
 
 

 

  

Abstract—This paper introduces a method to filter false 
detections of small multiple sclerosis lesions in magnetic 
resonance images based on the analysis of regional features. The 
proposed method considers as starting point the results of an 
earlier work in which, through the use of fuzzy rules, the image 
pixels showing hyperintensity were detected. The regional 
analysis of the results obtained at previous work allows 
extracting some features with differentiation capability between 
small multiple sclerosis lesions and false detections. These 
features are introduced as restrictions for obtaining a new and 
improved fuzzy membership function associated with the 
presence of hyperintensity in these images. Results show an 
important reduction of the number of false detections 
preserving the small multiple sclerosis lesions previously 
detected.  

I. INTRODUCTION 

ULTIPLE sclerosis (MS) is a disease of the central 
nervous system characterized by the destruction of the 

myelin that encases the axons. This demyelinizating process 
results in an inhibition of neural transmission and causes the 
appearance of several clinical symptoms, such as motor and 
sensory disturbances, paralysis or visual alterations [1]. 
These areas of demyelinization, or lesions, can be observed 
by magnetic resonance imaging (MRI). 

MRI is the most sensitive technique for visualizing MS 
lesions. In an MRI examination, MS lesions can be 
visualized using different sequences. Among all them, 
sequences with dual acquisition of proton density (PD-) and 
T2-weighted images are the most commonly used to evaluate 
lesion volume in MS [2]. In clinical trials on MS including 
MRI, the evaluation of lesion volume on PD- and T2-
weighted images is one of the measures that use to be 
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considered [3],[4].  
However, the detection of regions corresponding to lesion 

in magnetic resonance images is an arduous and complex 
task. This is due to the fact that detection of lesions involves 
the analysis of several images with different anatomical 
features, and presents a high dependence of the contrast-to-
noise ratio in the images. Moreover, MS lesions are 
inherently fuzzy with an uncertainty component mainly in the 
definition of their boundaries [3]. Therefore, the introduction 
of an automatic algorithm for detecting MS lesions would 
help to reduce the inter- and intra-observer variability in the 
evaluation of lesion volumes. 

The difficulty to avoid false detections is one of the main 
problems to achieve a full automatic detection of MS lesions. 
Most of false detections are related to the detection of small 
regions in the images and the difficulty to discriminate them 
from small MS lesions. In this way, although some authors, 
[5]-[9], have developed algorithms for detecting MS lesions, 
these algorithms require removing false detections manually 
or that the detection excludes detected regions below a 
minimum size. 

This problem is related to the complexity of MRI images 
and the difficulty for an automatic algorithm to recognize the 
lesions as a human expert, although automatic algorithms 
have advantages such as capability of a better delineation 
and faster processing [3]. Thus, the reduction of false 
detections is essential to minimize the operator assistance 
using an algorithm. 

Much of the complexity to detect MS lesions is due to the 
detection of their boundary pixels. The case of small lesions, 
the greater proportion of boundary pixels in relation to 
lesions of greater size is an additional difficulty to the 
characteristic noise or non-homogeneities of magnetic 
resonance images. 

In this paper we present an algorithm to filter false 
detections in magnetic resonance images. Specifically we 
focused on the differentiation between small MS lesions and 
false detections obtained using our previous fuzzy detection 
algorithm [10]. With this aim will be fed into the algorithm 
regional characteristics of the detections that were not 
considered at previous work. The algorithm presented in this 
paper is part of an ongoing work in the research field that we 
have been developing during last years. 

The paper is structured as follows: Section II describes the 
characteristics of data used as starting point to this work. 
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Next section gives an overview of the regional analysis 
included in the proposed algorithm. At section four we 
present some results and last section is devoted to presenting 
the conclusions of the proposed work.  
 

II. PROCEDURE APPLIED TO OBTAIN THE 
WORKING IMAGE DATASET  

We considered eight proton density and eight T2-weighted 
brain axial images acquired in a 1.5T Magnetom Vision MR 
System (Siemens, Erlangen, Germany) using a dual turbo 
spin-echo sequence (TR/ TE/ NEX/ Matrix/ FOV/ 
Thickness: 3000ms/ 12-80ms/ 1/ 256x256/ 250mm/ 3mm). 
These images corresponded to axial slices associated with 
four representative brain locations. Half of these images 
belonged to a MS patient with high lesion load, whereas the 
other half corresponded to a low lesion load MS patient. 

We applied the fuzzy detection algorithm described in 
[10] to detect small MS lesions. This algorithm took into 
account the following definitions: 

  
Definition 2.1 
A pixel, pij, presents hyperintensity if its gray level, g(pij) in 
PD- and T2-weighted images is high enough in relation to its 
near surrounding. 
 
Definition 2.2 
A region, Rk, is a small MS lesion if: 

i.- Rk is located within the encephalic parenchyma, 
ii.- ∀ pij ∈ Rk, pij presents hyperintensity, and  
iii.- Rk is contained within a 5x5 raster window with a 

minimum size of 3 pixels.  
 

For implementing these definitions we considered, in a 
first step, a detection procedure based on the analysis of 
hyperintensity in both PD- and T2-weighted images, which 
involved gray level analysis and radial analysis of gray-level 
differences within 7x7 raster windows. Afterwards, for each 
pixel pij we obtained its membership degree to the fuzzy set 
FH associated with the presence of hyperintensity in both 
images. This way, for each slice we obtained the image IH, 
for which at each position (i,j) IH(i,j) provides the 
membership degree of the pixel to the fuzzy set FH, i.e. 
IH(i,j)=μH(pij). Then, these images were deffuzzified 
considering an α-cut with α=0.5, and applying two filters: a 
first that constrained the size of detections within a 5x5 
raster window with a minimum of 3 pixels; and a second that 
removed all detections located on cerebrospinal fluid 
locations. 

Fig. 1 shows an example of the original images, (a) and 
(b), and the pixels detected, (c). In these images we can 
observe that, although most of the pixels corresponding to 
small MS lesions (brighter pixels surrounded by circles in 
(c)) were detected, there are too many false positives (gray 
pixels in image (c)) that size and location filters failed to 

eliminate.  
At the final step of the algorithm, for each slice we get 

information on: the image IH(i,j) that provides the 
membership degree of the pixels to the fuzzy set FH after 
detection and filtering steps; its gray level in PD- and T2-
weighted images; the image containing a binary mask of 
small MS lesions, which was obtained by manual tracing on 
these images using Dispimage software [11]; and image Iα 
obtained after the deffuzification process.  

Both original images and all the work described in this 
section are the starting point considered at next section. To 
simplify reference to this process, which is applied to obtain 
the working image dataset, from now on we will refer to it as 
initial algorithm. 

III. PROPOSED ALGORITHM DESCRIPTION 

The aim of the algorithm here presented is to filter out the 
false positives obtained in the initial detection algorithm. To 

 

(a) (b)

(c)

(a) (b)

(c)
Fig. 1. Example of initial detection. (a) PD-weighted image. (b) 
T2-weighted image. (c) Detection resulting of initial detection 
where brighter pixels surrounded by circles correspond to detected 
small MS lesions, whereas medium-dark gray regions correspond 
to false detections. 
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carry out this aim we will take into consideration the regional 
features corresponding to the appearance of small MS 
lesions in the images. These features will be obtained from 
the analysis of the regions detected. 

Next sections describe the main steps of the proposed 
algorithm, than can be summarized as follows: A. 
Description of regional features considered to filter out false 
detections; B. Process followed for getting the improved 
hyperintensity membership function; and C. Defuzzification 
process and quality measures considered for evaluating the 
obtained results. 

 

A. Regional features 
To implement the algorithm we have introduced regional 

features of small MS lesions based on the analysis of their 
characteristics.  

In order to filter out false detections of MS lesions we 
have considered seven features based on: 1) hyperintensity 
membership degrees of the pixels, μH(pij); 2) gray level of 
the pixels within detected regions; and 3) size of detected 
regions. 

Then, for each region Rn 1≤n≤N (white pixels in Fig. 2), 
detected at the initial algorithm such that #(Rn)=Mn, we 
defined the following regional features: 

1) Features based on the presence of hyperintensity: Let 
nR

Hμ , be the hyperintensity membership degree associated to 
the pixels pij∈Rn. Then, the feature associated with the 
hyperintensity of the region Rn, is given by: 

 
Definition 3.1 
The hyperintensity feature associated with region Rn, 

nRMH , is given by the mean value of the hyperintensity 

membership degrees of the pixels in Rn, i.e.:  
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2) Features based on the gray level: Let IPD(i,j) and 

IT2(i,j) be the gray levels of pixel pij at the PD- and T2-
weighted images respectively. Then, we define the image 
IPDT2 as the geometric mean of IPD and IT2 i.e., if (i, j) is the 
location of pixel pij, IPDT2 (i, j) is given by: 
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Based on this definition we consider the images, nR

PDTI 2  

and nPR
PDTI 2 , such that  
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where PRn is the one pixel width outer edge of the region Rn  
(light gray pixels in Fig. 2), and #(PRn)=Pn. 
 

Then, the features associated with the intensity gray levels 
of pixels in region Rn are: 

nPRMP , the mean gray level of 

pixels in nPR
PDTI 2 ; 

nPRSDP , the standard deviation of the gray 

level of pixels in nPR
PDTI 2 ; 

nRGLR , the quotient between the 

mean gray levels in nPR
PDTI 2  and nR

PDTI 2 ; and 
nRCVR , the 

covariance of the gray levels in nR
PDTI 2 . These features are 

given by the following definitions: 
 

Definition 3.2 

nPRMP  is the feature associated with the mean gray level in 

nPR
PDTI 2 , i.e.: 
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Definition 3.3 

nPRSDP  is the feature associated with the standard deviation 

of gray level in nPR
PDTI 2 , i.e.: 
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Fig. 2. Example of the pixels considered in the definition of Rn  
(white) and PRn.(light gray). As it can be appreciated, PRn is 
constituted by the one pixel width edge of Rn , and the dark gray 
region is the environment of Rn that has not been considered for 
analysis purposes. 
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Definition 3.4 

nRGLR  is the feature associated with the quotient between 

mean gray levels of nPR
PDTI 2  and nR

PDTI 2 , i.e.: 
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Definition 3.5 

nRCVR  is the feature associated with the quotient between 

the standard deviation and the mean of gray levels in nR
PDTI 2 , 

i.e.: 
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3) Features based on region size: Let pij and pkl be pixels 

belonging to Rn. Then, distances between these pixels in the 
x and y directions, dx(pij, pkl) and dy(pij, pkl), are given by: 
 

kippd klijx −=),(  (9) 

lj)p,p(d klijy −=  (10) 

 
Using these distances we define two features associated to 

region size: 
nRDXY , the quotient between maximum 

distances in x and y directions; and 
nRFF , the filling factor 

of Rn. These features are given by the following definitions: 
 

Definition 3.6 

nRDXY  is the feature associated with the quotient between 

( ))p,p(dmax klijx
Rp,p nklij ∈

 and ( ))p,p(dmax klijy
Rp,p nklij ∈

, i.e.: 
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Definition 3.7 
The filling factor, ,nRFF  is the feature associated with the 
quotient between Mn and the product of the maximum, in Rn, 
of the distances in the x and y directions, i.e.: 
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B. Features evaluation 
Features defined at previous section were evaluated for all 

the regions Rn detected in the eight considered slices. This 
evaluation was done separately for correct and false 
detections. Table I shows minimum and maximum values 
obtained for the seven features (first column) in case of small 
lesions (columns two and three) and for false detections 
(columns four and five).  

Data in this table show that most of the features do not 
share the same intervals for small MS lesions and false 
detections.  

If we focus on each group of features, it can be 
appreciated that: 

1) Features based on the presence of hyperintensity: The 
feature 

nRMH (row three), whose values are in the interval 

[0,1], shows greater values for small MS lesions than for 
false detections, due to small MS lesions match better to the 
concept of hyperintensity than other regions in the images. 

2) Features based on the gray level: Values of the features 

nPRMP  and 
nPRSDP  (rows four and five) show differences 

in both extremes (Min and Max), although these differences 
are higher on the right side of the interval (Max), what is due 
to the gray-level homogeneity in the outer periphery is lower 
for false detections than for MS lesions. The feature that 
considers the relation between gray levels within a region Rn 
and its periphery PRn , 

nRGLR (row six), also shows a lower 

range of values for small MS lesions. This is basically due to 
the higher variability on the outer periphery for false 
detections. As 

nRCVR  (row seven) showed similar interval of 

values for both intervals, differences in 
nRGLR  are due 

mainly to the variability in PRn. 
3) Features based on region size: Features 

nRDXY  and 

nRFF  (rows seven and eight) show that false detections 

presented a greater difference between x and y dimensions, 
as can be inferred from both extremes (Min and Max) of 

nRDXY  and the lower minimum value of 
nRFF . 

 
TABLE I 

EVALUATION OF FEATURES 

Features 
Small MS lesions False detections 

Min Max Min Max 

nRMH  0.63 0.94 0.53 0.87 

nPRMP  2.56 54.71 4.67 183.38 

nPRSDP  3.61 24.97 5.01 78.33 

nRGLR 0.07 0.56 0.11 1.07 

nRCVR 0.03 0.63 0.04 0.61 

nRDXY 0.50 1.50 0.25 5.00 

nRFF  0.50 1.00 0.28 1.00 

Min: Minimum, Max: Maximum 
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Previous considerations about features show as most of 

them presented differences by themselves between small 
lesions and false detections. However, as we have three 
groups of features, those associated with hyperintensity, gray 
level and region size, we also studied their separability 
considering pairs of features of different groups.  

So, we studied the features individually and paired 
because we had not previous knowledge about the 
dependence among them, and we wanted to filter so many 
false detections as possible.  

Both in the individual and paired analysis of the features, 
we used scatter plots to visualize the distribution of 
detections corresponding to small MS lesions and false 
detections. We discriminated between them selecting straight 
lines that divided the region including only false detections 
from those that included both types of detections. Then, we 
repeated this graphical process for all the features, selecting 
those restrictions that allowed a greater discrimination 
between false detections and small MS lesions.  

Fig. 3 shows an example of an scatter plot in which we 
have plotted a gray-level feature, 

nRCVR , and a feature 

based on the size of the detected region, 
nRFF . In this plot, 

we have marked small MS lesions and false detections with 
square markers and hollow circle markers, respectively. A 
solid line discriminates between regions with (above this 
line) and without (below this line) small MS lesion 
detections. This solid line was obtained by analysis of the 
distribution of detections on the plot according to features 

nRCVR and 
nRFF , selecting a straight line that discriminate 

between the region without detections corresponding to 
small MS lesion and the region that include both detections. 
Then, we used the equation of this straight line for defining a 
restriction that separated both regions.  

 
 

 
 
Following this procedure we obtained the next restrictions:  
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C. Obtaining the improved hyperintensity membership 
function 
The restrictions introduced at previous section were 

considered for defining the improved hyperintensity 
membership function ηH. To do it, we took into 
consideration that only regions corresponding to false 
detections showed values greater than zero for any of the 
previous restrictions. Then, the membership degree of the 
pixels in these regions was modified to its complement. 
Thus, the improved membership function was given by: 
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D. Defuzzification and quality measures 
The improved membership function, ηH, allowed us to 

obtain for each slice an image '
HI  given by 

)p()j,i(I ij
'
H η= . For getting the binary images resulting 
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Fig. 3. Scattered Plot of 
nRCVR  vs. 

nRFF . Small MS lesions are 

represented by square markers, whereas hollow circle markers 
correspond to false detections. A solid straight line divides 
regions without (below this line) and with (above this line) small 
MS lesions.  
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from the previous filtering process, we applied the same 
defuzzification process than in the initial detection 
algorithm, i.e., we applied the α-cut with α=0.5 to obtain the 
crisp representation of detections associated with the 
presence of hyperintensity. 

These binary images were considered to evaluate the 
quality in the correspondence of these obtained detections in 
each image to the information provided by the lesion mask. 
The evaluation was based on some quality indexes that gave 
information about the efficiency and reliability in the 
detection. 

In the definition of these indexes we considered: the 
number of detected regions corresponding to small MS 
lesions, CDR; the number of non-detected regions associated 
with MS lesions, NDR; and the number of regions 
corresponding to false detections, FDR. Then, the quality 
indexes are given by next definitions. 

 
Definition 3.8 
Recall detecting small MS lesions, RSL, is the probability 
that a true small MS lesion is detected, i.e.: 
 

NDRCDR
CDRRSL

+
=  (22) 

 
This index penalized the small MS regions not detected. 
 

Definition 3.9 
The efficiency in the detection of small MS lesions, EDSL, is 
the quotient between the number of detected regions 
corresponding to small MS lesions, and the total  number of 
small MS lesions plus the number of false detections, i.e.: 
 

FDRNDRCDR

CDR
EDSL

++
=  (23) 

 
This index besides penalizing small MS regions not 

detected, it also penalized the presence of false detections. 
 

Definition 3.10 
Precision in the detection of small MS lesions, PSL, is the 
probability that a region detected as a small MS lesion by the 
algorithm is a true detection, i.e.: 
 

FDRCDR
CDRPSL

+
=  (24) 

 
This index only penalized the presence of false detections.  
These quality indexes were evaluated in the binary images 

'
HI  corresponding to the eight considered slices. 
 

IV. RESULTS 

The proposed algorithm processed the information 

provided by the initial detection to obtain the binary images 
'
HI  according to the procedure described in section III. As a 

result, we obtained the improvements in the reduction of 
false detections showed in Table II, and Fig. 4 and 5. 

Table II shows the mean values per slice for the number of 
regions corresponding to false detections, FDR (column 
five), and the quality indexes RSL, EDSL and PSL (columns 
two to four). Rows two and three of this table depict the 
results obtained using the initial and improved detection 
algorithms, respectively. Looking at column two, it can be 
appreciated that the index RSL kept invariant, so the 
detection of small MS lesions was preserved by the proposed 
algorithm. The values of the efficiency index EDSL and 
index PSL (columns three and four) increased, although the 
presence of only a few false detections in some images did 
not allow to get greater values. It must be emphasized that 
about a half of false detections were partial detections of 
greater size lesions, so the number of false detections would 
be reduced to 2 or 3 per image on average, a more affordable 
number in case of require the intervention of an operator to 
remove them. 

 

 

 
 
Fig. 4 shows an example of the results achieved for an 

image containing small lesions. Image (c) depicts the initial 
detections for PD- and T2-weighted images, (a) and (b) 
respectively. The image corresponding to the final detection, 
(d), shows the results obtained after the application of the 
improvements given by the proposed algorithm.  

It must be emphasized that this image presents an 
important reduction of false detections (pixels in medium-
dark gray level within (d)), from sixteen to four, preserving 
the correct detections, brighter pixels surrounded by circles 
in (c) and (d), detected initially.  

Fig. 5 shows an example of the results obtained for a slice 
without small MS lesions. As in the case of Fig. 2, images (a) 
and (b) show depict the initial detections for PD- and T2-
weighted images, and in (c) we show the initial detection 
obtained using the initial algorithm.  

Having a look at image (c) it can be observed that appear 
several false detections distributed everywhere within the 

 
TABLE II 

EVALUATION OF QUALITY IN THE RESULTS 

Analysis RSL EDSL PSL FDR 

Initial 
detection 

0.9230 0.1506 0.1386 17.62 

Improved 
algorithm  

0.9230 0.4032 0.3710 4.62 

RSL: Recall detecting small MS lesions; EDSL: Efficiency in the 
detection of small MS lesions; PSL: Precision in the detection of small 
MS lesions; FDR: Number of regions corresponding to false 
detections. 
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encephalic parenchyma. However, after applying the 
proposed only one of the previous false detections remains 
(pixels in image (d) surrounded by a square around them).  

 

 

V. CONCLUSIONS 

As conclusion, in this paper we have presented an 
algorithm to filter false detections of small multiple sclerosis 
lesions in magnetic resonance images based on the analysis 
of regional features. We have considered an initial detection 
obtained from our previous fuzzy detection algorithm [10]. 

(a) (b)

(c)

(d)

(a) (b)

(c)

(d)
Fig. 5. Example of the detection obtained for a slice without small 
MS lesions. (a) PD-weighted image. (b) T2-weighted image. (c) 
Image obtained as result of the initial detection. (d) Image obtained 
after the application of the proposed algorithm. Medium-dark gray-
level regions correspond to false detections, and region within 
square is the only false detecting remaining for each slice after the 
application of the improved algorithm. 

(a) (b)

(c)

(d)

(a) (b)

(c)

(d)  
Fig. 4. Example of the detection obtained for a slice containing 
small MS lesions. (a) PD-weighted image. (b) T2-weighted image. 
(c) Image obtained as result of the initial detection. (d) Images 
obtained after the application of the proposed algorithm. Brighter 
pixels surrounded by circles point out the detected small MS 
lesions, whereas medium-dark gray level regions correspond to false 
detections
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As shown by the results presented at previous section, the 
inclusion of regional constraints has allowed us to obtain a 
new membership function that improved the previous 
characterization related to the presence of hyperintensity in 
PD- and T2-weighted magnetic resonance images.  

The algorithm has achieved to obtain images with a much 
reduced number of false detections without worsening the 
capability of detecting small MS lesions.  

The obtained results suggest the possibility of helping to 
an existing algorithm to extend it in order to include smaller 
MS lesions. Moreover, the proposed algorithm can be used 
as a starting point for the design of an algorithm that detects 
lesions of greater size. However, the algorithm should be 
tested with a higher number of images in order to increase its 
robustness. We plan to carry it out in a future work. 
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