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Abs tract
Tu mor ima ge seg men ta tion re pre sents a cru cial step not only in the diag no sis of the di sea -

se but also in its eva lua tion and mo ni to ring of treat ment. In the pre sent work, neu ral net works
are used to re cog ni ze the pre sen ce of tu mo ral tissue in cen tral ner vous sys tem on mag ne tic re -
so nan ce ima ges ge ne ra ted by in vivo spec tros copy and re la xo me try. Re la xa tion data was va li da -
ted and ca te go ri zed by means of spec tros co pic data, used as a sort of vir tual biopsy. Neu ral net -
works were tra i ned with the re la xa tion data in a su per vi sed mode, assu ming three ca te go ries for 
the tissue: tu mo ral, nor mal or unaffec ted and li quid or ne cro sis. Seg men ta tion per for med in
this way co rre la tes clo sely to other metho do lo gies pre vious ly de ve lo ped, shor te ning dras ti ca lly
the pro ces sing time what ma kes it very use ful in its cli ni cal appli ca tion.

Key words: Ima ge seg men ta tion; in vivo spec tros copy; neu ral net works; re la xo me try;
tu mor.

Seg men ta ción de imá ge nes de tu mo res de sis te ma
ner vio so cen tral me dian te téc ni cas de re des neu ro na les

Re su men
La seg men ta ción de imá ge nes de tu mo res re pre sen ta un paso cru cial no so la men te en el

diag nós ti co de la en fer me dad en su eva lua ción y mo ni to reo du ran te el tra ta mien to. En el pre -
sen te tra ba jo, las re des neu ro na les son uti li za das para re co no cer la pre sen cia de te ji do tu mo ral
so bre imá ge nes de re so nan cia mag né ti ca ge ne ra das por es pec tros co pia in vivo y re la xo me tría.
Los da tos de re la ja ción fue ron va li da dos y ca te go ri za dos me dian te el uso de la in for ma ción es -
pec tros có pi ca. Las re des neu ro na les fue ron en tre na das con los da tos de re la ja ción en modo su -
per vi sa do, su po nien do tres ca te go rías para el te ji do: tu mo ral, nor mal o no afec ta do y lí qui do o
ne cro sis. La seg men ta ción rea li za da en esta for ma co rre la cio na muy bien con la ob te ni da por
otras me to do lo gías de sa rro lla das pre via men te, dis mi nu yen do dra má ti ca men te el tiem po de
pro ce sa mien to, lo que la hace una téc ni ca muy útil para su apli ca ción clí ni ca.

Pa la bras cla ve: Es pec tros co pia in vivo; re des neu ro na les; re la xo me tría; seg men ta ción de 
imá ge nes; tu mor.
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In tro duc tion

Mag netic Reso nance Spec tros copy
(MRS) is a non- invasive tool that al lows dis -
tin guish ing brain ma lig nant tumors from
non- anaplastic tu mors (1). Meta bolic maps
can be ob tained by the Chemi cal Shift Im ag -
ing (CSI) tech nique but they lack the spa tial
reso lu tion nec es sary for ther apy con sid era -
tions (2, 3). Re laxa tion stud ies have been
used long ago for the as sess ment of tu mors,
be ing the T2-map of a tis sue of ten used as a
ba sis for in ter pret ing clini cal im ages (4). The 
com bi na tion of both tech niques al lows for
the de ter mi na tion of no so logic maps with
ap pro pri ate spa tial reso lu tion to es tab lish,
through seg men ta tion, an ac cu rate de ter -
mi na tion of Gross Tar get Vol ume or GTV
com monly used in ra dio ther apy treat ment
plan ning. Neu ral net works have been ex ten -
sively used for pat tern rec og ni tion and clas -
si fi ca tion. In the pres ent work, it is pro posed 
the use neu ral net works to ob tain no so logic
maps us ing in for ma tion com ing from MRS
and Re laxome try.

Ma te rials and Methods

CSI was per formed axi ally to ob tain
spa tial dis tri bu tions of me tabo lite con cen -
tra tion across the le sion, TE= 30 ms and VOI 

of 96 cm3 (80 x 80 x 15 mm). Re laxome try
stud ies were per formed us ing the stan dard
mul tiecho se quence (CPMG) with 16 ech oes,
with a base echo time TE = 22 ms and 8 ax ial
slices 5 mm thick cen tered at the tu mor. The
re laxa tion im age pa rame ters were set ac -
cord ing to CSI voxel ma trix; two slices were
in cluded within the CSI ma trix. The spec -
tros copy data analy sis was per formed based 
on rela tive val ues. The criti cal Cho/NAA ra -
tio value for which a tis sue was con sid ered
ma lig nant was 1.3 or over. The spec tra were
con sid ered atypi cal if the Cho/NAA ra tio had 
a value be tween 0.9 and 1.29 and nor mal or
un af fected be low 0.9. Ne cro sis was es tab -
lished when all the me tabo lites in ten si ties
were low. For the analy sis of re laxa tion data,
a spe cial im age proc ess ing al go rithm was
de vel oped to ex tract the mag neti za tion de -
cays for dif fer ent re gions of in ter est or ROI´s
com ing from within a CSI voxel. All the de cay 
pat terns com ing from a par ticu lar CSI voxel
were clas si fied ac cord ing to the state of the
tis sue (nor mal, patho logic, ne crotic or
edema) de ter mined by the CSI spec trum as
ex plained be fore. In this way CSI in for ma -
tion was used as a sort of vir tual bi opsy for
each voxel as shown in Fig ure 1. The struc -
ture of the neu ral net work used in this work
was of the per cep tron type (5). It in cluded
two hid den lay ers con sist ing of three neu -

Scien ti fic Jour nal of the Ex pe ri men tal Fa cul ty of Scien ces,
at the Universidad del Zulia Vo lu me 15 Nº 4, October-December 2007

424 Seg men ta tion of cen tral ner vous sys tem tu mor ima ges with neu ral net works

Figure 1. Left, T2-weig hted mul tiecho ima ge. Right, CSI grid used in di ca ting vo xels that co rres pond to

patho lo gic tissue (T) and nor mal or unaffec ted tissue (U).



rons sist ing of three neu rons each one and
an out put layer con sist ing of two neu rons,
as shown in Fig ure 2. To pro vide an in put
with enough time reso lu tion to sepa rate the
dif fer ent de cay pat terns, at least twenty bits
were used. All ex po nen tial de cay pat terns
were nor mal ized to in ten sity one for the first
echo time and in or der to con vert them to a
bi nary number, i.e., for the neu ral net work
in put, a thresh old value pre vi ously de ter -
mined was used in the fol low ing way: any
time the de cay pat tern was above the
thresh old value a logic one was as sumed,
oth er wise a logic zero. Since the re laxa tion
de cay data were only sam pled for eight echo
times, in ter po la tion was needed. The
thresh old value was cho sen to dis crimi nate
be tween dif fer ent de cay pat terns, i.e., the
value that im poses the high est dif fer ences
in the number of sig nifi cant bits among the
de cay pat terns for the to tal number of in put
bits se lected. Train ing was per formed us ing
the back- propagation al go rithm in su per -
vised mode only (6). To ob tain the no so logic
map re sult ing from the neu ral net work clas -
si fi ca tion the fol low ing gray pal ette was
used: gray to in di cate tu mor tis sue, white to
in di cate nor mal or un af fected tis sue and
black to in di cate edema or ne crotic tis sue.

Re sults and Dis cus sion

Analy sis of the nor mal ized de cay pat -
terns sug gested a thresh old value of 0.3 to
ob tain the bi nary in put of the neu ral net -
work. Since the CSI voxel size in cluded as
much as 500 re laxome try vox els, the
number of pat terns that can be used to train
the neu ral net work was about 3000, us ing
only those CSI vox els with a well de fined di -
ag no sis, i.e., Cho/NAA ra tio above 1.3 to in -
di cate for tu mo ral tis sue, less than 0.9 for
nor mal or un af fected tis sue and low me tabo -
lite con cen tra tions for ne crotic tis sue. Some
con sid era tions have to be done in the
number of it era tions for the back propa ga -
tion used to train the neu ral net work in su -
per vised mode. In Fig ure 3, the er ror as a
func tion of the number of it era tions dur ing
the train ing of the neu ral net work is rep re -
sented. This learn ing plot in di cates that
there is a global er ror rise for a cer tain
number of it era tions, about 2000, and af ter
that point fur ther train ing does not im prove
any bet ter the ac cu racy of the prog nos tic,
i.e., the global er ror re mains around 50%,
the neu ral net work have equal chances to
clas sify cor rectly. By con trast, for a sin gle
pat tern, the neu ral net work can re duce the
er ror as low as pos si ble with a number of it -
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Figure 2. Neural network structure used in this work. Two hidden layers with three neurons each and

an output layer with two neurons.



era tions suf fi ciently high. For all the cases
ana lyzed in this work 2000 it era tions were
used, which guar an teed that the global er -
ror re mained around 20%, with an av er age
proc ess ing time of ap proxi mately 5 min utes. 
To vali date the neu ral net work clas si fi ca -
tion, no so logic maps so ob tained were com -
pared with maps us ing the same type of in -
for ma tion, i.e. re laxa tion data, ob tained
with a methodol ogy previously de rived (7)
that uses an Inverse Laplace Trans form al -
go rithm (ILT) to de ter mine the trans ver sal
re laxa tion rate spec tra for each CSI voxel
and cor re lates it with the spec tro scopic in -
for ma tion com ing from that CSI voxel. An
ex am ple of the com pari son is shown in Fig -
ure 4. An analy sis of the fig ure re veals a
great level of cor re spon dence be tween both
maps, al though the map ob tained with neu -
ral net work ex hib its less de tail and is lim ited 
to only three gray lev els. In all the cases ana -
lyzed in this work by both meth ods the cor -
re spon dence was al ways above 80 %. There
is an in trin sic prob lem in both meth ods that
comes from the par tial vol ume prob lem (8,
9), i.e., the CSI voxel is too big that it al ways
con tains more than a tis sue type, and both
meth ods han dle this prob lem in a dif fer ent
way. The neu ral net work method es ti mates

a sort of “de cay time” to con vert the de cay
pat tern to a bi nary number. It is easy to see
that dif fer ent com bi na tions of ex po nen tial
func tions could give al most the same bi nary
number mix ing tis sue in for ma tion. This
sug gests in tro duc ing dif fer ent ways to cod ify 
the de cay pat tern. An other dif fer ence ex ist
in the proc ess ing time, the neu ral net work
method takes about 5 min utes for the train -
ing while the ILT method takes about the
same time for a sin gle re laxa tion rate spec -
trum to be ob tained and many re laxa tion
rate spec tra are needed to es tab lish the cor -
re la tion of re laxa tion rates with spec tro -
scopic data. This re sult points in fa vor of us -
ing the neu ral net work method to ob tain no -
so logic maps in a rea son able time, par ticu -
larly when a high number of im ages have to
be ana lyzed as hap pens in 3D treat ment
plan ning for ra dio ther apy or ra dio sur gery.

Con clu sions

The meth od ol ogy pre sented in this
work clearly yields no so logic maps that al -
low for the seg men ta tion of brain tu mor im -
ages with ap pro pri ate spa tial reso lu tion for
thera peu ti cal needs. Its use can be ex tended
to com bine im ages ob tained from other mo -
dali ties, such as dif fu sion weighted im ages.

Scien ti fic Jour nal of the Ex pe ri men tal Fa cul ty of Scien ces,
at the Universidad del Zulia Vo lu me 15 Nº 4, October-December 2007

426 Seg men ta tion of cen tral ner vous sys tem tu mor ima ges with neu ral net works

Figure 3. Learning plot for the neural network. Black circles correspond to the global error obtained for

a training with many patters and white circles represent the error for a training made with a

single pattern.



Fi nally, fu sion of spec tro scopic in for ma tion
with im ages com ing from other MR mo dali -
ties such as re laxome try or dif fu so me try
seems to be the best way to as sess a con fi -
dent seg men ta tion of the tu mor im age.
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Figure 4. Comparison of (a) nosologic map obtained with neural network trained in supervised mode

and (b) nosologic map obtained by inverse Laplace transform method [7]. Correspondence is

of 86.1 % for this example.


