs, hard disks, floppy disks, tape, 
magneto-optical disks, PROMs (e.g., EPROM, EEPROM, 
Flash EPROM), DRAM, SRAM, SDRAM, etc. Stored on 
any one or on a combination of computer readable media, 
the present invention includes software for controlling both 
the hardware of the computer and for enabling the computer 
to interact with a human user. Such software may include, 
but is not limited to, device drivers, operating systems and 
user applications, such as development tools. Computer 
program products of the present invention include any 
computer readable medium which stores computer program 
instructions (e.g., computer code devices) which when 
executed by a computer causes the computer to perform the 
method of the present invention. The computer code devices 
of the present invention can be any interpretable or execut-
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able code mechanism, including but not limited to, scripts, 
interpreters, dynamic link libraries, Java classes, and com­
plete executable programs. Moreover, parts of the process­
ing of the present invention may be distributed (e.g., 
between (1) multiple CPUs or (2) at least one CPU and at 
least one configurable logic device) for better performance, 
reliability, and/or cost. For example, an outline or image 
may be selected on a first computer and sent to a second 
computer for remote diagnosis. 

[0126] The invention may also be implemented by the 
preparation of application specific integrated circuits or by 
interconnecting an appropriate network of conventional 
component circuits, as will be readily apparent to those 
skilled in the art. 

[0127] Numerous modifications and variations of the 
present invention are possible in light of the above tech­
nique. It is therefore to be understood that within the scope 
of the appended claims, the invention may be practiced 
otherwise than as specifically described herein. 

TABLE 1 

Performance of Features in Distinguishing 
between Strong & Weak Bone; Database 1 

Feature 

!RMS 
IFMP 

[0128] 

Single ROI (Az) 

0.624 
0.696 

TABLE 2 

Averaged ROI Data (Az) 

0.673 
0.751 

Performance of Features in Distinguishing between Strong & Weak 
Bone; Database 2; (ROI A, value of BMD ~ 0.529) 

Feature Single ROI (Az) Averaged ROI Data (Az) 

!RMS 0.504 0.570 
IFMP 0.506 0.576 
IFMP, BMD 0.516 0.576 
!RMS, IFMP, 0.531 0.584 
BMD 

What is claimed as new and desired to be secured by Letters 
Patent of the United States is: 
1. A method of analyzing a medical image to determine a 

measure of bone strength, comprising: 

identifying plural regions of interest (ROis) in the medical 
image; 

calculating at least one texture feature value for each ROI; 

averaging the at least one texture feature value calculated 
for each ROI to obtain at least one average texture 
feature value; and 

determining the measure of bone strength based on the at 
least one average texture feature value. 

2. The method of claim 1, wherein the calculating step 
comprises: 

calculating as the at least one texture feature value, at least 
one of a root-mean-square value, a first moment of a 
power spectrum value, and a Minkowski dimension. 
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3. The method of claim 1, wherein the determining step 
comprises: 

determining the measure of bone strength by merging the 
at least one texture feature with feature-related data 
using a classifier, 

said feature-related data including at least one of bone 
geometry, bone structure, bone mass data, and clinical 
data. 

4. The method of claim 3, wherein the determining step 
comprises: 

determining the measure of bone strength by merging the 
at least one texture feature with feature-related data 
using at least one of an artificial neural network and a 
linear discriminant. 

5. A method of analyzing a medical image to determine a 
measure of bone strength, comprising: 

identifying plural regions of interest (ROis) in the medical 
image; 

transforming image data in each of said RO Is into respec­
tive frequency domain image data; 

averaging the respective frequency domain image data to 
obtain average image data; 

calculating at least one texture feature value from the 
average image data; and 

determining the measure of bone strength based on the at 
least one texture feature value. 

6. The method of claim 5, wherein the transforming step 
comprises: 

transforming image data in each of said ROis into the 
respective frequency domain image data using a two­
dimensional Fourier transform. 

7. The method of claim 5, wherein the calculating step 
comprises: 

calculating as the at least one texture feature value, at least 
one of a root-mean-square value, a first moment of a 
power spectrum value, and a Minkowski dimension. 

8. The method of claim 5, wherein the determining step 
comprises: 

determining the measure of bone strength by merging the 
at least one texture feature with feature-related data 
using a classifier, 

said feature-related data including at least one of bone 
geometry, bone structure, bone mass data, and clinical 
data. 

9. The method of claim 8, wherein the determining step 
comprises: 

determining the measure of bone strength by merging the 
at least one texture feature with feature-related data 
using at least one of an artificial neural network and a 
linear discriminant. 

10. A method of analyzing plural medical images to 
determine a measure of bone strength, comprising: 

identifying a region of interest (ROI) having a corre­
sponding center pixel in each medical image; 

transforming image data in the ROI of each medical 
image into respective frequency domain image data; 



US 2003/0133601 Al 

averaging the respective frequency domain image data to 
obtain average image data; 

calculating at least one texture feature value from the 
average image data; and 

determining the measure of bone strength based on the at 
least one texture feature value. 

11. The method of claim 10, wherein the transforming 
step comprises: 

transforming image data in each of said ROis into the 
respective frequency domain image data using a two­
dimensional Fourier transform. 

12. The method of claim 10, wherein the calculating step 
comprises: 

calculating as the at least one texture feature value, at least 
one of a root mean square value, a first moment of a 
power spectrum value, and a Minkowski dimension. 

13. The method of claim 10, wherein the determining step 
comprises: 

determining the measure of bone strength by merging the 
at least one texture feature with feature-related data 
using a classifier, 

said feature-related data including at least one of bone 
geometry, bone structure, bone mass data, and clinical 
data. 

14. The method of claim 13, wherein the determining step 
comprises: 

determining the measure of bone strength by merging the 
at least one texture feature with feature-related data 
using at least one of an artificial neural network and a 
linear discriminant. 

15. The method of claim 10, further comprising: 

repeating the identifying, transforming, averaging, and 
calculating steps for a plurality of ROis having a 
corresponding plurality of center pixels; 

associating the at least one feature value calculated in 
each calculating step with a center pixel in the corre­
sponding plurality of center pixels to form at least one 
texture feature image. 

16. The method of claim 15, further comprising: 

displaying each of the at least one texture feature image 
as a color image on a display unit. 
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17. A method of analyzing a medical image to determine 
a measure of bone strength, comprising: 

identifying plural regions of interest (ROis) in the medical 
image, each ROI having a corresponding center pixel; 

transforming image data in each of said RO Is into respec­
tive frequency domain image data; 

calculating at least one texture feature value for each ROI 
using the respective frequency domain image data; and 

determining the measure of bone strength based on the at 
least one texture feature value. 

18. The method of claim 17, further comprising: 

repeating the identifying, transforming, and calculating 
steps for a plurality of ROis having a corresponding 
plurality of center pixels; and 

associating the at least one feature value calculated for 
each ROI with the corresponding center pixel to form 
at least one texture feature image. 

19. A method of analyzing plural medical images to form 
at least one texture feature image, comprising: 

identifying a region of interest (ROI) having a corre­
sponding center pixel in each medical image; 

calculating at least one texture feature value for the ROI 
in each medical image; 

averaging the at least one texture feature value of each 
medical image in the plural medical images; 

repeating the identifying, calculating, and averaging steps 
for a plurality of ROis having a corresponding plurality 
of center pixels; 

associating the at least one feature value calculated in 
each calculating step with a center pixel in the corre­
sponding plurality of center pixels to form the at least 
one texture feature image. 

20. A computer program product storing program instruc­
tions for execution on a computer system, which when 
executed by the computer system, cause the computer sys­
tem to perform the method recited in any one of claims 1-19. 

21. A system configured to analyze a medical image by 
performing the steps recited in any one of claims 1-19. 

* * * * * 


