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Ab stract
This pa per des cri bes de ve lop ment of ar ti fi cial neu ral net work mo dels which can be used to cor re la te and pre dict die sel
fuel pro per ties from se ve ral FTIR-ATR ab sor ban ces and Ra man in ten si ties as in put va riab les. Mul ti la yer feed for ward
and ra dial ba sis func tion neu ral net works ha ve been used to ra pid and si mul ta ne ous pre dic tion of ce ta ne num ber, ce ta ne
in dex, den sity, vis co sity, di stil la tion tem pe ra tu res at 10% (T10), 50% (T50) and 90% (T90) re co very, con tents of to tal
aro ma tics and polycyc lic aro ma tic hydro car bons of com mer cial die sel fuels.
In this study two-pha se trai ning pro ce du res for mul ti la yer feed for ward net works we re ap plied. Whi le first pha se trai -
ning al go rithm was con stantly the back pro pa ga tion one, two se cond pha se trai ning al go rithms we re va ried and com pa -
red, na mely: co nju ga te gra dient and qua si New ton. In ca se of ra dial ba sis func tion net work, ra dial la yer was trai ned us-
ing K-means ra dial as sign ment al go rithm and three dif fe rent ra dial spread al go rithms: ex pli cit, iso tro pic and K-nea rest
neigh bour.
The num ber of hid den la yer neu rons and ex pe ri men tal da ta points used for the trai ning set ha ve been op ti mi zed for both
neu ral net works in or der to in su re good pre dic ti ve abi lity by re du cing un ne ces sary ex pe ri men tal work.
This work shows that de ve lo ped ar ti fi cial neu ral net work mo dels can de ter mi ne main pro per ties of die sel fuels si mul ta -
ne ously ba sed on a sin gle and fast IR or Ra man mea su re ment.
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1. In tro duc tion

The pre sent de ter mi na tion of die sel fuel pro per ties
is ba sed on stan dard met hods such as ASTM, ISO and ot -
hers. The se met hods can be ti me con su ming (gas and li -
quid chro ma to graphy, di stil la tion, etc.) and may re qui re
lar ge sam ple si ze and the use of to xic and en vi ron men -
tally ha zar dous che mi cals.1–7 Vibra tio nal spec tros co pic
met hods (IR, NIR and Ra man) may be an ef fec ti ve al ter -
na ti ve to the se stan dard pro ce du res8–14 sin ce their uti li za -
tion al lows de ve lop ment of analy ti cal met ho do lo gies that
are fast and clean, use only a few mil li li tres of sam ple and
do not re qui re ex ten si ve use of rea gents.15 Mul ti va ria te re -
gres sion analy sis and vi bra tio nal spec tros copy has already

been ap plied to pre dict the cha rac te ri stics of ga so li ne.
Usually com bi nes in fra red spec tros copy and the PLS (e.g.
par tial least squa res, PLS) al go rithm to de ter mi ne pro per -
ties of ga so li ne li ke re search and mo tor oc ta ne num ber,16

aro ma tics, ole fins and sa tu ra ted hydro car bons, oxy ge na -
tes, etc17. Coo per et al. ha ve used FT-Ra man spec tros copy
and the PLS al go rithm to de ter mi ne the oc ta ne num ber
and Reid va por pres su re in com mer cial ga so li nes,18 and
al so a com bi na tion of near-IR, mid-IR and Ra man spec -
tros copy to de ter mi ne BTEX and weight per cent oxy -
gen.19,20

So me re search dea ling with the pre dic tion of (bio)
die sel fuel pro per ties has already been pre sen ted. Most of
pub lis hed pa pers em ploy in fra red spec tros copy and mul ti -
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va ria te re gres sion analy sis to pre dict the cha rac te ri stics of
(bio) die sel fuel.7,9,12

As an al ter na ti ve to es tab lis hed la bo ra tory pro to -
cols, par tial least squa res (PLS) re gres sion mo dels ba sed
on Fou rier trans form in fra red (FTIR) spec tra we re de ve lo -
ped for the ra pid and si mul ta ne ous de ter mi na tion of se ve -
ral midd le di stil la te fuel pro per ties.21 On the ba sis of this
work, the fol lo wing midd le di stil la te fuel pro per ties may
be con fi dently es ti ma ted by FTIR: gra vity, API, den sity,
vis co sity, boi ling point at 50% re co very, ce ta ne in dex,
car bon, hydro gen, car bon-hydro gen ra tio, heat of com bu -
stion and aro ma tic com pounds. Re cently, in fra red spec -
tros copy and mul ti va ria te ca li bra tion ha ve been used to
pre dict ce ta ne in dex and di stil la tion tem pe ra tu res at 10,
50, 85 and 90% re co very of die sel fuel.22 The in fra red
spec tros copy and PLS al go rithm ha ve al so re cently been
used to pre dict pro per ties of die sel/bio die sel blends.23 Ar -
ti fi cial neu ral net works (ANN s) are al so po wer ful mo del -
ling tools, which can be used to cor re la te and iden tify
highly com plex re la tions hips from in put-out put da ta only.
Re gres sion prob lems can be sol ved using fol lo wing net -
work types: mul ti la yer feed for ward (MLP), ra dial ba sis
func tion (RBF), and ge ne ral re gres sion neu ral net work.
MLP s are most com monly used ones.24 The re are many
al go rithms for trai ning MLP net works. The po pu lar back
pro pa ga tion (BP) al go rithm is sim ple but has a prob lem
with slow con ver gen ce.25 The se cond most com monly
used neu ral net work arc hi tec tu re is RBF net work. Com pa -
red with MLP net work, this net work pos ses ses cer tain ad -
van ta ges that ma ke it very po pu lar. The most im por tant
ad van ta ges are the sim pli city of the net work struc tu re and
the high speed of con ver gen ce du ring the trai ning pha se.26

So me re searc hes ha ve already been con duc ted on
the analy sis of ga so li ne27,28 and die sel fuel using ANN -
s.29,30 Neu ral net works we re used to cor re la te and pre dict
the ce ta ne num ber and the den sity of die sel fuel from its
che mi cal com po si tion.31 In this study, mean ab so lu te er -
rors with the test da ta set we re 1.23 and 0.002 g/cm3 for
the ce ta ne num ber and den sity, res pec ti vely. The die sel fu-
el lu bri city has been de ter mi ned using RBF net work with
ot her fuel pro per ties as in puts.32 The lu bri city pre dic ted
by this neu ral net work ga ve a coef fi cient of de ter mi na tion
R2 = 0.94, with mo re than 90% of the pre dic ted lu bri city
va lues lying wit hin the 95% con fi den ce li mit.

Furt her mo re, the cold fil ter plug ging point of blen -
ded die sel fuel was de ter mi ned using in put pa ra me ters of
ki ne ma tic vis co sity, den sity, re frac ti ve in ter cept and the
spe ci fic di stil la tion ran ge.33 Fi nally, the di stil la tion pro fi le
and cold pro per ties of die sel fuel ha ve been pre dic ted em -
plo ying mid-IR spec tros copy and MLP net works.27 The
de ve lo ped mo dels pre dict the se pro per ties ba sed on the IR
sig nal, with the le vel of ac cu racy cha rac te ri stic for the re -
pea ta bi lity of stan dard met hods.

Ap pli ca tion of Ra man spec tros copy in de ter mi na -
tion of die sel fuel pro per ties is ge ne rally poorly re pre sen -
ted. Ra man spec tros copy has not been ex ten si vely ap plied

in the in du stry due to se ve ral con straints; high cost, low
S/N ra tio when com pa red to near-IR or mid-IR, fluo res -
cen ce prob lems, etc. Alt hough Ra man spec tros copy is still
qui te ex pen si ve, most di sad van ta ges ha ve been sol ved
thanks to its com bi na tion with the Fou rier trans form, mo -
re po wer ful la ser and mul ti va ria te che mo me tric tech ni -
ques.34 One of the ad van ta ges of the Ra man spec tros copy
is the ca pa bi lity of glass vials ap pli ca tion in or der to ob -
tain spec tra, which com pa red to mid-IR spec tros copy ac -
ce le ra ted and sim pli fied mea su re ment pro ce du re, whi le
near-IR spec tros copy is sig ni fi cantly less in for ma ti ve. In
the li te ra tu re we ha ve found only one ar tic le that com bi ne
FT-Ra man spec tros copy and MLP net work for the pre dic -
tion of ce ta ne in dex, den sity, vis co sity, T50, T90 and to tal
sulp hur con tent of die sel fuel.35 The aim of the pre sent
work is to de ve lop mo dels ba sed on in fra red and Ra man
spec tros copy com bi ned with MLP and RBF net works for
ra pid and ac cu ra te si mul ta ne ous de ter mi na tion of the
most im por tant physi co-che mi cal pro per ties of die sel fu-
el: ce ta ne num ber, ce ta ne in dex, den sity, vis co sity, di stil -
la tion tem pe ra tu res at 10% (T10), 50% (T50) and 90%
(T90) re co very, the con tents of to tal aro ma tics and
polycyc lic aro ma tic hydro carbons. 

2. Theory

Neu ral net works are po wer ful mo del ling tools that
ha ve the abi lity to iden tify un derl ying highly com plex re -
la tions hips from in put-out put da ta only.32 Using this ap -
proach it is pos sib le to de ri ve em pi ri cal mo dels from a
col lec tion of ex pe ri men tal da ta, es pe cially if the da ta that
ha ve to be cor re la ted ex hi bit a com plex non li near be ha vi -
our and can not be des cri bed by li near mat he ma ti cal mo -
dels. Such mo dels are ob tai ned by trai ning, i.e., the net -
work is re pea tedly pre sen ted with in put/out put pairs that
ha ve to be cor re la ted. Alt hough the trai ning pro ce du re can
be qui te ti me-con su ming, on ce trai ned, the net work pro -
du ces an ans wer or pre dic tion al most in stan ta ne ously.

Mul ti la yer percep trons (MLP s) and ra dial ba sis
func tion (RBF) net works are the two most com monly-
used types of feed for ward net work.36,37

2. 1. Mul ti la yer Per cep tron Neu ral Net works

MLP is one of the most po pu lar net work types, and
in many prob lem do mains seem to of fer the best pos sib le
per for man ce. It con sists of se ve ral neu ron la yers: in put la -
yer, one or mo re hid den la yers, and the out put la yer. Each
MLP neu ron per forms a bia sed weigh ted sum of their in -
puts and passes this ac ti va tion le vel through a trans fer
func tion to pro du ce their out put. The neu rons are ar ran ged
in a la ye red feed for ward to po logy. The net work thus has
a sim ple in ter pre ta tion as a form of in put-out put mo del,
with the weights and thres holds (bia ses) as free pa ra me -
ters of the mo del. Such net works can mo del func tions of
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al most ar bi trary com ple xity, with the num ber of la yers,
and the num ber of neu rons in each la yer, de ter mi ning the
func tion com ple xity.38

The num ber of neu rons in the first la yer is equal to
the num ber of in put pa ra me ters and the va lues of in put pa -
ra me ters are the la yer’s out put. In ca se of ot her la yers out -
puts are ob tai ned in a furt her way. Let yi

l be the out put of
ith neu ron of the lth net work la yer, which can be com pu ted
ac cor ding to furt her for mu las as:

for mu la
(1)

whe re N re pre sents num ber of neu rons in spe ci fic la yer.
Func tion f is the ac ti va tion func tion, wij

l weight of the link
bet ween the jth neu ron of the l – 1st la yer and ith neu ron of
the lth la yer, θi

l the bias pa ra me ter of ith neu ron of the lth la -
yer. Usually, as ac ti va tion func tion for hid den la yer(s),
sig moi dal func tion is usually used, whi le li near func tion
is ap plied in ca se of out put la yer.

On ce the num ber of la yers, and num ber of units in
each la yer, has been se lec ted, the net work’s weights and
must be set so as to mi ni mi ze the pre dic tion er ror ma de by
the net work.37 This is the ro le of the trai ning al go rithms.
The er ror of a par ti cu lar con fi gu ra tion of the net work can
be de ter mi ned by run ning all the trai ning ca ses through
the net work, com pa ring the ac tual out put ge ne ra ted with
the de si red or tar get out puts. The dif fe ren ces are com bi -
ned to get her by an er ror func tion to gi ve the net work er -
ror. The most com mon er ror func tions are the sum-squa -
red er ror, whe re the in di vi dual er rors of out put units on
each ca se are squa red and sum med to get her. Net works are
trai ned using ite ra ti ve al go rithms, of which the best
known is back pro pa ga tion.39 A con si de rab le amount of
re search has been con duc ted in to im pro ved al go rithms for
trai ning of mul ti la yer per cep trons. The most inf luen tial of
the se are the se cond-or der op ti mi za tion al go rithms40,41

(co nju ga te gra dient des cent, qua si New ton). The se al go -
rithms are usually des cri bed as con ver ging far mo re
quickly than back pro pa ga tion (one or two or ders of mag -
ni tu de fa ster). Co nju ga te gra dient des cent usually per -
forms sig ni fi cantly bet ter than , and it is the re com men ded
tech ni que for any net work with a lar ge num ber of weights
(mo re than a few hun dred) and/or mul ti ple out puts and it
is al so a highly ef fec ti ve ge ne ric al go rithm with low com -
pu ter me mory re qui re ments and good sta bi lity. Qua si
New ton is usually a litt le fa ster than co nju ga te gra dient
des cent, but has sub stan tially lar ger me mory re qui re ments
and it is oc ca sio nally nu me ri cally un stab le.37

2. 2. Ra dial Basis Func tion Neu ral Net works

A ra dial ba sis func tion (RBF) neu ral net work has an
in put la yer, a hid den and an out put la yer. The hid den la yer
neu rons act as clu ster cen tres, grou ping si mi lar trai ning
ca ses. The neu rons in the hid den la yer con tain Gaus sian

trans fer func tions who se out puts are in ver sely pro por tio -
nal to the di stan ce from the cen tre of the neu ron.

The ge ne ral form of the Gaus sian func tion is:

for mu la
(2)

whe re ó (stan dard de via tion) con trols the spread of the
func tion, and x is the Euc li dean di stan ce bet ween the clu -
ster cen tre and the in put vec tor.

A ra dial ba sis func tion net work (RBF), the re fo re,
has a hid den la yer of ra dial units, each ac tually mo del ling
a Gaus sian res pon se sur fa ce. Sin ce the se func tions are
non li near, it is not ac tually ne ces sary to ha ve mo re than
one hid den la yer to mo del any sha pe of func tion: suf fi -
cient ra dial units will al ways be enough to mo del any
func tion.37

RBF net works use a two sta ge trai ning pro cess –
first, as sign ment of the ra dial cen tres and their de via tions;
se cond, op ti mi za tion of the out put la yer. A clas sic RBF us-
es the iden tity ac ti va tion func tion in the out put la yer, in
which ca se li near op ti mi za tion (pseu do-in ver se, SVD) can
be used, which is re la ti vely quick com pa red with  trai ning. 

Cen tres should be as sig ned to ref lect the na tu ral clu -
ste ring of the da ta. The two most com mon met hods are:
sub-sampling and K-means al go rithm. K-means al go -
rithm tries to se lect an op ti mal set of points that are pla ced
at the cen troids of clu sters of trai ning da ta. Gi ven K ra dial
units, it ad justs the po si tions of the cen tres so that: (i) each
trai ning point be longs to a clu ster cen tre; (ii) each trai ning
point is nea rer to the be lon ging clu ster cen tre than to any
ot her cen tre. On ce cen tres are as sig ned, de via tions are set.
The three most com mon met hods to de ter mi ne de via tion
(ra dial spread) are ex pli cit de via tion (cho sen by the user),
iso tro pic de via tion (sa me for all units and se lec ted heu ri -
sti cally to ref lect the num ber of cen tres and the vo lu me of
spa ce they oc cupy) and K-nea rest neigh bour (each unit’s
de via tion is in di vi dually set to the mean di stan ce to its 
K-nea rest neigh bours).41,42,43 Hen ce, de via tions are smal -
ler in tightly pac ked areas of spa ce, pre ser ving de tail, and
hig her in spar se areas of spa ce. 

RBF net works ha ve a num ber of ad van ta ges over
MLP s. First, as pre vi ously sta ted, they can mo del any
non li near func tion using a sin gle hid den la yer, which re -
mo ves so me de sign-de ci sions about num bers of la yers.
Se cond, the sim ple li near trans for ma tion in the out put la -
yer can be op ti mi zed fully using tra di tio nal li near mo del -
ling tech ni ques, which are fast and do not suf fer from
prob lems such as lo cal mi ni ma which pla gue MLP trai -
ning tech ni ques. RBF net works can the re fo re be trai ned
ex tre mely quickly (i.e., or ders of mag ni tu de fa ster than
MLP s). Ho we ver, RBF’s mo re ec cen tric res pon se sur fa ce
re qui res mo re units to ade qua tely mo del most func tions
and, con se quently, an RBF so lu tion will tend to be slo wer
to exe cu te and mo re spa ce con su ming. The se cond di sad -
van ta ge of RBF net works is its di sa bi lity to ex tra po la te



252 Acta Chim. Slov. 2012, 59, 249–257

Bo lan~a et al.:  De ve lop ment of Ar ti fi cial Neu ral Net work Mo del ...

be yond known da ta, sin ce the res pon se drops off ra pidly
to wards ze ro if da ta points far from the trai ning da ta are
used. RBF s are al so mo res sen si ti ve to the cour se of di -
men sio na lity and ha ve grea ter dif fi cul ties if the num ber of
in put da ta is lar ge.37

3. Ex pe ri men tal 

3. 1. Sam ples and Expe ri men tal Pro ce du res
93 die sel sam ples we re col lec ted from gas sta tions

and the sto ra ge tanks (Croa tia)44 du ring a pe riod of four
months and sto red in tightly sea led glass bott les at ma xi mal
tem pe ra tu re of 4 °C. Be fo re in stru men tal analy sis, sam ples
we re equi li bra ted at room tem pe ra tu re (22 ± 5 °C).

The stan dard met hods45–50 we re mainly used for de -
ter mi na tion of the va ri ous die sel fuel pro per ties. The sam -
ples we re te sted for: ce ta ne num ber (inter nal met hod); ce -
ta ne in dex (ASTM D 4737); den sity (ASTM D 1298); vis -
co sity (ASTM D 445); di stil la tion tem pe ra tu res at 10%
(T10), 50% (T50) and 90% (T90) re co very (ASTM D 86);
and con tents of to tal aro ma tics and polycyc lic aro ma tic
hydro car bons (EN 12916).

FTIR spec tra with at te nua ted to tal ref lec tan ce
(ATR) and FT-Ra man spec tra we re ob tai ned on Ni co let

6700 Fou rier trans form in stru ment (Ther mo Fis her Scien -
ti fic Inc, USA). FTIR-ATR spec tra we re re cor ded using a
Smart Per for mer sam pling ac ces sory and Zn Se cell, 50
scans with a re so lu tion of 6 cm–1, co ve ring the 4000–650
cm–1 spec tral ran ge, DTGS de tec tor and KB r beams plit ter.
Be fo re mea su ring each sam ple, a back ground spec trum is
ob tai ned using clean and dry cell fol lo wing the sa me pro -
cess as for the sam ples. The FT-Ra man spec tra we re re -
cor ded in quartz cu vet tes with a Tef lon stop per, co ve ring
the 3700–350 cm–1 spec tral ran ge, 50 scans with a re so lu -
tion of 8 cm–1. A li quid ni tro gen coo led Ge de tec tor was
used for sig nal de tec tion. The la ser ex ci ta tion of 1064 nm
was pro vi ded by Nd YAG la ser and la ser po wer was set to
0.400 W. Typi cal FTIR-ATR and FT-Ra man spec tra of
die sel fuels are pre sen ted in Fi gu re 1.

3. 2. Neu ral Net works

The neu ral net works used in this work we re MLP
and RBF net works. As in de pen dent in put va riab les for net -
works, se ve ral IR ab sor ban ces and Ra man in ten si ties we re
se lec ted af ter vi sual exa mi na tion of spec tra (Fi gu re 1).
Physi co-che mi cal pro per ties of die sel fuels are the re sult
of che mi cal com po si tion. The main peaks ob ser ved in Fi -
gu re 1 are as so cia ted with ma jor func tio nal groups pre sent
in this type of fuel. Sin ce mid-IR and Ra man spec tros copy
are com pa tib le tech ni ques, spec tral bands ha ve si mi lar wa -
ve num bers, but show dif fe ren ces in in ten sity. Briefly, the
bands bet ween 3200–3000 cm–1 in the Ra man spec trum
are at tri bu ted to the C–H stretc hing of aro ma tic com -
pounds and the re gion 3000–2800 cm–1 cor res ponds to
C–H stretc hing of sa tu ra ted n-alkyl groups. The bands in
the re gion of 1500 to 1400 cm–1 are as so cia ted with the
C–H de for ma tion of CH2 and CH3 groups, and re gion
700–900 cm–1 is at tri bu ted to the C–H out of pla ne ben ding
in dif fe rent types of sub sti tu ted ben ze ne rings. The band
around 1378 cm–1 in the Ra man spec trum re pre sents ring
stretc hing of bicyc lic aro ma tic frac tions, and the ma xi mum
at 1302 cm–1 cor res ponds to twist and rock vi bra tions of n-
al ka nes. The most pro mi nent band, oc cur ring at 1002
cm–1, aro se from the symme tri cal (tri go nal) ring-breat hing
mo de of mo nocyc lic aro ma tic com po nents in the fuel.

Ba sed on as su med high cor re la tion bet ween spec tral
in for ma tion (des cri bed abo ve) and cor res pon ding fuel
pro per ties it is pos sib le to se lect 15 mid-IR absor ban ces
from FTIR-ATR spec tra and 17 in ten si ties form FT-Ra -
man spec tra as in put va riab les wit hout ad di tio nal need for
prin ci pal com po nent analy sis and un ne ces sary pro lon ga -
tion of cal cu la tion pro ce du res.

The out put la yer con sists of ni ne neu rons re pre sen -
ting pro per ties of die sel fuels (ce ta ne num ber, ce ta ne in -
dex, den sity, vis co sity, T10, T50, T90, con tents of to tal
aro ma tics and polycyc lic aro ma tic hydro car bons) de ter -
mi ned by stan dard met hods.

The op ti mi za tions we re per for med in or der to ac hie -
ve pre ci se and ac cu ra te mo del with res pect to mi ni mi za -

Fi gu re 1. Typi cal spec tra of die sel fuels: (a) FTIR-ATR, (b) FT-Ra -
man.

a)

b)



253Acta Chim. Slov. 2012, 59, 249–257

Bo lan~a et al.:  De ve lop ment of Ar ti fi cial Neu ral Net work Mo del ...

tion of un ne ces sary ex pe ri men ta tion and ti me nee ded for
the ANN trai ning cal cu la tions. 

For MLP net work, the trai ning al go rithm, num ber
of hid den la yer neu rons and num ber of ex pe ri men tal da -
ta points used for trai ning we re op ti mi zed. The ad van ta -
ge of the used MLP mo dels was ap pli ca tion of two-pha -
se trai ning ap proach. Two-pha se trai ning is a com bi na -
tion of two trai ning al go rithms, which enab les to use ad -
van ta ges of both al go rithms in sa me trai ning pro ce du re,
re sul ting with bet ter pre dic ti ve abi lity ob tai ned wit hin
shor ter cal cu la tion ti me.51 The first pha se was 100 ite ra -
tion steps of er ror back pro pa ga tion trai ning in or der to
ac hie ve fast con ver gen ce to the re gion of glo bal mi ni -
mum on er ror sur fa ce. The se cond pha se al go rithm was
va ried bet ween co nju ga te gra dient (CG) and qua si New -
ton (QN) al go rithm. The num ber of neu rons in the hid -
den la yer was va ried from 2 to 14 (step 2) and num ber of
ex pe ri men tal da ta in trai ning set was va ried from 15 to

45 (step 5). The se cond pha se trai ning pro ce du re had
been re pea ted un til the glo bal mi ni mum on er ror sur fa ce
was found. The lo gi stic func tion was used as ac ti va tion
func tion con nec ting in put and hid den la yer and iden tity
func tion was used as ac ti va tion func tion con nec ting hid -
den and out put la yer. 

For the RBF net work, the ra dial la yer was trai ned
using K-means ra dial as sign ment al go rithm and three dif -
fe rent ra dial spread al go rithms: ex pli cit, iso tro pic, and K-
nea rest neigh bour. The pa ra me ters for the ra dial spread
trai ning al go rithms we re op ti mi zed. The va lues 1, 1 and
10 we re used for op ti mi za tion as pa ra me ters for ex pli cit;
iso tro pic and K-nea rest neigh bour al go rithms, res pec ti -
vely. The num ber of hid den la yer neu rons and ex pe ri men -
tal da ta points used for the trai ning set we re al so op ti mi -
zed. The num ber of neu rons in the hid den la yer was va ried
from 5 to 17 (step 2) and num ber of ex pe ri men tal da ta in
trai ning set was va ried from 20 to 45 (step 5).

Fi gu re 2. Inf luen ce of num ber of hid den la yer neu rons and num ber of ex pe ri men tal da ta in trai ning set on the cor re la tion coef fi cient of the mul ti -
la yer feed for ward ar ti fi cial neu ral net work: (a) co nju ga te gra dient trai ning al go rithm using FTIR-ATR spec tral in put da ta; (b) qua si New ton trai -
ning al go rithm using FTIR-ATR spec tral in put da ta; (c) co nju ga te gra dient trai ning al go rithm using FT-Ra man spec tral in put da ta; (d) qua si New -
ton trai ning al go rithm using FT-Ra man spec tral in put da ta.

a) c)

b) d)
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The pre dic ti ve per for man ce of de ve lo ped neu ral
net work mo dels was te sted using Pear son’s cor re la tion
coef fi cient R (bet ween the pre dic ted and ob ser ved out put
va lues), ave ra ge er ror and ave ra ge ab so lu te er ror of the
out put va riab le. 

All ANN cal cu la tions in this work we re per for med
using Sta ti sti ca 7.1 soft wa re (Stat Soft Inc., USA). 

4. Re sults and Dis cus sion

The ex pe ri men tal da ta set was split in to three sub -
sets: training set, se lec tion set and va li da tion set. The first
set was used to train net works, se cond one to pre vent
over-trai ning pro cess, and the third one to va li da te pre dic -
tion abi lity of the de ve lo ped ANN mo del. The physi co-
che mi cal pro per ties of die sel fuel we re mo del led si mul ta -
ne ously and the pre sen ted re sults des cri be ave ra ge va lues
for cor re la tion coef fi cients (for all mo del led pro per ties)
ba sed on ex ter nal va li da tion da ta set only. In Fi gu re 2, the
op ti mi za tion for MLP mo dels using FTIR-ATR and FT-
Ra man spec tral in put da ta is il lu stra ted, inc lu ding the ef -
fects of the trai ning al go rithm, num ber of hid den la yer
neu rons and num ber of ex pe ri men tal da ta points used for
trai ning.

As it can be seen, all cor re la tion coef fi cients bet -
ween ac tual and pre dic ted va lues we re ac cep tab le, for
both vi bra tio nal spec tros co pies. When com pa ring the se
two spec tros copy tech ni ques, it is clearly vi sib le that
FTIR-ATR/MLP mo del is slightly mo re ac cu ra te than the
FT-Ra man/MLP mo del. Al so, one can ob ser ve that neu ral
net work mo dels ob tai ned by using CG trai ning al go rithm
gi ve mo re sta bi le re sults and slightly hig her cor re la tion
coef fi cients than tho se ob tai ned by using QN al go rithm.
This in di ca tes CG as highly ef fec ti ve al go rithm with very
good sta bi lity. 

Ho we ver, MLP net work that uses FTIR-ATR in put
spec tral da ta, CG trai ning al go rithm, 45 ex pe ri men tal da ta
points in the trai ning set and 8 hid den la yer neu rons, pro -
du ces mo del with ma xi mal cor re la tion coef fi cient (R =
0.9577; Fi gu re 2a). It is ge ne rally pre fe rab le to di mi nish

the num ber of ex pe ri men tal da ta points used for trai ning
in or der to re du ce the ove rall ex pe ri men tal ef fort. Fi gu re 2
shows that the num ber of ex pe ri men tal da ta points used
for trai ning pro ce du re can be re du ced to 30 wit hout sig ni -
fi cant im pact on the mo del ac cu racy. 

Fi gu re 3 il lu stra tes the re sults of op ti mi za tion for
RBF mo dels using FTIR-ATR and FT-Ra man spec tral in -
put da ta. Ho we ver, the FTIR-ATR spec tral in put da ta gi -
ves bet ter and mo re sta bi le re sults com pa red with FT-Ra -
man in put da ta. It is pro bably a con se quen ce of a very
small num ber of spec tral vi bra tions of sam ples in Ra man
spec tra (Fi gu re 1). It can be seen (Fi gu re 3a) that ma xi mal
cor re la tion coef fi cient was ob tai ned for FTIR-ATR in put
da ta using K-means ra dial as sign ment al go rithm in com -
bi na tion with ex pli cit ra dial spread al go rithm. The Fi gu re
3 al so pre sents op ti mi za tion of num ber of hid den la yer
neu rons and num ber of ex pe ri men tal da ta points nee ded
for the trai ning set. The amount of ex pe ri men tal da ta used
for the trai ning was va ried from 20 to 45 and num ber of
hid den la yer neu rons from 5 to 17. It is al so shown that
op ti mal con fi gu ra tion was ac hie ved using ma xi mal num -
ber of ex pe ri men tal da ta in the trai ning set and ma xi mal
num ber of hid den la yer neu rons. 

From Fi gu res 2 and 3 is clearly vi sib le that MLP
mo dels are mo re ac cu ra te than RBF ones. Furt her mo re,
use of CG trai ning al go rithm gi ves slightly bet ter re sults
than QN one. In ac cor dan ce with pre vi ous dis cus sion, the
per for man ce cha rac te ri stic of op ti mal de ve lo ped ANN
mo dels in pre dic tion die sel fuel pro per ties are shown in
Tab le 1.

The op ti mal mo del (ma xi mal ave ra ge cor re la tion
coef fi cient) using FTIR-ATR spec tral in put da ta we re ac -
hie ved using MLP net work, CG trai ning al go rithm, 45 ex -
pe ri men tal da ta points in the trai ning set, and 8 hid den la -
yer neu rons. Furt her mo re, op ti mal mo dels using FT-Ra -
man spec tral in put da ta was ac hie ved using MLP neu ral
net work, CG trai ning al go rithm, 45 ex pe ri men tal da ta
points in the trai ning set, and 12 hid den la yer neu rons.

As it can be seen (Tab le 1), the cor re la tion coef fi -
cient bet ween ac tual and pre dic ted va lues we re ac cep tab le
for all die sel fuel pro per ties, but when com pa ring the se

Tab le 1. The per for man ce cha rac te ri stic of op ti mal de ve lo ped ar ti fi cial neu ral net work mo dels to pre dic tion die sel fuel pro per ties.

FTIR-ATR FT-Ra man
Die sel pro perty Pro perty Er ror Abs. Cor re la tion Er ror Abs. Cor re la tion 

ran ge mean er ror mean coef fi cient mean er ror mean coef fi cient
Ce ta ne num ber 50.1–55.9 0.0301 0.3228 0.9597 0.0860 0.3669 0.9406
Ce ta ne in dex 48.0–56.3 0.0708 0.3828 0.9820 –0.0033 0.4304 0.9816
Den sity (kg/m3) 827.2–841.3 0.1441 0.7467 0.9315 0.0183 0.9399 0.9092
Vis co sity (mm2/s) 2.24–3.79 0.0159 0.0658 0.9815 0.0019 0.0969 0.9635
To tal aro ma tics (wt %) 23.2–34.3 0.0042 0.5709 0.9662 0.1274 0.6544 0.9644
PAH (wt %) 1.8–6.1 –0.0142 0.2887 0.9343 –0.0411 0.2836 0.9509
T10 (C) 194.6–246.5 0.2400 3.3062 0.9792 0.3183 3.6331 0.9547
T50 (C) 253.9–288.9 0.4412 1.6811 0.9838 0.1047 2.0155 0.9772
T90 (C) 329.1–348.5 –0.1982 1.7768 0.9007 –0.1133 1.8389 0.8909
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a) d)

c) f)

b) e)

Fi gu re 3. Inf luen ce of num ber of hid den la yer neu rons and num ber of ex pe ri men tal da ta in trai ning set on the cor re la tion coef fi cient of the ra dial
ba sis func tion ar ti fi cial neu ral net work using K-means ra dial as sign ment al go rithm and: (a) ex pli cit ra dial spread al go rithm using FTIR-ATR spec -
tral in put da ta; (b) iso tro pic ra dial spread al go rithm using FTIR-ATR spec tral in put da ta; (c) K-nea rest neigh bour ra dial spread al go rithm using
FTIR-ATR spec tral in put da ta; (d) ex pli cit ra dial spread al go rithm using FT-Ra man spec tral in put da ta; (e) iso tro pic ra dial spread al go rithm using
FT-Ra man spec tral in put da ta; (f) K-nea rest neigh bour ra dial spread al go rithm using FT-Ra man spec tral in put da ta.
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two spec tros copy tech ni ques, it is clearly vi sib le that mo -
del using FTIR-ATR spec tral in put da ta is mo re ac cu ra te
than mo del using FT-Ra man in put da ta. An ex cep tion was
the cor re la tion coef fi cient for polycyc lic aro ma tic hydro -
car bons that was slightly bet ter using FT-Ra man in put da -
ta. The cau se of this ex cep tion should be sought in a se pa -
ra te well-de fi ned ma xi mum at 1378 cm–1 in the Ra man
spec trum that re pre sents ring stretc hing of bicyc lic aro ma -
tic frac tions in die sel fuel (Fi gu re 1). 

The ob tai ned re sults are ba si cally in agree ment with
ot her re cent pub li ca tions (San tos et al. San tos et al.35).
Alt hough, the per for man ce cha rac te ri stic seems to be
com pa rab le, the ap proac hes ba sed on sin ge neu ral net -
work mo del (pre sen ted in this work), pre dic ting si mul ta -
ne ously all re qui red pro per ties inc lu de in te rac tions mo -
del ling. This could ad di tio nally rai se the pre dic tion abi -
lity.

The ac cu racy of the ob tai ned mo dels is com pa rab le
to the re pro du ci bi lity va lues of the standard met hods,33–38

which we re used for ex pe ri men tal de ter mi na tion of die sel
fuels pro per ties. Des pi te the re la ti vely high va lue of cor re -
la tion coef fi cient for den sity (Tab le 1), the mo del va lues
are out-of-ran ge due to the very small re pro du ci bi lity of
the stan dard met hod.

Com pa ring the de ve lo ped ANN mo dels with the
stan dard met hods they yiel ded good pre dic tions and sa tis -
fied re qui re ments of re pro du ci bi lity, ex cept in the de ter -
mi na tion of den sity. Den sity could be de ter mi ned using
tho se mo dels if less ac cu racy would be ac cep tab le.

5. Conc lu sion

This work pre sents the de ve lop ment of mo dels for
pre dic tion of die sel fuels pro per ties using MLP and RBF
neu ral net works. The de ve lo ped mo dels pre dict ce ta ne
num ber, ce ta ne in dex, den sity, vis co sity, T10, T50, T90,
the con tents of to tal aro ma tics and polycyc lic aro ma tic
hydro car bons ba sed on FTIR-ATR and FT-Ra man in put
da ta. The trai ning al go rithms, num ber of hid den la yer
neu rons and ex pe ri men tal da ta points used for the trai ning
set we re op ti mi zed for both neu ral net works in or der to in -
su re good pre dic ti ve abi lity by re du cing un ne ces sary ex -
pe ri men tal work. 

MLP net work using FTIR-ATR spec tral da ta and
CG trai ning al go rithm, 45 ex pe ri men tal da ta points in the
trai ning set and 8 hid den la yer neu rons pro du ces mo del
with ma xi mal cor re la tion coef fi cient. It was found that
MLP mo dels are mo re ac cu ra te than the RBF ones and the
usa ge of FTIR-ATR in put spec tral da ta gi ves slightly bet -
ter re sults in com pa ri son to FT-Ra man ones. Cor re la tion
coef fi cients are ran ged bet ween 0.9007–0.9838 and
0.8909–0.9816 for the FTIR-ATR spec tral in put da ta, i.e.
the FT-Ra man spec tral in put da ta. Ob tai ned ab so lu te er ror
mean of the neu ral net work mo dels are wit hin ran ge for
the re pro du ci bi lity of stan dard met hods. From the se re -

sults it can be conc lu ded that de ve lo ped neu ral net work
mo dels can be used for ra pid and si mul ta ne ous pre dic tion
of main die sel fuels pro per ties.
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Povzetek
Opisan je razvoj modelov za usklajevanje in napoved lastnosti dizelskega goriva iz absorbanc IR in Ramanskih intenzi-
tet kot vhodnih spremenljivk za umetne nevronske mre`e. Ve~nivojska nevronska mre`a s progresivnim tokom podat-
kov ter radialno funkcijska nevronska mre`a sta bili uporabljeni za napoved cetanskega {tevila, cetanskega indeksa, go-
stote, viskoznosti, destilacijske temperature pri 10 % (T10), 50 % (T50) in 90 % (T90) obnovljivosti, vsebnost aroma-
tov in policikli~nih aromati~nih ogljikovodikov v komercialnih dizelskih gorivih.
V tej {tudiji smo uporabili dvostopenjski u~ni algoritem. Prva stopnja je temelji na obi~ajnem vzvratnem {irjenju napa-
ke, druga stopnja pa bodisi na konjugirani gradientni ali na kvazi Newtonovi metodi. Trije razli~ni algoritmi, uporablje-
ni za dolo~itev radialno bazne funkcije, so: eksplicitni, izotropni in K-najbli`nje-sosedni.
[tevilo nevronov v skritem nivoju in {tevilo u~nih vzorcev smo oprimizirali pri vsaki uporabljeni metodi, tako da smo
zagotovili dobro napovedno zmogljivost ob zmanj{ani potrebi po eksperimentalnem delu.
Pokazali smo, da modeli na osnovi nevronskih mre` lahko dolo~ajo glavne lastnosti dizelskega goriva simultano, na os-
novi ene same hitre meritve srednjega IR ali Ramenskega spektra.


