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COMPUTER-AIDED DIAGNOSIS SYSTEM TO QUANTIFY METASTASES ON BONE SCAN 
(Abstract): Our objective was to develop a computer-aided diagnosis (CAD) system able to auto-
matically evaluate the presence of bone metastases (MTS) on whole-body scans and to quantita-
tively assess the evolution of the metastatic disease (MTSD) on repeated bone scans. We worked 
on 99mTc HDP whole body images of patients with MTSD. The method was developed in MAT-
LAB, consisting of three steps. The first – preprocessing – brings the images to the same contrast 
level by adjusting the background noise level. The second –processing – identifies areas of inter-
est using the watershed method improved by a series of accessory methods. And the third – post-
processing – is the manual elimination of automatically encircled areas of high radiotracer uptake 
that are certainly not metastases (e.g. joints). Finally, on the series of images in evolution, sev-
eral quantitative descriptors are calculated and graphically represented. Global parameters are the 
MTS count and the ratio between the area occupied by MTS and the entire skeleton surface (MSR). 
Local parameters determine each lesion’s coordinates, area, region gravity center, maximum in-
tensity, mean intensity and its standard deviation. The CAD we developed allows physicians to 
monitor bone metastases in a precise, quantified way that ensures objectivity, reliability and a fast 
evaluation of MTSD evolution. Key words: BONE METASTASES, CANCER, COMPUTER-
AIDED DIAGNOSIS (CAD), MATLAB, WATERSHED METHOD

INTRODUCTION
There is evidence of an increased frequency 

of bone metastases in several types of cancer 
such as lung, prostate or breast cancer (up to 
80% incidence), myeloma (70-95% incidence) 
etc. (1), justifying the general term ‘metastatic 
disease’ (MTSD) and the great concentration 
of research in this area. The impact of this 
phenomenon is of great importance as treatment 
decisions are strongly influenced by the correct 
interpretation of the medical images used for 
diagnosis and monitoring the evolution of the 
disease. MTSD bone scan diagnosis may be 
uncertain or involve a certain degree of subjec-
tivity, especially in the pre- or near metastatic 
period. In this respect, several studies have 
been conducted which revealed that the number 
of false-negative interpretations is unacceptably 

high, the diagnosticians’ performance revealing 
a sensitivity below 80% (2-4), in some cases. 
Therefore, the possibility of improving the di-
agnosis process of bone metastases by auto-
matic quantification through computer-aided 
diagnosis (CAD) systems will be a great advan-
tage for the physician and of great help for 
the patient. The concept of these systems is to 
combine the physician’s skills and medical 
knowledge with the computer’s ability to detect 
lesions. 

Our study falls within the international con-
text of increased interest in improving diagnosis 
on different types of medical images (5). CAD 
systems began to be part of routine cancer de-
tection (6-10) and it has been shown that these 
systems have significantly improved the perfor-
mance of physicians in detecting cancer (8-10). 
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Consequently, our goal was to develop a com-
puter-aided diagnosis system (CAD) that is able 
to evaluate and quantify the presence of bone 
metastases on whole-body scans using image pro-
cessing techniques, in order to help the nuclear 
medicine physician in his diagnostic approach.

MATERIAL AND METHOD
We worked with a group of 37 pairs of whole 

body scans (taken in evolution) of MTSD adult 
patients, selected from the archives of the Nu-
clear Medicine Laboratory, “St. Spiridon” 
Hospital, Iaşi. The selected patients reflect the 
spectrum of pathology encountered in routine 
clinical practice in the area, having diagnoses 
of breast, prostate or lung cancers. 

Each patient was subject to two whole-body 
scans, in evolution, taken at an interval between 
1 and 2 years. The protocol for the scans con-
sisted of an intravenous injection of 99mTc 
HDP (10.57 MBq per kilogram of body weight), 
followed by acquiring the images 2 hours later, 
using a scan speed of 15 cm/min. This resulted 
in whole-body images (anterior and posterior 
views), 256/1024 matrix sized and they were 
obtained using a dual head Siemens gamma 
camera with low energy high resolution parallel 
collimators. The images were stored on a ded-
icated computer. Energy discrimination was 

made by a 15% symmetric window centered on 
a 140 keV peak. 

Images obtained from the gamma camera 
were saved in DICOM (Digital Imaging and 
Communications in Medicine) format. The DI-
COM format is generally used for storing med-
ical images and contains, besides the image 
itself, metadata providing information about the 
image (size, dimensions, depth, method used, 
equipment settings) (11).

To develop the CAD application we used 
MATLAB platform, which is able to recognize, 
read and process the DICOM format. The 
method had three steps: preprocessing, pro-
cessing and postprocessing.

Step I – Preprocessing
The images captured by the gamma camera 

can have intensity differences between examina-
tions, which results in contrast variations (12). 
Many of them appear too dark, having a low 
contrast. This depends on a number of factors 
such as administered radiotracer dose, patient’s 
hydration degree, image’s capture time, attenu-
ation degree, etc.

The preprocessing phase brings images at 
roughly the same contrast level. This is neces-
sary in order to be able to apply the same 
threshold values in the further processing and 
to be able to compare the images in evolution.

Fig. 1. a) original image; b) imadjust function; c) histeq function; d) adapthisteq function.
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Fig. 1(a) shows the original image as it is 
acquired by the gamma camera. In the other 
three sections (b, c, d) we can see the results 
of three different contrast enhancing techniques 
(13), out of which we chose the latter (d) as 
being the most appropriate. It should be noted 
that even after applying the function adapthisteq 
once on the original image, the contrast may 
remain low for some images, requiring to apply 
the function twice or more times, until an ap-
propriate contrast level is achieved. We did this 
by approximating the contrast of the image with 
the arithmetic mean of the image intensities and 
applied the function adapthisteq as long as the 
mean was lower than 14 (value chosen after re-
peated experimental tests on multiple images):

>> while mean(mean(f)) < 14
>> f = adapthisteq(f);
>> end
Thus, the images to be compared were brought 

to the same contrast level. 
Step 2 – Processing
After the preprocessing step, in which we 

prepared the image for processing, we started 
the segmentation phase, at the end of which we 
identified the areas of interest. The proper seg-
mentation was achieved using the watershed 
method (11),(14-15). This method consists in 
regarding grayscale images as topological sur-

faces where pixel values are interpreted as 
height. The watershed method identifies the 
catchment basins and the ridge lines between 
them, in a grayscale image (11),(14-15).

Although the method seems auspicious, the 
direct application of it was difficult as seen in 
Fig. 2(b). Consequently, we made use of a 
series of accessory methods, as follows, that 
helped the watershed technique to work increas-
ingly better. Firstly, we removed the noise in 
the gradient image. In order to do this, the 
linear filter average was applied on both the 
image and its gradient as follows:

>> w = fspecial(‘average’, 3);
>> f = imfilter(f, w, ‘replicate’);
>> h = fspecial(‘sobel’);
>> g = sqrt( imfilter(f, h, ‘replicate’) .^ 

2 + imfilter(f, h’, ‘replicate’) .^2 );
>> g = imfilter(g, w, ‘replicate’);
After that, we identified internal markers 

that could help restrain the number of pools 
(11). These were used to eliminate unnecessary 
regional minima from the gradient before ap-
plying the watershed function. This was done 
with the help of toolbox function imextended-
min which implements the extended-minima 
transform (13). The imextendedmin function 
will select only the relevant minima. Internal 
markers calculation was made as follows:

Fig. 2. Direct application of the watershed method (I); noise removal and reapplying watershed (II); 
identifying internal markers (III).



400

Iolanda Valentina Popa et al.

Fig. 3. Corrections on the application of the watershed method: minima imposition of the markers, 
then watershed application (I); disunite of the internal and external markers with removal of the 

irrelevant internal markers (II); final watershed (III).

>> intMark = imextendedmin(uint8(fd), 
10);

>> fWithIntMark = f;
>> fWithIntMark(intMark) = 255;
 In addition, we identified the external 

markers that could help delimitate the basins 
by applying the watershed function on the dis-
tance transform of the internal markers [14], as 
follows:

>> ridge = watershed(bwdist(intMark));
>> extMark = ridge == 0;
Next, all the markers were imposed as min-

ima in the gradient image (15). External mark-
ers were generated using the distance transform 
of the internal markers and imposing all mark-
ers as minima on the gradient. More stringent 
rules for choosing internal markers and separat-
ing internal and external markers in areas of 
intersection were established. Then the water-
shed method was reapplied and a much im-
proved result (Fig. 3) comparing to the previous 
one was obtained.

Step 3 - Postprocessing
When the segmentation phase is finished, 

the nuclear medicine specialist checks to see if 
everything that has been reported by the com-
puter as different from the normal image could 

be a metastatic lesion or not. Thus, the diag-
nostician is able to interfere with the comput-
er’s outcome and eliminate areas encircled by 
the program that are certainly not metastases, 
despite the high radio-tracer uptake. These 
comprise of the joints, the elimination system 
of the substance (kidneys, urinary bladder), the 
injection site, contaminations and others.

Once the final result is obtained, the high 
uptake marked areas are saved in the patient’s 
history. Several descriptive parameters of the 
lesions are calculated, both global – the ratio 
between the area occupied by the MTS and the 
entire skeleton surface (MSR) and the MTS 
count – and local, characterizing each lesion 
(the gravity center coordinates of the region, 
area, width, height, maximum intensity pixel 
value, mean value, standard deviation) for both 
anterior and posterior views. Finally, they are 
also saved in the history of the patient to be 
able to compare them with later descriptors that 
will be obtained at subsequent examinations. 

RESULTS

The developed CAD helps identify and ob-
serve the evolution of bone metastases on 
99mTc HDP whole body scans, both visually 
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Fig. 4. First bone scan (a) and second bone scan, two years later (b).

(Fig. 4) as well as mathematically (Table I). In 
other words, the calculated descriptors objec-
tify the extent of the metastatic disease by math-
ematical measures. 

In Table 1 and Fig. 4 we show an example 
of three bone metastases, marked with different 
colors: the 1st one, colored in yellow (A1), the 
2nd colored in purple (A2) and the 3rd colored 
in red (A3). The table presents the local and 
the global descriptors for the three highlighted 
areas of high uptake and their variation between 
two successive scans taken at an interval of two 
years. 

The global descriptors are representative of 
the overall evolution of the disease. The MTS 
count presented a small increase between the 
two examinations (from 41 to 42) and the ratio 

between the area occupied by metastases and 
the entire skeleton surface area also presented 
a minor difference (an increase of 4.8%).

While our CAD was able to measure these 
differences, for a physician looking solely at 
the images it would be very difficult to state 
that these are present, and would generally 
describe the case’s evolution as ‘stationary’ 
unless there is a significant difference, easily 
perceivable by the naked eye. 

The local descriptors address each individ-
ual lesion and they consist of a series of param-
eters (gravity center coordinates, area, width, 
height, maximum intensity pixel value, mean 
value and its standard deviation) and their var-
iance between examinations (in percentages). 
These allow the physician to check the evolution 
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TABLE I 
Global and local descriptors and their differences for the three chosen metastases (A1, A2, A3)

Global 
descriptors

First scan Second scan
Difference
(%)

MTS count 41 42 +2.43
MSR 15.28 16.01 +4.8

Local descriptors Lesion First scan Second scan
Difference

(%)

Gravity center coordinates

A1
142.8750 
145.8750

145.1304
145.7391

A2
155.1250
133.8750

154.1250
129.6563

A3
175.6154
150.3846

176.4865
149.4324

Area
A1 52 110 +111
A2 24 70 +191
A3 135 200 +48

Width
A1 9 11 +18.18
A2 5 16 +68.75
A3 14 16 +12.5

Height
A1 7 13 +46.15
A2 5 6 +16.66
A3 12 16 +25

Maximum intensity pixel 
value

A1 213 201 -5.16
A2 89 87 -2.24
A3 215 212 -1.4

Mean value ± standard 
deviation

A1
208.625 ± 

2.8253
200 ± 3.4245 -3.8

A2 84 ± 3.2071 83.2 ± 2.9120 -0.95

A3 209 ± 3.5355
204.40 ± 

3.1925
-5.6

Fig. 5 Graphical comparison of the area, maximum intensity pixel value and mean value 
descriptors for MTS A1-A3 for the initial (1) and subsequent (2) examinations.
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of each individual lesion if the case requires it, 
and they are graphically represented (Fig. 5), to 
allow for a faster, easily readable comparison.

DISCUSSIONS 
What are the strengths of our study? What 

are the possibilities for clinical use of this ap-
plication? Why would such a program be use-
ful for physicians?

The developed computer-aided diagnosis 
system increases the accuracy of the assessment 
of bone metastases, which is particularly im-
portant when monitoring MTSD evolution and 
the treatment effectiveness. The patient’s fa-
vorable evolution confirms the effectiveness of 
the current treatment, while an unfavorable evo-
lution suggests the need for treatment change.

Our system helps the physician find and 
characterize the lesions on whole-body scans. It 
lessens the risk of errors by reducing false neg-
ative diagnosis in particularly subtle situations 
where some pathological areas (with low or het-
erogeneous radiotracer) may be omitted. Through 
image processing, the computer draws attention 
to these areas and the diagnostic accuracy can 
be significantly improved. Also, the physician can 
appreciate more accurately, with the computer’s 
help, through the measured global and local de-
scriptors, if the MTSD evolution is favorable 
or unfavorable under the treatment received. 

For example, in the presented case, the fact 
that for the chosen metastases there was a sig-
nificant increase in the area (almost double) 
could indicate treatment inefficiency. However, 
the fact that the MSR grew only discretely with 
the appearance of only one new site and the in-
tensity of radiotracer uptake slightly decreased, 
may suggest that the treatment is, however, 
partially effective, with this being true for many 
of the tumor cells, but not for the entire tumor 

cell population, requiring, perhaps, modulating 
the treatment. A quantitative approach of this 
kind in the bone scintigraphy of MTSD in evo-
lution could further contribute to the concept 
of personalized medicine, in this period when 
medicine is increasingly faced with an unpre-
dictable change in the aggressiveness and prog-
nosis of many cancers. 

This application will be installed in the hos-
pital component of the only medical imaging 
cluster in Romania (IMAGO-MOL).

Is there room for improvement?
As always with CAD systems, there is a 

possibility of false-positive or false-negative 
result. We are looking into ways to address this, 
one such way being to replace the entire skel-
eton processing with the sequential processing 
of each anatomical area (16-17) and to associ-
ate the watershed method with the method of 
image subtraction (18). 

There are several studies on the use of CAD 
systems to identify (and monitor) bone metas-
tases on different types of medical images (9-
10),(19) but the need for a complete, reliable 
and practical solution still remains.

CONCLUSIONS
We have developed a CAD that helps iden-

tify bone MTS and measure different parame-
ters pertaining to them. It has proved to be 
efficient in the evaluation and quantitative as-
sessment of MTSD bone scans in evolution and 
it offered a new degree of objectivity in this 
process which can have important therapeutic 
implication.

As main future directions, we aim to im-
prove the system’s performance by reducing the 
risk of false-negative and false-positive results 
and, maybe, extend the functionality to other 
medical imaging techniques.
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