
US008855387B2 

(12) United States Patent (10) Patent No.: US 8,855,387 B2 
Hamadeh et al. (45) Date of Patent: Oct. 7, 2014 

(54) SYSTEM FOR DETECTING BONE CANCER (2013.01); G06T 7/0089 (2013.01); A61B 
METASTASES 5/7267 (2013.01); G06T 2207/30096 (2013.01); 

) G06T 2207/20128 (2013.01); G06K 2209/055 
(75) Inventors: Iman Hamadeh, Göteborg (SE): Pierre (2013.01); GO6T22O7/30008 (2013.01); A6IB 

Nordblom, Göteborg (SE), Karl 5/7264 (2013.01); A61B6/12 (2013.01); G06T 
Sjöstrand, Lomma (SE) 7/0081 (2013.01); G06T 2207/20084 (2013.01); 

(73) Assignee: Exini Diagnostics AB (SE) G06T 2207/30004 (2013.01); G06T 2207/20124 
(2013.01); A61B5/1079 (2013.01); G06T 

7/0012 (2013.01); G06N3/02 (2013.01); G06T (*) Notice: Subject to any disclaimer, the term of this 
2207/20148 (2013.01) patent is extended or adjusted under 35 USPC ............................ 382/128: 382/156382/2O3 U.S.C. 154(b) by 1137 days. s s 

(b) by yS (58) Field of Classification Search 
USPC ......... 382/100, 103, 155-158, 128-132, 203, (21) Appl. No.: 13/639,747 382/243 

1-1. See application file for complete search historv. (22) PCT Filed: Dec. 23, 2008 pp p ry 
(86). PCT No.: PCT/SE2008/OOOT46 (56) References Cited 

S371 (c)(1), U.S. PATENT DOCUMENTS 

(2), (4) Date: Jan. 2, 2013 8,538,166 B2 * 9/2013 Gordon et al. ................ 382,201 
(87) PCT Pub. No.: WO2009/084995 8,705,887 B2 * 4/2014 Ma et al. ....................... 382,275 

y x- - - (Continued) 

PCT Pub. Date: Jul. 9, 2009 
FOREIGN PATENT DOCUMENTS 

(65) Prior Publication Data 

US 2013/0094704 A1 Apr. 18, 2013 E. 59. A g: 
O O (Continued) 

Related U.S. Application Data OTHER PUBLICATIONS 

(60) Provisional application No. 61/017,192, filed on Dec. “European Application Serial No. 08869 1126, Supplementary Euro 
28, 2007. pean Search Report mailed Jun. 28, 2013”. 5 pgs. 

(Continued) 
(51) Int. Cl. 

G06K 9/00 (2006.01) Primary Examiner — Shefali Goradia 
G06K 9/46 (2006.01) (74) Attorney, Agent, or Firm — Schwegman Lundberg & 
G06K 9/62 (2006.01) Woessner, P.A. 
G06T 700 (2006.01) (57) ABSTRACT 
A6B 5/07 (2006.01) The invention relates to a detection system for automatic 
G06N3/02 (2006.01) detection of bone cancer metastases from a set of isotope bone 
A61B 6/00 (2006.01) scan images of a patients skeleton, the system comprising a 
A61B5/OO (2006.01) shape identifier unit, a hotspot detection unit, a hotspot fea 
A61B 6/12 (2006.01) ture extraction unit, a first artificial neural network unit, a 

(52) U.S. Cl. patient feature extraction unit, and a second artificial neural 
CPC. A61B 6/48 (2013.01); A61B 6/505 (2013.01); network unit. 

G06T 2207/10 128 (2013.01); G06K 9/46 16 Claims, 6 Drawing Sheets 

- Ips." 
iOS spot L-N. 

memory 135 

\ shape.inter 
10 First ANN unit L-N. 

111N Anniegage 4. 

"E" - 
^\ Hospisection y 

E - 
First hotspot 15 

N remos 
Fair s 

ANEE 
Second ANN unit Y 

--------- 
Threshold unit -\ 

- - - - - - - - - 165 

Page 1 of 16 MIM Ex1014



US 8,855,387 B2 
Page 2 

(56) References Cited 

U.S. PATENT DOCUMENTS 

2006, OO62425 A1 
2007/0O81712 A1 

3, 2006 Shen et al. 
4/2007 Huang 

FOREIGN PATENT DOCUMENTS 

WO WO-99/O5503 A2 2, 1999 
WO WO-2007/062135 A2 5/2007 
WO WO-2009/084995 A1 T 2009 

OTHER PUBLICATIONS 

Huang, J.-H... et al., “A Set of Image Processing Algorithms for 
Computer-Aided Diagnosis in Nuclear Medicine Whole Body Bone 
Scan Images'. IEEE Transactions on Nuclear Science, 54(3), (2007), 
514-522. 
Sajn, L., et al., “Computerized segmentation of whole-body bone 
Scintigrams and its use in automated diagnostics”. Computer Meth 
ods and Programs in Biomedicine, 80, (2005), 47-55. 
Yin, T.-K., “A Computer-Aided Diagnosis for Locating Abnormali 
ties in Bone Scintigraphy by a Fuzzy System With a Three-Step 
Minimization Approach'. IEEE Transactions on Medical Imaging, 
23(5), (2004), 639-654. 

“International Application Serial No. PCT/SE2008/000746, Interna 
tional Preliminary Report on Patentability dated Mar. 31, 2010”. 12 
pg.S. 
“International Application Serial No. PCT/SE2008/000746, Interna 
tional Search Report mailed Apr. 7, 2009”, 7 pgs. 
“International Application Serial No. PCT/SE2008/000746, Written 
Opinion mailed Apr. 7, 2009”, 14pgs. 
Guimond, A., et al., “Average Brain Models: A Convergence Study”. 
Computer Vision and Image Understanding, 77. (2000), 192-210. 
Hajnal, J., et al., “4.4 Intensity, Size, and Skew Correction; 7.1 
Introduction; 7.2 Methods; 7.3 Image Interpretation General'. In. 
Medical Image Registration, CRC Press LLC, (2001), 80-81. 144 
148. 
Knutsson, H., et al., “Morphons: Segmentation using Elastic Canvas 
and Paint on Priors', IEEE International Conference on Image Pro 
cessing (ICIP 2005), Genova, Italy, (2005), 4pgs. 
Sadik, M., et al., “A new computer-based decision-support system for 
the interpretation of bone scans'. Nuclear Medicine Communica 
tions, 27(5), (2006), 417-423. 
Sluimer, I., et al., “Toward Automated Segmentation of the Patho 
logical Lung in CT, IEEE Transactions on Medical Imaging, 24(8), 
(2005), 1025-1038. 
Wrangsjo, A., et al., “Non-rigid Registration Using Morphons'. Pro 
ceedings of the 14th Scandinavian Conference on Image Analysis 
(SCIA ’05), (2005), 501-510. 

* cited by examiner 

Page 2 of 16 MIM Ex1014



U.S. Patent Oct. 7, 2014 Sheet 1 of 6 US 8,855,387 B2 

input image 
memory 

105 Second hotspot 
memory 135 

Shape identifier 
unit 

110 

First ANN Unit 

140 
Annotated image 

eO 
115 ry 

Third hotspot 
memory 145 

Hotspot detection 
unit 

12O 
Patient feature 
extraction unit 

150 
First hotspot 
memory 

125 
Patient feature 

memory 
155 

Hotspot feature 
130 extraction unit 

Second ANN unit 
160 

- - - ----- - 

Threshold unit 1/1N 
- - - - - - - - - 165 

Fig. 1 

Page 3 of 16 MIM Ex1014



U.S. Patent Oct. 7, 2014 Sheet 2 of 6 

Defining eight 
regions for 

separate training 

Provide training 
Set images 

For each region, 
perform manual 
pinpointing of 

Selected 
anatomical 

landmarks for each 
image pair of 
training set. 

2O5 

210 

215 

For each region, 
make Statistical 

220 model. 

Fig. 2 

US 8,855,387 B2 

  

    

    

    

  

      

  

  

Page 4 of 16 MIM Ex1014



U.S. Patent Oct. 7, 2014 Sheet 3 of 6 US 8,855,387 B2 

Fig. 3 

  

Page 5 of 16 MIM Ex1014



U.S. Patent Oct. 7, 2014 Sheet 4 of 6 US 8,855,387 B2 

400 

Fig. 4a Fig. 4b 

  

Page 6 of 16 MIM Ex1014



U.S. Patent Oct. 7, 2014 Sheet 5 of 6 US 8,855,387 B2 

identification of image 
elements 

Corresponding to the 
Skeleton 

510 

identification of 
hotSpots contained in 

the image 
520 

Subtraction of hotspot 
elements from the 
skeleton elements 

530 

Calculation of the 
average intensity of 

the remaining 
(healthy) elements 

540 

Calculation of a 
suitable normalization 

factor 
550 

Adjustment of the 
Source image 
intensities by 

multiplication with the 
normalization factor 560 

Finished 

57O 

Fig. 5 

  

    

    

  

      

  

  

    

  

  

  

  

    

  

    

  

Page 7 of 16 MIM Ex1014



U.S. Patent Oct. 7, 2014 Sheet 6 of 6 US 8,855,387 B2 

Fig. 6b Fig. 6a 

  

Page 8 of 16 MIM Ex1014



US 8,855,387 B2 
1. 

SYSTEM FOR DETECTING BONE CANCER 
METASTASES 

RELATED APPLICATIONS 

This application is a nationalization under 35 U.S.C. S371 
from International Application Serial No. PCT/SE2008/ 
000746, filed Dec. 23, 2008 and published as WO 2009/ 
084995 A1 on Jul. 9, 2009, which claims the priority benefit 
of U.S. Provisional Application Ser. No. 61/017,192, filed 
Dec. 28, 2007, the contents of which applications and publi 
cation are incorporated herein by reference in their entirety. 

TECHNICAL FIELD 

The present invention relates to the field of medical imag 
ing and to the field of automated processing and interpretation 
of medical images. In particular, it relates to automated pro 
cessing and interpretation of two-dimensional bone scan 
images produced via isotope imaging. 

BACKGROUND 

Interpreting medical images originating from different 
types of medical scans is a difficult, error prone, and time 
consuming work which often involves several manual steps. 
This is especially true when trying to determining contours of 
a human skeleton and cancer metastases in a medical scan 
image. 

Therefore, there is a great need for a method for determin 
ing contours of a human skeleton and any cancer metastases, 
and being capable of extracting features for an automatic 
interpretation system. 

SUMMARY OF THE INVENTION 

With the above and following description in mind, then, an 
aspect of the present invention is to provide a method for 
determining contours of a human skeleton and being capable 
of extracting features for an automatic interpretation system, 
which seeks to mitigate or eliminate one or more of the 
above-identified deficiencies in the art and disadvantages sin 
gly or in any combination. 
The object of the present invention is to provide a system 

and a method for fully automatic interpretation of bone scan 
images. 

It is a further object to provide a method for reducing the 
need for manual work and to create an atlas image fully 
comparable with a normal reference image of the human 
skeleton. It is also an object of the present invention to provide 
a method for creating Such a normal image. 
An aspect of the present invention relates to a detection 

system for automatic detection of bone cancer metastases 
from a set of isotope bone scan images of a patients skeleton, 
the system comprising a shape identifier unit for identifying 
anatomical structures of the skeleton pictured in the set of 
bone scan images, forming an annotated set of images, a 
hotspot detection unit for detecting areas of high intensity in 
the annotated set of images based on information from the 
shape identifier regarding the anatomical structures corre 
sponding to different portions of the skeleton of the images, a 
hotspot feature extraction unit for extracting a set of hotspot 
features for each hot spot detected by the hotspot detection 
unit a first artificial neural network unit arranged to calculate 
a likelihood for each hot spot of the hotspot set being a 
metastasis based on the set of hotspot features extracted by 
the hotspot feature extraction unit, a patient feature extraction 
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2 
unit arranged to extract a set of patient features based on the 
hotspots detected by the hotspot detection unit and on the 
likelihood outputs from the first artificial neural network unit, 
and a second artificial neural network unit arranged to calcu 
late a likelihood that the patient has one or more cancer 
metastases, based on the set of patient features extracted by 
the patient feature extraction unit. 
The detection system may also comprise a shape identifier 

unit comprising a predefined skeleton model of a skeleton, the 
skeleton model comprising one or more anatomical regions, 
each region representing an anatomical portion of a general 
skeleton. 
The detection system may also comprise a predefined skel 

eton model adjusted to match the skeleton of the set of bone 
scan images of the patient, forming a working skeleton 
model. 
The detection system may also comprise a hotspot detec 

tion unit comprising a threshold scanner unit for scanning the 
set of bone scan images and identifying pixels above a certain 
threshold level. 
The detection system may also comprise a hotspot detec 

tion unit comprising different threshold levels for the differ 
ent anatomical regions that are defined by the shape identifier 
unit. 
The detection system may also comprise a hotspot feature 

extraction unit for extracting one or more hotspot features for 
eachhotspot, comprises means for determining the shape and 
position of each hotspot. 
The detection system may also comprise a first artificial 

neural network unit arranged to be fed with the features of 
each hotspot of the hotspot set produced by the hotspot fea 
ture extraction unit. 
The detection system may also comprise a patient feature 

extraction unit provided with means to perform calculations 
that make use of both data from the hotspot feature extraction 
unit and of the outputs of the first artificial neural network 
unit. 
The detection system may also comprise a second artificial 

neural network unit arranged to calculate the likelihood for 
the patient having one or more cancer metastases, and 
wherein the unit is fed with the features produced by the 
patient feature extraction unit. 
A second aspect of the present invention relates to a method 

for automatically detecting bone cancer metastases from an 
isotope bone scan image set of a patient, the method compris 
ing the following steps of extracting knowledge information 
from bone scan image set, processing extracted information 
to detect bone cancer metastases, wherein the processing 
involves the use of artificial neural networks. 
The step of processing extracted information to detect bone 

cancer metastases may further involve feeding, to a pretrained 
artificial neural network, at least one of the following, a value 
describing the skeletal Volume occupied by an extracted 
hotspot region, a value describing the maximum intensity 
calculated from all hotspots on the corresponding normalized 
image, a value describing the eccentricity of each hotspot, a 
value describing the hotspot localization relative to a corre 
sponding skeletal region, a value describing distance asym 
metry which is only calculated for skeletal regions with a 
natural corresponding contralateral skeletal region, and a 
number of hotspots in one or more certain anatomical 
region(s). 
The step of extracting information may further involve the 

steps of identifying a number of anatomical structures in the 
bone scan image(s), detecting hotspots in each anatomical 
region by comparing the value of each pixel with a threshold 
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value, different for each anatomical region, and decide, for 
each hotspot, which anatomical region it belongs to. 
The method may further comprise the step of, for each 

hotspot, determining the number of pixels having an intensity 
above a predetermined threshold level. 
The step of identifying a number of anatomical structures 

in the bone scan image(s) may further include the step of 
segmenting the bone scan image(s) by a segmentation-by 
registration method. 
The segmentation-by-registration method may further 

comprise the steps of comparing a bone scan image set with 
an atlas image set, the atlas image having anatomical regions 
marked, adjusting a copy of the atlas image set to the bone 
scan image set, such that anatomical regions of the atlas 
image can be Superimposed on the bone scan image. 
A third aspect of the present invention relates to a method 

for creating a skeleton shape model, the method comprising 
the steps of providing images of a number of healthy refer 
ence skeletons, reorienting said images into a common coor 
dinate system, using at least two landmark points correspond 
ing to anatomical landmarks of the skeleton, making a 
statistical analysis of said images, and based on the statistical 
analysis, segmenting a skeleton shape model. 
A fourth aspect of the present invention relates to a method 

for automatic interpretation of a two dimensional medicine 
image set representing a body organ where said method com 
prises the steps of automatically rotating the image set to 
adjust for accidental tilting when the images was originally 
taken, automatically finding the contours of the organ, auto 
matically adjusting size, position, rotation, and shape of a 
predefined model shape of the type of organ in question to fit 
the organ of the current image, automatically, with the aid of 
the model shape, defining certain portions of the image, nor 
malizing the intensity of the image, quantifying each pixel in 
the image of the organ, producing a quantification result, 
feeding the quantification results to an interpretation system, 
letting the interpretation system interpret the image, produc 
ing an interpretation result, and presenting the interpretation 
result to a user. 
The method according to the fourth aspect where the organ 

is the skeleton and said normalization is performed by assign 
ing, to a certain area of the skeleton, a certain reference value. 
A fifth aspect of the present invention relates to an image 

classification system for labeling an image into one of two or 
more classes where one class is normal and one class is 
pathological, the system comprising a pretrained artificial 
neural network having a plurality of inputs nodes, and a 
number of output nodes, a feature extractor, capable of 
extracting a number of features from said image, said features 
being suitable for feeding to the input nodes, wherein the 
pretrained artificial network presents a classification result on 
the number of output nodes when the number of features of 
the image is fed to the plurality of input nodes. 

The classification system according to the fifth aspect 
wherein the image is a two dimensional skeleton image. 

The classification system according to the fifth aspect 
wherein said number of features comprises a total number of 
pixels inside a contour of a skeleton of said skeleton image. 
The classification system according to the fifth aspect 

wherein said number of features comprises number of pixels 
in largest cluster of pixels above a certain threshold level 
inside a contour of a skeleton of said skeleton image. 
A sixth aspect of the present invention relates to a method 

for automatic normalization of bone scan images comprises 
the steps of identifying image elements corresponding to the 
skeleton, identifying hotspot elements contained in the 
image, Subtracting the hotspot elements from the skeleton 
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4 
elements, creating an image having remaining elements, cal 
culating an average intensity of the remaining elements, cal 
culating a Suitable normalization factor, adjusting the bone 
scan image intensities by multiplication with the normaliza 
tion factor. 
The method according to the sixth aspect may also com 

prise the repetition of the steps of identifying hotspot ele 
ments contained in the image, Subtracting the hotspot ele 
ments from the skeleton elements, creating an image having 
remaining elements, calculating an average intensity of the 
remaining elements, calculating a suitable normalization fac 
tor, adjusting the bone scan image intensities by multiplica 
tion with the normalization factor, which are repeated until no 
further significant change in the normalization factor occurs. 
Any of the first, second, third, fourth, fifth, or sixth aspects 

presented above of the present invention may be combined in 
any way possible. 

BRIEF DESCRIPTION OF THE DRAWINGS 

Further objects, features, and advantages of the present 
invention will appear from the following detailed description 
of some embodiments of the invention, wherein some 
embodiments of the invention will be described in more detail 
with reference to the accompanying drawings, in which: 

FIG. 1 shows a block diagram of a detection system for 
automatic detection of bone cancer metastases from a set of 
isotope bone scan images of a patient’s skeleton; and 

FIG. 2 shows a flowchart of a preparation method for 
extracting and transferring knowledge information to a com 
puterized image processing system according to an embodi 
ment of the present invention; and 

FIG. 3 shows a bone scan image wherein different ana 
tomic regions have been identified and delineated as showed 
by the Superimposed outlines on top of the patient image; and 

FIGS. 4a and 4b shows reference images of an average of 
normal healthy patient images, known as an atlas, which is 
intended to be transformed to resemble an unknown target 
patient image in order to transfer the known atlas anatomy 
onto the patient images; and 

FIG. 5 shows a flowchart of a normalization method for 
bone scan image aimed to enhance local segmented hotspots 
in the image; and 

FIGS. 6a and 6b shows an example of hotspots in a patient 
images wherein the hotspots are regions of locally elevated 
intensity that may be indicative of metastatic disease. 

DETAILED DESCRIPTION 

Embodiments of the present invention relate, in general, to 
the field of medical imaging and to the field of automated 
processing and interpretation of medical images. A preferred 
embodiment relates to a method for automatically or semi 
automatically determining contours of a human skeleton and 
any cancer metastases contained therein and being capable of 
extracting features to be used by an automatic interpretation 
system 
An image is a digital representation wherein each pixel 

represents a radiation intensity, a so called “count’, as known 
in the art, coming from a radio active Substance injected into 
the human body prior to taking of the image. 

Embodiments of the present invention will be described 
more fully hereinafter with reference to the accompanying 
drawings, in which embodiments of the invention are shown. 
This invention may, however, be embodied in many different 
forms and should not be construed as limited to the embodi 
ments set forth herein. Rather, these embodiments are pro 
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vided so that this disclosure will be thorough and complete, 
and will fully convey the scope of the invention to those 
skilled in the art. Like reference signs refer to like elements 
throughout. 

FIG. 1 shows a block diagram of a detection system for 
automatic detection of bone cancer metastases from one or 
more sets of digital isotope bone scan images of a patients 
skeleton according to an embodiment of the present inven 
tion. A set is consisting of two images: an anterior scan and a 
posterior Scan. The system comprises an input image memory 
105 for receiving and storing the sets of digital isotope bone 
scan images. The input image memory 105 is connected to a 
shape identifier unit 110 arranged to identify anatomical 
structures of the skeleton pictured in the set of bone scan 
images stored in the memory 105, forming an annotated set of 
images as shown in FIG. 6 where label 601 points to an 
outline defining one such identified anatomical structure 
(right femur bone). The shape identifier unit 110 of the detec 
tion system comprises a predefined model of a skeleton, the 
skeleton model comprising one or more anatomical regions, 
each region representing an anatomical portion of a general 
skeleton. The predefined skeleton model is adjusted to match 
the skeleton of the set of bone scan images of the patient, 
forming a working skeleton model. The shape identifier unit 
110 is connected to an annotated image memory 115 to store 
the annotated set of images. 
A hotspot detection unit 120 is connected to the annotated 

image memory 115 and is arranged to detect areas of high 
intensity in the annotated set of images stored in the memory 
115 based on information from the shape identifier 110 
regarding the anatomical structures corresponding to differ 
ent portions of the skeleton of the set of images. In an embodi 
ment the hotspot detection unit 120 may comprise a threshold 
scanner unit for Scanning the set of bone scan images and 
identifying pixels above a certain threshold. The hotspot 
detection unit 120 preferably comprises different thresholds 
for the different anatomical regions that are defined by the 
shape identifier unit 110. The hotspot feature extraction unit 
130 for extracting one or more hotspot features for each hot 
spot comprises means for determining the shape and position 
of each hotspot. 

In another embodiment the hotspot detection unit 120 may 
comprises an image normalization and filtering/threshold 
unit for scanning the set of bone scan images and identifying 
pixels above a certain threshold. The hotspot feature extrac 
tion unit 130 for extracting one or more hotspot features for 
each hot spot comprises means for determining the shape, 
texture and geometry of each hotspot. A detailed enumeration 
and description of each extracted feature of a preferred set of 
extracted features is found in Annex 1. 

Information thus created regarding the detected areas of 
high intensity, so called “hotspots”, is stored in a first hotspot 
memory 125. A hotspot feature extraction unit 130 is con 
nected to the first hotspot memory 125 and arranged to extract 
a set of hotspot features for each hot spot detected by the 
hotspot detection unit 120. Extracted hotspot features are 
stored in a second hotspot memory 135. 
A first artificial neural network (ANN) unit 140 is con 

nected to the second hotspot memory and arranged to calcu 
late a likelihood for each hotspot of the hotspot set being a 
metastasis. The first artificial neural network unit 140 are fed 
with the features of each hotspot of the hotspot set produced 
by the hotspot feature extraction unit 130. The likelihood 
calculation is based on the set of hotspot features extracted by 
the hotspot feature extraction unit 130. The results of the 
likelihood calculations are stored in a third hotspot memory 
145. 
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6 
Preferably, in the first artificial neural network unit 140 

there is arranged a pretrained ANN for each anatomical 
region. Each hotspot in a region is processed, the one after 
another, by the ANN arranged to handle hotspots from that 
region. 
A patient feature extraction unit 150 is connected to the 

second and third hotspot memory 135, 145, and arranged to 
extract a set of patient features based on the number of 
hotspots detected by the hotspot detection unit 120 and stored 
in the first hotspot memory 125, and on the likelihood output 
values from the first artificial neural network unit 140 being 
stored in the third hotspot memory 145. The patient feature 
extraction unit 150 are provided with means to perform cal 
culations that make use of both data from the hotspot feature 
extraction unit 130 and of the outputs of the first artificial 
neural network unit 140. The extracted patient features are 
stored in a patient feature memory 155. Preferably, the 
extracted patient features are those listed in a second portion 
of Annex 1. 
A second artificial neural network unit 160 is connected to 

the patient feature memory 155, and is arranged to calculate a 
metastasis likelihood that the patient has one or more cancer 
metastases, based on the set of patient features extracted by 
the patient feature extraction unit 150 being stored in the 
patient feature memory 155. The system may optionally 
(hence the jagged line in FIG. 1) be provided with a threshold 
unit 165 which is arranged to, in one embodiment, make a 
“yes or no decision by outputting a value corresponding to a 
“yes, the patient has one or more metastases’ if the likelihood 
outputted from the second artificial neural network unit 160 is 
above a predefined threshold value, and by outputting a value 
corresponding to a "no, the patient has no metastases” if the 
likelihood outputted from the second artificial neural network 
unit 160 is below a predefined threshold value. In another 
optional embodiment the threshold unit 165 is arranged to 
stratify the output into one of four diagnoses, definitely nor 
mal, probably normal, probably metastases and definitely 
metaStaSeS. 

Test performed with the different embodiments showed 
that the system according to any of the embodiments pre 
sented above performed very well. In one of the embodiments 
described above the sensitivity was measured to 90% and the 
specificity also to 90%. The test method used in this embodi 
ment was identical to the test method described in the article 
A new computer-based decision-support system for the inter 
pretation of bone scans by Sadik M. etal published in Nuclear 
Medicine Communication nr. 27: p. 417-423 (hereinafter 
referred to as Sadik et al). 

In the optional embodiment described above the perfor 
mance was measured at the three configurations correspond 
ing to the thresholds used to stratify the output value into one 
of four diagnoses. The sensitivity and the specificity at these 
configurations were: 

Definitely normal/probably normal: sensitivity 95.1% 
specificity 70.0%. 

Probably normal/probably metastases: 90.2%, 87.3%. 
Probably metastases/definitely metastases: 88.0%, 90.1%. 
Further is provided a method for the interpretation of iso 

tope bone scan images with the aid of the system described in 
conjunction with FIG. 1, prepared according to the method of 
FIG. 2. A method for bone scan image segmentation is pro 
vided. An embodiment of the method comprises the follow 
ing steps described below and illustrated by the flowchart in 
FIG 2. 
The method, in an embodiment of the present invention, 

involves performing a delineation of the entire anterior and 
posterior view of the skeleton except for the lower parts of the 
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arms and legs using an Active Shape Model (ASM) approach. 
Omitting said portions of the skeleton is not an issue since 
these locations are very rare locations for metastases and they 
are sometimes not acquired in the bone scanning routine. For 
the purpose of explaining the present invention, an Active 
Shape Model is defined as a statistical method for finding 
objects in images, said method being based on a statistical 
model built upon a set of training images. In each training 
image a shape of the object is defined by landmark points that 
are manually determined by a human operator during a prepa 
ration or training phase. Subsequently a point distribution 
model is calculated which is used to describe a general shape 
relating to said objects together with its variation. The general 
shape can then be used to search other images for new 
examples of the object type, e.g. a skeleton, as is the case with 
the present invention. A method for training of an Active 
Shape Model describing the anatomy of a human skeleton is 
provided. The model comprises the following steps described 
below. 
A first step may be to divide a skeleton segmentation into 

eight separate training sets 205. The training sets are chosen 
to correspond to anatomical regions that the inventors have 
found to be particularly Suitable for achieving consistent seg 
mentation. The eight separate training sets in 210 are as 
follows: 
1) A first training set referring to the anterior image of head 
and spine. 

2) A second training set referring to the anterior image of the 
ribs. 

3) A third training set referring to the anterior image of the 
aS. 

4) A fourth training set referring to the anterior image of the 
lower body 

5) A fifth training set referring to the posterior image of the 
head and spine. 

6) A sixth training set referring to the posterior image of the 
ribs. 

7) A seventh training set referring to the posterior image of the 
aS. 

8) An eighth training set referring to the posterior image of the 
lower body 
Each training set 210 comprises a number of example 

images. Each image is prepared with a set of landmark points. 
Each landmark point is associated with a coordinate pair 
representing a particular anatomical or biological point of the 
image. The coordinate pair is determined by manually pin 
pointing the corresponding anatomical/biological point 215. 
In the anterior image the following easily identifiable ana 
tomical landmarks are used. 

Before capturing the statistics of the training set 220, each 
set of landmark points 215 were aligned to a common coor 
dinate frame, different for each of the eight training sets 210. 
This was achieved by scaling, rotating and translating the 
training shapes so that they corresponded as closely as pos 
sible to each other as described in Active shape models—their 
training and application by T. F. Cootes, C. J. Taylor, D. H. 
Cooper and J. Graham presented in Computer Vision and 
Image Understanding, Vol. 61, no. 1, pp. 38-59, 1995 (here 
inafter referred to as Cootes et al). By examination of the 
statistics 220 of the training sets a two-dimensional statistical 
point distribution model is derived that contains the shape 
variations observed in the training set. This statistical model 
ing of landmark (shape) variations across skeletons is per 
formed as described in Cootes etal and in Application of the 
Active Shape Model in a commercial medical device for bone 
densitometry by H. H. Thodberg and A. Rosholm presented in 
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8 
the Proceedings of the 12th British Machine Vision Confer 
ence, 43-52, 2001, (hereinafter referred to as Thodberg etal). 
The resulting statistical model 220 of shape variations can 

be applied to patient images in order to segment the skeleton. 
Starting with a mean shape, new shapes within a range of an 
allowable variation of the shape model can be generated 
similar to those of the training set Such that the generated 
skeletons resemble the structures present in the patient image. 
The anterior body segments that may be segmented using this 
method may in one embodiment be; Cranium-Face-Neck, 
Spine, Sternum Upper, Sternum Lower, Right Arm, Left Arm, 
Right Ribs, Left Ribs, Right Shoulder, Left Shoulder, Pelvic, 
Bladder, Right Femur and Left Femur. The posterior body 
segments may in one embodiment be the Cranium, Neck, 
Upper Spine, Lower Spine, Spine, Right Arm, Left Arm, 
Right Ribs, Left Ribs, Right Scapula, Left Scapula, Ossa 
Coxae, Lower Pelvic, Bladder, Right Femur and the Left 
Femur. 
A first step in a search process may be to find a start position 

for the mean shape of the anterior image. For instance the 
peak of the head may be chosen because in tests it has proved 
to be a robust starting position and it is easy to locate by 
examining the intensity in the upper part of the image above 
a specified threshold value in each horizontal row in the 
image. 
The ensuing search for an instance of the skeleton shape 

model that fits the skeleton in the patient image is carried out 
in accordance with the algorithm described in Cootes etaland 
in Thodberg et al. 

In another embodiment of the present invention a second 
method for bone scan image segmentation is provided. The 
goal of the second bone scan image segmentation method is 
as in the previous embodiment to identify and to delineate 
different anatomical regions of the skeleton in a bone scan 
image 300. These regions will be defined by superimposed 
outlines 320 onto the patient images 310, as shown in FIG. 3. 
The segmentation method described here is denoted segmen 
tation by registration. 
An image registration method transforms one image into 

the coordinate system of another image. It is assumed that the 
images depict instances of the same object class, here, a 
skeleton. The transformed image is denoted the Source image, 
while the non-transformed image is denoted the target image. 
The coordinate systems of the source and target images are 
said to correspond when equal image coordinates correspond 
to equal geometrical/anatomical locations on the object(s) 
contained in the Source and target images. Performing seg 
mentation by registration amounts to using a manually 
defined segmentation of the source image, and registering the 
Source image to a target image where no segmentation is 
defined. The source segmentation is thereby transferred to the 
target image, thus creating a segmentation of the target image. 
The segmentation of the source image in this embodiment 

defines the anatomy of a reference healthy patient and has 
been manually drawn by a clinical expert as a set of polygons. 
FIGS. 4a and 4b shows an example of such a reference 
healthy patient image 400, also called “atlas”, wherein FIG. 
4a shows the front side view or anterior side view of the 
patient while FIG. 4b shows backside view or the posterior 
view of the patient. Referring to the labels in FIGS. 4a and 4b 
respectively, these areas define the anterior posterior skull 
labeled (1,1) 401, 402, anterior and posterior cervical spine 
labeled (2.2) 403, 404, anterior and posterior thoracic spine 
labeled (3.3) 405, 406, anterior sternum labeled (14) 407, 
anterior and posterior lumbar spine labeled (4.4) 409, 408, 
anterior and posterior sacrum labeled (115) 411, 410, ante 
rior and posterior pelvis labeled (15.14), anterior and poste 

Page 12 of 16 MIM Ex1014



US 8,855,387 B2 

rior left and right scapula labeled (5.6.7.6), anterior left and 
right clavicles labeled (17.16), anterior and posterior left and 
right humerus labeled (7,8,9,8), anterior and posterior left and 
right ribs labeled (9,10,11,10), and anterior and posterior left 
and right femur labeled (12,13,12,13)413, 415, 412,414. 
The healthy reference image 400 is always used as the 

Source image by the system, while the patient image to be 
examined acts as the target image. The result is a segmenta 
tion of the target image into skeletal regions as depicted in 
FIG. 3. Lower arms and lower legs are not considered for 
analysis. 
The healthy reference image 400 used as the source image 

is constructed from 10 real examples of healthy patients with 
representative image quality and with normal appearance and 
anatomy. An algorithm is used which creates anterior and 
posterior images of a fictitious normal healthy patient with 
the average intensity and anatomy calculated from the group 
of example images. The system performs this task as 
described in Average brain models. A convergence study by 
Guimond A. Meunier J. Thirion J.-P presented in Computer 
Vision and Image Understanding, 77(2): 192-210, 2000 (here 
inafter referred to as Guimond et al). The result is shown in 
FIGS. 4a and 4b, where it can be seen that the resulting 
anatomy indeed has a normal healthy appearance. The 
anatomy exhibits a high degree of lateral symmetry which is 
a result of averaging the anatomy of several patients. 
The registration method is an improvement of the Morphon 

method as described in Non-Rigid Registration using Mor 
phons by A. Wrangsjö, J. Pettersson, H. Knutsson presented 
in Proceedings of the 14th Scandinavian conference on image 
analysis (SCIA'05), Joensuu June 2005 (hereinafter referred 
to as Wrangsjö et al) and in Morphons. Segmentation using 
Elastic Canvas and Paint on Priors by H. Knutsson, M. 
Andersson presented in ICIP 2005, Genova, Italy. September 
2005 (hereinafter referred to as Knutsson et al). The method 
is improved to increase robustness for the purpose of seg 
menting skeletal images where both an anterior image and a 
posterior image are Supplied. We now turn to a detailed 
description of this improvement. 
The improvement of the Morphon method contained in this 

invention consists of a system for using multiple images of the 
same object for determining a single image transformation. In 
particular, we use the anterior and posterior skeletal images 
simultaneously. The goal of the improvement is to increase 
robustness of the method. To describe the improvement, nec 
essary parts of the original Morphon method are first 
described, followed by a description of the improvement. 
The following description of the so-called displacement 

vector field generation used in the Morphon method serves to 
introduce notation and put the improvement into perspective. 
For a more thorough treatment, refer to Wrangsjö et al and 
Knutsson et al. 
The Morphon registration method proceeds in iterations, 

where each iteration brings the source image into closer cor 
respondence with the target image. This corresponds to a 
Small displacement of each Source image element (pixel or 
Voxel). The collection of all such displacements during an 
iteration are collected in a vector field of the same size as the 
Source image where each vector describes the displacement 
of the corresponding image element. The vector field is deter 
mined using 4 complex filters. Each filter captures lines and 
edges in the image in a certain direction. The directions cor 
responding to the 4 filters are vertical, horizontal, top left to 
bottom right diagonal and top right to bottom left diagonal. 
Filtering the image by one of these filters generates a complex 
response which can be divided into a phase and a magnitude. 
Due to the Fourier shift theorem, the phase difference at a 
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10 
particular point between the filtered source and target images 
is proportional to the spatial shift required to bring the objects 
into correspondence at that point in the direction of the filter. 
When the phase and magnitude at each image point has been 
calculated for all 4 filter directions, the displacement vector 
can be foundby Solving a least-squares problem at each point. 
The magnitude can be used to derive a measure of the cer 
tainty of each displacement estimate. The certainties can be 
incorporated in the least-squares problem as a set of weights. 
The resulting weighted least squares problem is 

(1) 
min X win v-vi 2. O T 2 

where V is the sought 2-by-1 displacement vector, n, is the 
direction of the ith filter, V, is the phase difference correspond 
ing to the ith filter andw, is the certainty measurederived from 
the magnitude of to the ith filter. 
The improvement of this method contained in present 

invention consists of using more than one image for estimat 
ing a single vector field of displacements. Each image is 
filtered separately as described above, resulting in 4 complex 
responses for each image. The weighted least Squares prob 
lem is expanded to include all images yielding 

(2) 
T 2 X wik ni V - Vik 

where k is the number of images (2 in the case of skeletal 
images). The effect of this is that the number of data points are 
multiplied by the number of images in the estimation of the 
two-dimensional displacement V, making the problem better 
defined. A further explanation of the development is provided 
by the certainty measures. Using a single image as input, 
regions of the resulting displacement vector field correspond 
ing to low certainty measures will be poorly defined. If more 
than one image is Supplied, chances are that at least one image 
is able to provide adequate certainty to all relevant regions. 
As mentioned before, the hotspot detection unit 120 uses 

information from the shape identifier unit 110 described in 
conjunction with FIG.1. Its purpose is two-fold. Its primary 
purpose is to segment hotspots in the anterior and posterior 
patient images. Hotspots are isolated image regions of high 
intensity and may be indicative of metastatic disease when 
located in the skeleton. The secondary purpose of unit 120 is 
to adjust the brightness of the image to a predefined reference 
level. Such intensity adjustment is denoted image normaliza 
tion. This invention describes an algorithm which segments 
hotspots and estimates a normalization factor simultaneously, 
and is performed separately on the anterior and posterior 
images. First, the need for proper normalization is briefly 
explained, followed by a description of the algorithm. 

Skeletal Scintigraphy images differ significantly in inten 
sity levels across patients, studies and hardware configura 
tions. The difference is assumed multiplicative and Zero 
intensity is assumed to be a common reference level for all 
images. Normalizing a source image with respect to a target 
image therefore amounts to finding a scalar factor that brings 
the intensities of the Source image to equal levels with the 
target image. The intensities of two skeletal images are here 
defined as equal when the average intensity of healthy regions 
of the skeleton in the source image is equal to the correspond 
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ing regions in the target image. The normalization method, 
shown in a flowchart in FIG. 5, comprises the following steps. 

1. Identification of image elements corresponding to the 
skeleton 510. 

2. Identification of hotspots contained in the image 520. 5 
3. Subtraction of hotspot elements from the skeleton ele 

ments 530. 
4. Calculation of the average intensity of the remaining 

(healthy) elements 540. 
5. Calculation of a suitable normalization factor 550. 
6. Adjustment of the source image intensities by multipli 

cation with the normalization factor 560. 
The step in 510 is carried out using information on image 

regions belonging to the skeleton provided by the trans 
formed anatomical regions derived by the shape identifier 
unit 110 of FIG. 1, as described above. The polygonal regions 
are converted into binary image masks which define image 
elements belonging to the respective regions of the skeleton. 

In step 520 the hotspots are segmented using one image 20 
filtering operation and one thresholding operation. The image 
is filtered using a difference-of-Gaussians band-pass filter 
which emphasizes Small regions of high intensity relative to 
their respective Surroundings. The filtered image is then 
thresholded at a constant level, resulting in a binary image 25 
defining the hotspot elements. 

In step 530 any of the elements calculated in 510 that 
coincide with the hotspot elements calculated in 520 are 
removed. The remaining elements are assumed to correspond 
to healthy skeletal regions. 30 

In step 540 the average intensity of the healthy skeletal 
elements is calculated. Denote this average intensity by A. 

In step 550 a suitable normalization factor is determined in 
relation to a predefined reference intensity level. This level 
may for instance beset to 1000 here. The normalization factor 35 
B is calculated as B=1000/A. 

In step 560 the intensities of the source image are adjusted 
by multiplication by B. 

The hotspot segmentation described in 520 is dependent on 
the overall intensity level of the image which in turn is deter- 40 
mined by the normalization factor calculated in 550. How 
ever, the normalization factor calculated in 550 is dependent 
on the hotspot segmentation from 520. Since the results of 
520 and 550 are interdependent, 520 to 560 may in an 
embodiment be repeated 570 until no further change in the 45 
normalization factor occurs. Extensive tests have shown that 
this process normally converges in 3 or 4 repetitions. 

FIG. 6a shows a normalized anterior bone scan image and 
6b shows a posterior normalized bone scan image according 
to the normalization method in FIG. 5. The segmented 50 
hotspots 620 are shown in FIGS. 6a and 6b as dark spots 
appearing in the segmented image 610. Thus, an automated 
system according to the present invention would classify the 
patient as having cancer metastases. 

In the above description the second ANN may in one 55 
embodiment be the same or a part of the first ANN. 

In the above description the term point may be used to 
denote one or more pixels in an image. 
The terminology used herein is for the purpose of describ 

ing particular embodiments only and is not intended to be 60 
limiting of the invention. As used herein, the singular forms 
“a”, “an and “the are intended to include the plural forms as 
well, unless the context clearly indicates otherwise. It will be 
further understood that the terms “comprises’ “comprising.” 
“includes and/or “including when used herein, specify the 65 
presence of stated features, integers, steps, operations, ele 
ments, and/or components, but do not preclude the presence 
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or addition of one or more other features, integers, steps, 
operations, elements, components, and/or groups thereof. 

Unless otherwise defined, all terms (including technical 
and Scientific terms) used herein have the same meaning as 
commonly understood by one of ordinary skill in the art to 
which this invention belongs. It will be further understood 
that terms used herein should be interpreted as having a 
meaning that is consistent with their meaning in the context of 
this specification and the relevant art and will not be inter 
preted in an idealized or overly formal sense unless expressly 
so defined herein. 
The foregoing has described the principles, preferred 

embodiments and modes of operation of the present inven 
tion. However, the invention should be regarded as illustrative 
rather than restrictive, and not as being limited to the particu 
lar embodiments discussed above. The different features of 
the various embodiments of the invention can be combined in 
other combinations than those explicitly described. It should 
therefore be appreciated that variations may be made in those 
embodiments by those skilled in the art without departing 
from the scope of the present invention as defined by the 
following claims. 

ANNEX 1 

The artificial neural network system, i.e., the first ANN unit 
140, is fed with the following set of 27 features measuring the 
size, shape, orientation, localization and intensity distribution 
of each hotspot. The features are: 

Skeletal involvement. Measures the skeletal volume occu 
pied by the extracted hotspot region, based on the two 
dimensional hotspot area, the two-dimensional area of 
the corresponding skeletal region and a coefficient rep 
resenting the Volumetric proportion represented by the 
skeletal region in relation to the entire skeleton. Calcu 
lated as (hotspot area/regional area)*coefficient. 

Relative area. Hotspot area relative to the corresponding 
skeletal region. A measure that is independent of image 
resolution and scanner field-of-view. 

Relative centroid position (2 features). Centroid position 
relative to the bounding box of the corresponding skel 
etal region. Values range from 0 (top, left) to 1 (bottom, 
right). 

Relative center of mass (2 features). Similar to the centroid 
features, but takes the intensities of the hotspot region 
into account when calculating X and y values. 

Relative height. Hotspot height relative to the height of the 
corresponding skeletal region. 

Relative width. Hotspot width relative to the width of the 
corresponding skeletal region. 

Minimum intensity. Minimum intensity calculated from all 
hotspot elements on the corresponding normalized 
image. 

Maximum intensity. Maximum intensity calculated from 
all hotspot elements on the corresponding normalized 
image. 

Sum of intensities. Sum of intensities calculated from all 
hotspot elements on the corresponding normalized 
image. 

Mean intensity. Mean intensity calculated from all hotspot 
elements on the corresponding normalized image. 

Standard deviation of intensities. Standard deviation of 
intensities calculated from all hotspot elements on the 
corresponding normalized image. 

Boundary length. Length of the boundary of the hotspot 
measured in pixels. 
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Solidity. Proportion of the convex hull area of the hotspot 
represented by the hotspot area. 

Eccentricity. Elongation of the hotspot ranging from 0 (a 
circle) to 1 (a line). 

Total number of hotspot counts. Sum of intensities in all 
hotspots in the entire skeleton. 

Regional number of hotspot counts. Sum of intensities in 
hotspots contained in the skeletal region corresponding 
to the present hotspot. 

Total hotspot extent. Area of all hotspots in the entire 
skeleton relative to the entire skeletal area in the corre 
sponding image. 

Regional hotspot extent. Area of all hotspots in the skeletal 
region corresponding to the present hotspot relative to 
the area of the skeletal region. 

Total number of hotspots. Number of hotspots in the entire 
skeleton. 

Regional number of hotspots. Number of hotspots in the 
skeletal region corresponding to the present hotspot. 

Hotspot localization (2 features). X-coordinate ranges 
from 0 (most medial) to 1 (most distal) in relation to a 
medial line calculated from the transformed reference 
anatomy in the shape identification step. Y-coordinate 
ranges from 0 (most superior) to 1 (most inferior). All 
measures are relative to the corresponding skeletal 
region. 

Distance asymmetry. The Smallest Euclidean distance 
between the relative center of mass of the present 
hotspot and the mirrored relative center of mass of 
hotspots in the contralateral skeletal region. Only calcu 
lated for skeletal regions with a natural corresponding 
contralateral skeletal region. 

Extent asymmetry. The smallest difference in extent 
between the present hotspot and the extent of hotspots in 
the contralateral skeletal region. 

Intensity asymmetry. The smallest difference in intensity 
between the present hotspot and the intensity of hotspots 
in the contralateral skeletal region. 

The second ANN unit which determines a patient-level 
diagnosis pertaining to the existence of metastatic disease 
uses the 34 features listed below as input. All features used by 
the second ANN unit are calculated from hotspots classified 
as having high metastasis probability by the first ANN unit. 

Total involvement. The summed skeletal involvement in 
the entire skeleton. 

Skull involvement. The Summed skeletal involvement in 
the skull region. 

Cervical column involvement. The Summed 
involvement in the cervical column region. 

Thoracic column involvement. The Summed skeletal 
involvement in the thoracic column region. 

Lumbar column involvement. The Summed 
involvement in the lumbar column region. 

Upper limb involvement. The summed skeletal involve 
ment in the upper limb region. 

Lower limb involvement. The summed skeletal involve 
ment in the lower limb region. 

Thoracic involvement. The Summed skeletal involvement 
in the thoracic region. 

Pelvis involvement. The summed skeletal involvement in 
the pelvis region. 

Total number of “high” hotspots. 
Number of “high” hotspots in the skull region. 
Number of “high” hotspots in the cervical column region. 
Number of “high” hotspots in the thoracic column region. 
Number of “high” hotspots in the lumbar column region. 
Number of “high” hotspots in the upper limb region. 
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14 
Number of “high” hotspots in the lower limb region. 
Number of “high” hotspots in the thoracic region. 
Number of “high” hotspots in the pelvis region. 
Maximal ANN output from the first ANN unit in the skull 

region. 
Maximal ANN output from the first ANN unit in the cer 

vical spine region. 
Maximal ANN output from the first ANN unit in the tho 

racic spine region. 
Maximal ANN output from the first ANN unit in the lumbar 

spine region. 
Maximal ANN output from the first ANN unit in the 

Sacrum region. 
Maximal ANN output from the first ANN unit in the 

humerus region. 
Maximal ANN output from the first ANN unit in the 

clavicle region. 
Maximal ANN output from the first ANN unit in the 

Scapula region. 
Maximal ANN output from the first ANN unit in the femur 

region. 
Maximal ANN output from the first ANN unit in the ster 
num region. 

Maximal ANN output from the first ANN unit in the costae 
region. 

2nd highest ANN output from the first ANN unit in the 
costae region. 

3rd highest ANN output from the first ANN unit in the 
costae region. 

Maximal ANN output from the first ANN unit in the pelvis 
region. 

2nd highest ANN output from the first ANN unit in the 
pelvis region. 

3rd highest ANN output from the first ANN unit in the 
pelvis region. 

The invention claimed is: 
1. A detection system for automatic detection of bone 

cancer metastases from a set of isotope bone scan images of a 
patients skeleton, the system comprising: 

a shape identifier unit for identifying anatomical structures 
of the skeleton pictured in the set of bone scan images, 
forming an annotated set of images; 

a hotspot detection unit for detecting areas of high intensity 
in the annotated set of images based on information from 
the shape identifier regarding the anatomical structures 
corresponding to different portions of the skeleton of the 
images: 

a hotspot feature extraction unit for extracting a set of 
hotspot features for each hotspot detected by the hotspot 
detection unit; 

a first artificial neural network unit arranged to calculate a 
likelihood for each hot spot of the hotspot set being a 
metastasis based on the set of hotspot features extracted 
by the hotspot feature extraction unit; 

a patient feature extraction unit arranged to extract a set of 
patient features based on the hotspots detected by the 
hotspot detection unit and on the likelihood outputs from 
the first artificial neural network unit; and 

a second artificial neural network unit arranged to calculate 
a likelihood that the patient has one or more cancer 
metastases, based on the set of patient features extracted 
by the patient feature extraction unit. 

2. The detection system as recited in claim 1, wherein the 
shape identifier unit comprises a predefined skeleton model 
of a skeleton, the skeleton model comprising one or more 
anatomical regions, each region representing an anatomical 
portion of a general skeleton. 
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3. The detection system as recited in claim 1, wherein the 
predefined skeleton model is adjusted to match the skeleton of 
the set of bone scan images of the patient, forming a working 
skeleton model. 

4. The detection system as recited in claim 1, wherein the 
hotspot detection unit comprises a threshold scanner unit for 
Scanning the set of bone scan images and identifying pixels 
above a certain threshold level. 

5. The detection system as recited in claim 4, wherein the 
hotspot detection unit comprises different threshold levels for 
the differentanatomical regions that are defined by the shape 
identifier unit. 

6. The detection system as recited in claim 1, wherein the 
hotspot feature extraction unit for extracting one or more 
hotspot features for each hot spot, comprises means for deter 
mining the shape and position of each hotspot. 

7. The detection system as recited in claim 1, wherein the 
first artificial neural network unit are fed with the features of 
each hotspot of the hotspot set produced by the hotspot fea 
ture extraction unit. 

8. The detection system as recited in claim 1, wherein the 
patient feature extraction unit are provided with means to 
perform calculations that make use of both data from the 
hotspot feature extraction unit and of the outputs of the first 
artificial neural network unit. 

9. The detection system as recited in claim 1, wherein the 
Second artificial neural network unit is arranged to calculate 
the likelihood for the patient having one or more cancer 
metastases, and wherein the unit are fed with the features 
produced by the patient feature extraction unit. 

10. A method for automatically detecting bone cancer 
metastases from an isotope bone scan image set of a patient, 
the method comprising the following steps: 

identifying anatomical structures of the skeleton pictured 
in the set of bone scan images, forming an annotated set 
of images: 

detecting areas of high intensity in the annotated set of 
images based on information regarding the anatomical 
structures corresponding to different portions of the 
skeleton of the images; 

extracting a set of hotspot features for each hot spot 
detected; 

feeding, to a first artificial neural network unit arranged to 
calculate a likelihood for each hot spot of the hotspot set 
being a metastasis, the set of hotspot features extracted; 

extracting a set of patient features based on the hotspots 
detected and on the likelihood outputs from the first 
artificial neural network unit; and 
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16 
feeding, to a second artificial neural network unit arranged 

to calculate a likelihood that the patient has one or more 
cancer metastases, the set of patient features extracted. 

11. The method of claim 10 wherein the step of processing 
extracted information further involves feeding, to the pre 
trained artificial neural network, at least one of the following: 

a value describing the eccentricity of each hotspot; 
a value describing the skeletal volume occupied by an 

extracted hotspot region; 
a value describing the maximum intensity calculated from 

all hotspots on the corresponding normalized image: 
a value describing the hotspot localization relative to a 

corresponding skeletal region; 
a value describing distance asymmetry which is only cal 

culated for skeletal regions with a natural corresponding 
contralateral skeletal region(s): 

a number of hotspots in one or more certain anatomical 
region(s). 

12. The method of claim 10 wherein the step of extracting 
information involves the further steps of: 

identifying a number of anatomical structures in the bone 
scan image(s): 

detecting hotspots in each anatomical region by comparing 
the value of each pixel with a threshold value, different 
for each anatomical region; 

decide, for each hotspot, which anatomical region it 
belongs to. 

13. The method of claim 12 further comprising the step of: 
for each hotspot: determining the number of pixels having 

an intensity above a predetermined threshold level. 
14. The method of claim 12 wherein the step of identifying 

a number of anatomical structures in the bone scan image(s) 
further includes the step of segmenting the bone scan image 
(s) by a segmentation-by-registration method. 

15. The method of claim 14 wherein the segmentation-by 
registration method comprises the following steps: 

comparing a bone scan image set with an atlas image set, 
the atlas image having anatomical regions marked; and 

adjusting a copy of the atlas image set to the bone scan 
image set, such that anatomical regions of the atlas 
image can be superimposed on the bone scan image. 

16. The method of claim 10 wherein the step of processing 
extracted information further involves feeding, to the pre 
trained artificial neural network, at least: 

a value describing distance asymmetry which is only cal 
culated for skeletal regions with a natural corresponding 
contralateral skeletal region. 
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