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This pa per pres ents an ap proach based on the gamma-ray trans mis sion tech nique and ar ti fi cial
neu ral net work for ac cu rately mea sur ing the thick ness of var i ous ma te ri als in flat sheet form. The
gamma-ray trans mis sion sys tem com prises a NaI(Tl) scin til la tion de tec tor cou pled with a 137Cs
ra dio ac tive source. The ar ti fi cial neu ral net work model pre dicts the sam ple thick ness through
three in put fea tures: mass den sity, lin ear at ten u a tion co ef fi cient, and ln(R) – where R rep re sents
the ra tio of ar eas un der the 662 keV peak in spec tra ac quired from mea sure ments with and with -
out the sam ple. The ar ti fi cial neu ral net work model was trained us ing sim u la tion data gen er ated
by MCNP6 code, fa cil i tat ing the cre ation of com pre hen sive datasets cov er ing di verse ma te rial
types and thick ness vari a tions at a low cost. Hyperparameters of the ar ti fi cial neu ral net work
model were de fined by sev eral op ti mi za tion meth ods, such as hyperband-bayesian, tree-struc -
tured Parzen es ti ma tor, and ran dom search, to es tab lish an op ti mal ar ti fi cial neu ral net work ar -
chi tec ture. Sub se quently, the op ti mal ar ti fi cial neu ral net work model was de ployed to pre dict the
thick ness of graph ite, alu mi num, cop per, steel, and polymethyl methacrylate sheets, us ing in put
data ob tained from the ex per i ments. The re sults showed a good agree ment be tween pre dicted
and ref er ence thick nesses, with a max i mum rel a tive de vi a tion of 1.94 % and an av er age rel a tive
de vi a tion of 0.52 %.
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IN TRO DUC TION

Flat sheets of var i ous ma te ri als are ex ten sively
ap plied across nu mer ous mod ern in dus tries, serv ing
as fun da men tal com po nents for a mul ti tude of prod -
ucts and struc tures. In au to mo tive man u fac tur ing, they 
form cru cial parts like body pan els and chas sis com po -
nents. In ship build ing, they form vi tal struc tures such
as ship hulls, decks, and bulk heads. Within aero space,
they con trib ute to the con struc tion of air craft fu se lages 
and wings. Fur ther more, in con struc tion and fur ni ture, 
they are used for craft ing items like tabletops, shelves,
cab i net doors, and oth ers. 

Pre vi ous stud ies [1-3] have shown the thick ness
ef fect on the me chan i cal prop er ties of dif fer ent ma te ri -
als. These find ings em pha size the im por tance of ad -

her ing to pre scribed thick ness stan dards to mit i gate
safety risks and en sure op ti mal per for mance when us -
ing flat sheets. There fore, it is es sen tial to de tect and
elim i nate un sat is fac tory in put ma te ri als be fore they
en ter the pro duc tion line or as sess the qual ity of
flat-rolled prod ucts at the out put of the pro duc tion
line. Ac cu rate mon i tor ing and char ac ter iza tion of the
thick ness help to en hance prod uct qual ity and in crease 
man u fac tur ing ef fi ciency. This task re quires non-de -
struc tive tech niques that op er ate con sis tently and con -
tin u ously even un der harsh con di tions of in dus trial en -
vi ron ments to ac cu rately mea sure the thick ness of
di verse ma te ri als.

Now a days, var i ous non-de struc tive tech niques
have been de vel oped to mea sure the thick ness of flat
sheets, span ning from a few mil li me ters to sev eral
cen ti me ters. These tech niques rely on dif fer ent phys i -
cal prin ci ples, in clud ing ul tra sonic [4], eddy cur rent
[5, 6], and gamma rays [7-13]. Each tech nique has its
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own set of ad van tages and dis ad van tages. When
choos ing a thick ness mea sure ment tech nique for a
spe cific ap pli ca tion, fac tors such as pre ci sion, cost,
thick ness range, and sam ple com po si tion should be
con sid ered. Among the afore men tioned  tech niques,
the gamma- -ray trans mis sion (GT) tech nique [7-10]
stands out for its unique ad van tages that are par tic u -
larly suit able for mon i tor ing the thick ness of flat
sheets in in dus trial pro duc tion pro cesses. The GT
tech nique re lies on the at ten u a tion of gamma-ray
beam in ten sity as it passes through an ab sorb ing sam -
ple to de ter mine the thick ness. There fore, this tech -
nique ap plies to all ma te rial types and is less sus cep ti -
ble to vari a tions in en vi ron men tal fac tors and sur face
con di tions of the sam ple. Mean while, the ul tra sonic
tech nique is less ef fec tive for highly attenuative or po -
rous ma te ri als, and the eddy cur rent tech nique can not
be ap plied to non-con duc tive ma te ri als. Both ul tra -
sonic and eddy cur rent tech niques may be af fected sig -
nif i cantly by en vi ron men tal fac tors such as tem per a -
ture, hu mid ity, and elec tro mag netic in ter fer ence [14,
15]. More over, the ul tra sonic tech nique is sen si tive to
the sur face con di tions of the sam ple, rough ness on the
sur face can af fect the ac cu racy of ul tra sonic thick ness
mea sure ments [16]. In in dus trial set tings, ma te ri als
un der ex am i na tion are di verse, such as met als, plas -
tics, com pos ites, rocks, woods, glasses, and more. En -
vi ron men tal fac tors fre quently fluc tu ate as well. Both
ul tra sonic and eddy cur rent tech niques are not as suit -
able as the GT tech nique for such dy namic in dus trial
en vi ron ments. Re gard ing the use of gamma-rays in
non-de struc tive test ing, the gamma-ray back-scat ter -
ing (GBS) tech nique has also been suc cess fully de -
ployed to mea sure the thick ness of flat sheets [11-13].
In com par i son to the GBS mea sure ments, the GT mea -
sure ments typ i cally yield much higher count ing rates
un der iden ti cal con di tions of ra dio ac tive source and
de tec tor. There fore, the GT tech nique is better suited
than the GBS tech nique for con tin u ously mon i tor ing
thick ness in real time. In sum mary, from our per spec -
tive, the GT tech nique is most ef fec tive and suit able
for mon i tor ing the thick ness of flat sheets in in dus trial
pro duc tion pro cesses.

Over the years, re search ers have con tin u ously de -
vel oped var i ous an a lyt i cal meth ods to en hance the pre ci -
sion and ver sa til ity of thick ness gauges us ing the GT tech -
nique. Shirakawa [7] pro posed a non lin ear model for
de ter min ing the thick ness of steel sheets. This model was
based on us ing the ef fec tive lin ear at ten u a tion co ef fi cient
(LAC) to ad dress the buildup fac tor  in  GT  mea sure -
ments.  Mea sure ments were per formed on steel ref er ence
sam ples rang ing from 0.35 cm to 10 cm in thick ness, us ing 
a sys tem equipped with a 137Cs ra dio ac tive source and a
gas de tec tor. Us ing the ex per i men tal data, the au thor ap -
plied an ex po nen tial func tion to fit the re la tion ship be -
tween the ef fec tive LAC and the thick ness of steel sheets.
This en abled the thick ness de ter mi na tion of steel sheets
based on gamma-ray counts re corded by the de tec tor.

Chuong et al. [8] used MCNP6 code to sim u late a GT sys -
tem, fea tur ing a 137Cs ra dio ac tive source and a NaI(Tl)
scin til la tion de tec tor. The sim u la tion spec tra showed a
strong agree ment with ex per i men tal spec tra across var i -
ous thick nesses and ma te rial types of flat sheets. Sub se -
quently, the sim u la tion data were uti lized to es tab lish lin -
ear cal i bra tion curves by fit ting the val ues of lnR with the
sam ple thick ness. Here, R rep re sents the ra tio of ar eas un -
der the 662 keV peak in spec tra ac quired from mea sure -
ments with and with out the sam ple. The thick ness of flat
sheets un der ex am i na tion was de ter mined based on these
lin ear cal i bra tion curves. It should be em pha sized that
each spe cific type of ma te rial re quires its cal i bra tion curve
for ac cu rate thick ness de ter mi na tion. Vari a tions in the
com po si tion or den sity of the sam ple can in val i date pre vi -
ously es tab lished cal i bra tion curves. There fore, the an a lyt -
i cal meth ods de scribed in ref er ences [7, 9] face lim i ta tions
in cases where a cal i bra tion curve for the ma te rial un der
ex am i na tion is un avail able. To ad dress this chal lenge,
Chuong et al. [10] ex panded the sim u la tions to cover a di -
verse range of ma te ri als. Based on the sim u la tion re sults,
the au thors dem on strated a cor re la tion be tween the slope
co ef fi cient of the lin ear cal i bra tion curves and the LAC of
the sam ples. From there, a math e mat i cal equa tion was es -
tab lished to de ter mine the sam ple thick ness based on lnR
and LAC val ues. Santos et al. [9] pre sented a meth od ol -
ogy based on the GT tech nique and artificial neu ral net -
work (ANN) to mea sure the thick ness of some metal al -
loys. Us ing sim u la tion data gen er ated by the MCNP6
code, the au thors es tab lished sev eral ANN mod els and
eval u ated their per for mance in pre dict ing thick ness. The
re sults in di cated that an ANN model us ing  in put  data 
con sist ing  of  the  area  un der  the  662 keV peak and den -
sity of the sam ple pro duced ac cu rate pre dic tions of thick -
ness. Spe cif i cally, in 91.2 % of  all  cases  ex am ined, the
rel a tive er rors were be low 1 %. For the re main ing cases,
the rel a tive er rors ranged from 1 % to 5 %, all of which
were as so ci ated with thin sam ples. This dem on strates the
fea si bil ity of in te grat ing the GT tech nique with ANN for
pre dict ing the thick ness of dif fer ent ma te ri als. How ever,
the fo cus of this study [9] is con fined to some metal al loys
like alu mi num, ti ta nium, and car bon steel al loys. To ex -
pand the anal y sis to en com pass a wider range of ma te ri als,
re ly ing only on the area un der the 662 keV peak and the
sam ple den sity as in put data for the ANN model is in suf fi -
cient for ac cu rate thick ness pre dic tion. In deed, in ter ac -
tions be tween gamma rays with an en ergy of 662 keV and
mat ter in volve two main mech a nisms: the Compton scat -
ter ing (cross-sec tion is pro por tional to Z) and the pho to -
elec tric ab sorp tion (cross-sec tion is pro por tional to Z5).
The pres ence of el e ments with high atomic num bers in the
ma te rial com po si tion can sig nif i cantly af fect the at ten u a -
tion of a 662 keV gamma-ray beam. There fore, it is nec es -
sary to ac count for the in flu ence of ma te rial com po si tion
in the ANN model.

The ANN is a math e mat i cal model that can learn
com plex pat terns and re la tion ships from fi nite train ing 
datasets. Given an ad e quate train ing dataset, the ANN
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can gen er al ize cor re la tions be tween out put out comes
and in put vari ables, even when these cor re la tions are
not ap par ent or ex hibit clear trends. This abil ity en -
ables ac cu rate pre dic tions of in ter ested in for ma tion
across var i ous com plex sce nar ios. In re cent years,
ANN has emerged as a pow er ful tool for multivariate
quan ti ta tive anal y sis that in volves the con sid er ation of 
mul ti ple vari ables and their in ter ac tions with one an -
other. Eval u at ing the ca pa bil i ties and ef fec tive ness of
ANN in var i ous fields of nu clear sci ence and tech nol -
ogy is highly mean ing ful. A pre vi ous study [17] has
con firmed that the ANN-based an a lyt i cal method
brings no ta ble im prove ments com pared to ear lier
meth ods for the ef fi ciency cal i bra tion of HPGe de tec -
tors. There fore, it is ex pected that the in te gra tion of the 
ANN model with the GT tech nique will sig nif i cantly
en hance the pre ci sion of thick ness mea sure ments for
flat sheets made from di verse ma te ri als. This mo ti va -
tion drove us to con duct the pres ent study.

The main goal of the pres ent study is to de velop
an ANN model for ac cu rately pre dict ing the thick ness
of var i ous ma te ri als, us ing in put data ob tained from GT
mea sure ments with a 137Cs ra dio ac tive source and a
NaI(Tl) scin til la tion de tec tor. To per form this study, we
first used Monte Carlo sim u la tions with the MCNP6
code to gen er ate the pulse height dis tri bu tion (PHD)
spec tra for GT mea sure ments across var i ous thick -
nesses and ma te ri als of the sam ple. Through anal y sis of
the spec tra, we de ter mined the ln(R) val ues, and an
ANN model was con structed to pre dict the sam ple
thick ness. The dataset ob tained from sim u la tions was
used for train ing and val i dat ing the ANN model. Fi -
nally, ex per i men tal mea sure ments were con ducted on
sev eral ma te ri als, in clud ing graph ite, alu mi num, cop -
per, steel, and polymethyl methacrylate (PMMA), to
pro vide data for test ing the ANN model. The pre ci sion
of the ANN model is eval u ated through the de vi a tions
be tween the pre dicted and ref er ence thick nesses. Ad di -
tion ally, the pre ci sion of the ANN model has been com -
pared to that of the cal i bra tion curve fit ting (CCF)
method de scribed in ref er ence [10].

MA TE RI ALS AND METH ODS

Ex per i ments

To mea sure the thick ness of flat sheets, we es tab -
lished a GT sys tem com pris ing a source block and a de -
tec tor block, as shown in fig. 1. The source block in -
cludes a 137Cs ra dio ac tive source with an ac tiv ity of 18.5
MBq con tained within a cy lin dri cal lead collimator with
a di am e ter of 1 cm and a length of 10 cm. This block pro -
duces a nar row beam of 662 keV gamma-rays that pre -
cisely tar gets the cen ter of the de tec tor block. The de tec -
tor block con sists of a NaI(Tl) scin til la tion de tec tor
housed within a cy lin dri cal lead collimator with a di am e -
ter of 1 cm and a length of 2 cm. The dis tance be tween the 
source block and the de tec tor block is 37 cm.

The NaI(Tl) scin til la tion de tec tor used in this
study has crys tal di men sions of 7.62 cm × 7.62 cm and
an en ergy res o lu tion of 7.3 % at the 662 keV peak. The
de tec tor was con nected to an Os prey unit and a com -
puter to form a gamma-ray spec trom e ter. The Os prey
is a ver sa tile tube base for scin til la tion de tec tors, in -
cor po rat ing the high-volt age power sup ply, am pli fier,
and dig i tal mul ti chan nel an a lyzer. The mul ti chan nel
an a lyzer was op er ated in 2048-chan nel mode. Re -
corded sig nals are trans mit ted from the Os prey to the
com puter via a USB ca ble, with spec tral ac qui si tions
con trolled by GE NIE-2000 soft ware ver sion 3.3.

We con ducted thick ness mea sure ments on flat
sheets made from five com monly used in dus trial ma te ri -
als, in clud ing graph ite, alu mi num, cop per, steel, and
polymethyl methacrylate (PMMA). These sheets have
di men sions of 10 cm × 30 cm, with thick nesses vary ing
as: 0.5 cm to 10 cm for graph ite, 0.194 cm to 12.09 cm for 
alu mi num, 0.2 cm to 8.966 cm for cop per, 0.59 cm to
9.416 cm for steel, and 1.0 cm to 12.0 cm for PMMA.
The thick nesses of all the sheets were mea sured us ing a
dig i tal cal i per with an un cer tainty of 0.001 cm. The re -
sults ob tained from these mea sure ments were used as
ref er ence thick nesses to ver ify the re li abil ity of the ANN
model. Ad di tion ally, the mass den sity and LAC of these
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ma te ri als were mea sured on sev eral stan dard sam ples, as
pre sented in tab. 1. The mass den sity was cal cu lated as
the ra tio of mass to vol ume. The LAC was de ter mined
us ing the Lam bert-Beer law in gamma-ray at ten u a tion
mea sure ments.

For the GT mea sure ments, the sheet was po si -
tioned on a ta ble so that its sur face was per pen dic u lar
to the sym me try axes of both the source block and the
de tec tor block. The dis tance from the source block to
the front sur face of the sheet was con sis tently main -
tained at 18.4 cm. Each sheet was mea sured three
times, with an ac qui si tion time of 4000 sec onds per
mea sure ment. In to tal, 246 mea sure ments were con -
ducted in this study. Be sides, mea sure ments were also
per formed with out a sheet pres ent.

Monte Carlo sim u la tions

To train an ANN model, a com pre hen sive train -
ing dataset is es sen tial. There fore, we needed to col lect 
a large amount of data from GT mea sure ments for flat
sheets with dif fer ent thick nesses and com po si tions.
How ever, col lect ing ex per i men tal data is of ten con -
strained by the dif fi cul ties in volved in pre par ing stan -
dard sam ples with pre cise thick nesses and com po si -
tions. It is not fea si ble to cre ate a train ing dataset
en tirely from ex per i ments. In sit u a tions where ex per i -
men tal mea sure ments are in con ve nient or im prac ti cal, 
the Monte Carlo sim u la tion method is an ex cel lent so -
lu tion for gen er at ing the nec es sary data to train an
ANN model. Over the years, sev eral gen eral-pur pose
Monte Carlo codes, such as MCNP [18], GEANT [19], 
and PENELOPE [20], etc., have been de vel oped to
sim u late the trans port of ra di a tions in 3-D ge om e tries.
These codes ac cu rately model the in ter ac tions of ra di -
a tion with all ma te ri als across a wide range of en er -
gies. By uti liz ing one of these codes, sim u la tions of
GT mea sure ments can be con ducted eas ily and
cost-ef fec tively.

In this study, the MCNP6 code was used to gen -
er ate the PHD spec tra for the NaI(Tl) scin til la tion de -
tec tor in GT mea sure ments. To do this, we cre ated a
sim u la tion model (in put file) based on the ex ist ing GT
sys tem, as il lus trated in fig. 2. In this sim u la tion
model, the geo met ri cal pa ram e ters are me tic u lously
and pre cisely de scribed to match those of the ac tual
GT sys tem. The ra dio ac tive source was mod eled to
emit pho tons with an en ergy of 661.657 keV. It is im -
por tant to note that the spec i fi ca tions of the NaI(Tl)
scin til la tion de tec tor were thor oughly benchmarked in 
our pre vi ous study [21].

The sim u la tion model takes into ac count the in -
ter ac tion pro cesses of pho tons with mat ter, in clud ing
the pho to elec tric ef fect, Compton scat ter ing, Ray leigh 
scat ter ing, pair pro duc tion, and flu o res cence. The
pho ton in ter ac tion and atomic re lax ation da ta bases are 
sourced from ENDF/B-VI.8. The cut-off en ergy for
pho ton trans port is set at 1 keV. Be sides, the char ac ter -
is tics of the PHD spec trum re corded by the NaI(Tl)
scin til la tion de tec tor were also care fully con sid ered.
The tally F8 and FT8 GEB a b c cards were used si mul -
ta neously to pro duce sim u lated spec tra that closely
match the ex per i men tal spec tra. The en ergy bins in the
sim u lated spec tra were con fig ured to cor re spond to
the chan nels in the ex per i men tal spec tra. The a, b, and
c pa ram e ters ac cu rately char ac ter ize the full width at
half max i mum (FWHM) of peaks across var i ous en er -
gies of in ci dent pho tons.

To en sure a di verse dataset for train ing the ANN
model, we con ducted sim u la tions for GT mea sure -
ments on 34 dif fer ent types of ma te ri als. These in -
cluded 21 sin gle-el e ment ma te ri als and 13 multi-el e -
ment ma te ri als, with ef fec tive atomic num bers rang ing 
from 6 to 83. Most of these ma te ri als are com monly
used in in dus try. The mass den sity and LAC of these
ma te ri als are pre sented in tab. 2, with LAC val ues cal -
cu lated us ing the XCOM pro gram [22]. For each ma -
te rial, the thick ness of flat sheets var ied from 0.2 cm to
12 cm. In cases in volv ing ma te ri als with high mass
den sity and atomic num ber, the in ten sity of the trans -
mit ted gamma-ray beam was al most com pletely at ten -
u ated, caus ing the sim u la tion to stop when the thick -
ness of the flat sheet was less than 12 cm. In each
sim u la tion, the his to ries of 10 bil lion source par ti cles
were tracked to ob tain the PHD spec trum with high
sta tis ti cal ac cu racy. In to tal, we per formed 772 sim u la -
tions cor re spond ing to var i ous ma te ri als and thick -
nesses of the flat sheets.
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Ta ble 1. The mass den sity and LAC of the flat sheets used
 in the experiments

Ma te rial Mass den sity [gcm–3] LAC [cm–1]
Graph ite 1.81 0.1398

Alu mi num 2.70 0.2016
Cop per 8.96 0.6506
Steel 7.85 0.5827

PMMA 1.16 0.0967

Fig ure 2. Sim u la tion model of
the GT sys tem us ing MCNP6
code



Data anal y sis

A two-step data anal y sis pro cess was con ducted to
col lect the nec es sary data for train ing, val i da tion, and
test ing of the ANN model. In the first step, we an a lyzed
the PHD spec tra ob tained from both ex per i ments and
sim u la tions to de ter mine the ar eas un der the 662 keV
peak. Ini tially, a re gion of in ter est (RoI) was se lected,
span ning from chan nel 1300 to chan nel 1700 in each
spec trum, as il lus trated in fig. 3. Note that the width from
the peak cen ter (ap prox i mately chan nel 1500) to the RoI
bound aries is roughly four times the stan dard de vi a tion
of the peak. This means that 99.9936 % of the events,
where the 662 keV gamma-rays de pos ited all of their en -
ergy in the de tec tor, were re corded within the RoI. Then,
the area un der the 662 keV peak was cal cu lated by sum -
ming the counts within the RoI.

In the sec ond step, the RExp and RSim ra tios were
cal cu lated as fol lows

R
N

N

Exp
Exp

0
Exp

 (1)

R
N

N

Sim
Sim

0
Sim

 (2)

where NExp and N 0
Exp  are the ar eas un der the 662 keV

peak in the ex per i men tal spec tra for GT mea sure ments 
taken with and with out flat sheet, re spec tively, NSim

and N 0
Sim and  are the ar eas un der the 662 keV peak in

the sim u lated spec tra for GT mea sure ments taken with
and with out flat sheet, re spec tively. Then, we de ter -
mined the val ues of ln(RExp) and ln(RSim). These val ues 
serve as one of the in put vari ables in the ANN model.
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Ta ble 2. The mass den sity and LAC of the flat sheets used in the Monte Carlo sim u la tions

Ma te rial Mass den sity [gcm–3] LAC [cm–1] Ma te rial Mass den sity [gcm–3] LAC [cm–1]
Graph ite 1.70 0.1312 Plat i num 21.45 2.2265

Alu mi num 2.70 0.2016 Gold 19.32 2.0479
Ti ta nium 4.54 0.3266 Lead 11.35 1.2508

Iron 7.87 0.5786 Bis muth 9.75 1.0975
Cop per 8.96 0.6506 Rub ber 0.92 0.0793

Zinc 7.14 0.5229 Poly eth yl ene (PE) 0.93 0.0819
Ger ma nium 5.32 0.3770 Polytetrafluoroethylene (PTFE) 2.25 0.1669
Zir co nium 6.51 0.4762 Py rex glass (PG) 2.23 0.1716

Sil ver 10.50 0.8013 Gran ite rock (GR) 2.69 0.2063
Tin 7.31 0.5526 2090-T83 Alu mi num 2.59 0.1928

Ter bium 8.23 0.7156 7075-T6 Alu mi num 2.81 0.2096
Thu lium 9.32 0.8568 3003-O Alu mi num 2.73 0.2038
Lutetium 9.84 0.9263 Con crete 2.30 0.1814
Haf nium 13.31 1.2647 C95800 Cop per 7.64 0.5578
Tan ta lum 16.65 1.6071 C27000 Cop per 8.47 0.6171
Tung sten 19.3 1.8879 321 Stain less Steel 8.0 0.5884
Irid ium 22.42 2.2936 S45C Steel 7.85 0.5770

Fig ure 3. The RoI in the
ex per i men tal and sim u lated spec tra



It is nec es sary to em pha size the sig nif i cance of
us ing the R ra tio in this study. Some dif fer ences be -
tween ex per i ment and sim u la tion are in ev i ta ble. These 
dif fer ences arise from sev eral fac tors: the un cer tainty
of the ra dio ac tive source ac tiv ity, the pre ci sion of the
Monte Carlo code in mod el ing in ter ac tions of ra di a -
tion with mat ter, and the ac cu racy of nu clear da ta bases 
(such as gamma-ray emis sion in ten sity and ra dio ac -
tive half-life). This can re sult in unignorable de vi a -
tions be tween NExp and NSim. There fore, we did not use 
NSim as in put data for the ANN model. In stead, we
found that the R ra tio can be em ployed to elim i nate the
in flu ence of the afore men tioned fac tors, thereby pro -
vid ing an ex cel lent agree ment be tween ex per i men tal
and sim u lated re sults. In deed, many pre vi ous stud ies
[8, 10, 23-26] dem on strated that the RSim ra tio is re li -
able enough to re place the RExp ra tio for con struct ing
cal i bra tion curves or train ing ANN mod els.

AR TI FI CIAL NEU RAL NET WORKS

Multi-layer perceptron model

In this study, we de vel oped a multi-layer
perceptron (MLP) model to ac cu rately pre dict the
thick ness of var i ous flat sheets, as il lus trated in fig. 4.
The MLP is a fun da men tal type of ANN that sim u lates
the bi o log i cal neu ral net work in the hu man brain. Its
ar chi tec ture com prises an in put layer, one or more hid -
den lay ers, and an out put layer. Each of these lay ers
con tains nodes, also re ferred to as neu rons, which
serve as the ba sic units for pro cess ing data within the
net work. The in put layer com prises three neu rons,
each neu ron rep re sent ing a spe cific in put fea ture:
ln(R), mass den sity, and LAC. The hid den lay ers are
po si tioned be tween the in put and out put lay ers. Each

hid den layer per forms com plex com pu ta tions and
trans for ma tions on the in puts re ceived from the pre vi -
ous layer. The num ber of hid den lay ers and the num ber 
of neu rons per hid den layer can vary de pend ing on the
spe cific ap pli ca tion and com plex ity of the prob lem.
The out put layer com prises a sin gle neu ron that pro -
duces the fi nal pre dic tion for the thick ness of the flat
sheet.

The op er a tion of the MLP model be gins with as -
sign ing ini tial weights and bi ases to the con nec tions be -
tween neu rons. These weights and bi ases are in i tial ized
ran domly. The learn ing pro cess oc curs through the for -
ward and back ward prop a ga tion of data be tween the in -
ter con nected neu rons. In the for ward prop a ga tion phase,
the in put data is pro cessed at the in put layer and passed to
the first hid den layer. Each neu ron in the hid den layer re -
ceives in puts from the pre vi ous layer, com putes a
weighted sum of these in puts, adds a bias term, and then
ap plies an ac ti va tion func tion. The ac ti va tion func tion
in tro duces non-lin ear ity into the net work, en abling it to
learn com plex re la tion ships and pat terns. The re sult of
each neu ron is then passed to the neu rons in the next
layer, con tin u ing un til the data reaches the out put layer.
Fi nally, the neu ron in the out put layer pro duces the thick -
ness pre dic tions. The dif fer ence be tween these pre dic -
tions and the ac tual tar get val ues across the en tire dataset, 
known as the loss, is quan ti fied us ing the mean squared
er ror (MSE) as a loss func tion. Sub se quently, the back -
ward prop a ga tion phase is con ducted to ad just the
weights and bi ases within the net work, aim ing to min i -
mize the loss. This pro cess prop a gates the er ror gra di ent
back ward through the net work, start ing from the out put
layer and mov ing to wards the in put layer. The gra di ent of 
the loss func tion is cal cu lated con cern ing each weight
and bias, thereby in di cat ing the di rec tion and mag ni tude
of the nec es sary ad just ments to re duce the loss. Us ing the 
adap tive mo ment es ti ma tion (ADAM) op ti mi za tion al -
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go rithm, weights and bi ases are then up dated in the di -
rec tion that de creases the loss. Lower loss val ues in di cate 
better model per for mance, en abling the model to make
more ac cu rate pre dic tions and ef fec tively cap ture the un -
der ly ing re la tion ships in the data. For ward and back ward 
prop a ga tion are re peated over many it er a tions, known as
ep ochs, to im prove the per for mance of the MLP model.

Eval u at ing the per for mance of an MLP model is
es sen tial to en sure its ac cu racy and re li abil ity in mak -
ing pre dic tions. This task re quires the use of var i ous
sta tis ti cal met rics, in clud ing MSE, mean ab so lute per -
cent age er ror (MAPE), and co ef fi cient of de ter mi na -
tion (R²). These met rics are de fined as fol lows
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where  d i
ref and d i

pred are the i th ref er ence thick ness and 
the i th pre dicted thick ness, re spec tively; d pred  – the
av er age of all pre dicted val ues, and n – the num ber of
data points.

Train ing, val i da tion, and test ing datasets

All data ob tained from the ex per i ments and sim -
u la tions were di vided into three sub sets: train ing, val i -
da tion, and test ing datasets. Each sub set serves a dis -
tinct pur pose in the MLP model de vel op ment pro cess.

The train ing dataset is used to train the MLP
model. This dataset con sists of sim u lated data, which
pro vides the pri mary data foun da tion for the model to
un der stand and gen er al ize the re la tion ships within the
prob lem to be solved. Fig ures 5(a) and 5(b) dis play the 
val ues of ln(RSim) cor re spond ing to var i ous ma te ri als
and thick nesses in cluded in the train ing dataset. In for -
ma tion about the mass den sity and LAC of the ma te ri -
als used in the train ing dataset can be found in tab. 2.
The train ing dataset com prises 611 data points, ac -
count ing for 79 % of all data gen er ated from the sim u -
la tions.

The val i da tion dataset is used to tune the
hyperparameters of the MLP model and to pre vent
overfitting. This dataset is com posed of sim u la tion
data that is en tirely sep a rate from the train ing dataset.
Fig ure 6 dis plays the val ues of ln(RSim) cor re spond ing
to var i ous ma te ri als and thick nesses in cluded in the
val i da tion dataset. In for ma tion about the mass den sity
and LAC of the ma te ri als used in the val i da tion dataset 

can be found in tab. 2. The val i da tion dataset com -
prises 161 data points, ac count ing for 21 % of all data
gen er ated from the sim u la tions. These data points are
not used di rectly in the train ing pro cess but serve as
check points to pe ri od i cally eval u ate the per for mance
of the MLP model. This helps en sure that the model
gen er al izes well to new and un seen data.

The test ing dataset is used af ter the ANN model
has been fully trained to eval u ate its fi nal per for -
mance. To pro vide an un bi ased as sess ment of the pre -
dic tive power of the trained MLP model and gen er al -
iza tion ca pa bil i ties in real-world sce nar ios, the test ing
dataset is com posed en tirely of ex per i men tal data. Fig -
ure 7 shows the val ues of ln(RExp) cor re spond ing to
var i ous ma te ri als and thick nesses in cluded in the test -
ing dataset, which con sists of 246 data points. In for -
ma tion about the mass den sity and LAC of the ma te ri -
als used in the test ing dataset can be found in tab. 1.

Hyperparameter op ti mi za tion

In the MLP mod els, cru cial hyperparameters in -
clude the num ber of hid den lay ers, the num ber of neu rons
per hid den layer, the ac ti va tion func tions, the learn ing rate, 
the batch size, and the num ber of ep ochs. These
hyperparameters are pre de fined and re main con stant
through out the train ing pro cess. They in flu ence the learn -
ing pro cess and per for mance of the MLP model. There -
fore, se lect ing the op ti mal hyperparameters is a crit i cal
step in de vel op ing an ef fec tive MLP model. How ever,
find ing the op ti mal val ues for hyperparameters is a com -
plex pro cess be cause the val ues of some hyperparameters
can de pend on oth ers. This in ter de pen dence cre ates nu -
mer ous op ti mi za tion op por tu ni ties, re quir ing re search ers
to spend sig nif i cant time sur vey ing and eval u at ing dif fer -
ent com bi na tions.

For tu nately, sev eral op ti mi za tion tech niques have
been de vel oped to au to mat i cally iden tify the op ti mal val -
ues for hyperparameters. In this study, we ap plied three
op ti mi za tion tech niques, in clud ing hyperband-bayesian, 
tree-struc tured Parzen es ti ma tor, and ran dom search, to
de ter mine var i ous sets of op ti mal hyperparameter val -
ues. This ap proach helps save time and com pu ta tional re -
sources while en hanc ing the per for mance of the MLP
model. The hyperparameter search space was es tab -
lished as:
– The ac ti va tion func tion is cho sen from the fol low ing 

op tions: tanh, softsign, sig moid, lin ear, and selu.
– The num ber of hid den lay ers var ies from 1 to 5.
– The num ber of neu rons within each hid den layer

var ies from 3 to 100.
– The batch size var ies from 6 to 100.
– The learn ing rate var ies from 10–6 to 10–2.
– The num ber of ep ochs re mains con stant at 1000.

For each op ti mi za tion tech nique, the pro cess of
find ing op ti mal hyperparameters was run 100 times,
and the best re sult among these runs was se lected.
There fore, we have ob tained three dif fer ent sets of op -
ti mal hyperparameter val ues, as pre sented in tab. 3.
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Sub se quently, MLP mod els were trained based on
these sets of op ti mal hyperparameter val ues. From the
trained MLP mod els, we com puted sta tis ti cal met rics,
such as MSE, MAPE, and R², on both the train ing and
val i da tion datasets. The cri te ria for se lect ing the op ti -
mal MLP model are the low est MSE and MAPE, along 
with an R² value clos est to 1. As shown in tab. 3, the
MLP model op ti mized with the tree-struc tured Parzen
es ti ma tor tech nique ex hib ited the best sta tis ti cal met -
rics. These met rics con firm that the model achieves
high ac cu racy and re li abil ity in pre dict ing the thick -

ness of flat sheets. Fur ther more, the train ing pro cess
shows no in di ca tions of overfitting. Con se quently, this 
model was se lected for pre dict ing the thick ness of flat
sheets in real-world sce nar ios.

RE SULTS AND DIS CUS SIONS

We ap plied the trained MLP model to pre dict the
thick ness of var i ous flat sheets based on in put data col -
lected from ex per i ments (test ing data). Fig ure 8 dis -
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plays the com par i son be tween the ref er ence and pre -
dicted thick nesses, clearly show ing that the pre dicted
val ues align closely with the ref er ence val ues. The sta -
tis ti cal met rics re veal an MSE of 0.1299, a MAPE of
0.5173, and an R² of 0.9999. Ad di tion ally, all rel a tive
de vi a tions (RD) be tween the pre dicted and ref er ence
thick nesses are less than 2.0 %. These re sults con firm
the pre ci sion of the trained MLP model for pre dict ing
the thick ness of flat sheets in prac ti cal set tings.

Be sides, the CCF method, as de scribed in ref er -
ence [10], has been ap plied to de ter mine the thick ness
of flat sheets. To do this, the sim u la tion data were uti -
lized to con struct a cal i bra tion curve, and ex per i men -
tal data were em ployed to eval u ate the pre ci sion of the
method. Fig ure 9 shows the RD be tween the ref er ence
thick nesses and the thick nesses de ter mined by the
ANN and CCF meth ods across five dif fer ent ma te ri -
als. In gen eral, the RD with the ANN method are
smaller than those with the CCF method in most cases.
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Fur ther more, both the av er age RD and max i mum RD
with the ANN method are sig nif i cantly lower than
those with the CCF method, as pre sented in tab. 4. An
ex cep tion is ob served for the PMMA ma te rial, for
which we cur rently lack a de fin i tive ex pla na tion.
How ever, this ex cep tion does not sub stan tially af fect
the over all trend ob served. Based on these re sults, it is
ev i dent that the ANN method pro vides more ac cu rate
out comes com pared to the CCF method for the GT
sys tem used.

It should be noted that the thick ness mea sure -
ments ob tained through the CCF method in this study
did not achieve the same level of ac cu racy as those re -
ported in ref er ence [10]. This dis crep ancy can be at -
trib uted to dif fer ences in the mea sur ing ge om e tries. In
the cur rent set-up, the collimators have a larger di am e -
ter and a shorter length com pared to the pre vi ous con -
fig u ra tion. Such changes in ge om e try could com pro -
mise the lin ear re la tion ship es sen tial for cal i bra tion

curves. Con se quently, for mea sure ment ge om e tries
in volv ing poor collimators, us ing the ANN method is
rec om mended to en hance the pre ci sion for thick ness
mea sure ments. The term poor collimators re fers to
collimators char ac ter ized by a large di am e ter and a
short length.

CON CLU SIONS

In the pres ent study, we pro pose an ap proach that 
com bines the GT tech nique (us ing a 137Cs ra dio ac tive
source and a NaI(Tl) scin til la tion de tec tor) with ANN
to mea sure the thick ness of flat sheets made from di -
verse ma te ri als. The re sults con firm the fea si bil ity of
our ap proach for pro vid ing ac cu rate pre dic tions of
thick ness. In deed, the very low rel a tive de vi a tions be -
tween the ref er ence and pre dicted thick nesses, with an
av er age of 0.52 % and a max i mum of 1.94 % across in -
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Ta ble 3. The sets of op ti mal hyperparameter val ues de ter mined by the op ti mi za tion tech niques
and their sta tis ti cal met rics

De scrip tion of pa ram e ters
Val ues ob tained based on var i ous op ti mi za tion tech niques

Hyperband-Bayesian Tree-struc tured Parzen Es ti ma tor Ran dom Search
Ac ti va tion func tion Tanh Softsign Tanh

Num ber of hid den lay ers 3 3 3
Num ber of neu rons per hid den layer 61 62 122

Batch size 12 36 67
Learn ing rate 0.0003129 0.0011666 0.0096071

MSE for the train ing dataset 0.1463 0.0854 0.2690
MAPE for the train ing dataset 0.880 0.7439 1.2494

R2 for the train ing dataset 0.9999 0.9999 0.9998
MSE for val i da tion dataset 0.1210 0.0619 0.1668

MAPE for val i da tion dataset 0.8287 0.6468 1.1204
R2 for val i da tion dataset 0.9999 1.0 0.9999

Fig ure 8. Com par i son be tween
ref er ence thick nesses and
pre dicted thick nesses us ing the
MLP model across five dis tinct
ma te ri als in the test ing dataset



ves ti gated ma te ri als, dem on strate the ex cel lent re li -
abil ity of this ap proach. Fur ther more, the strengths of
our ap proach lie in the sim plic ity of the data anal y sis
pro cess and the ro bust abil ity of the MLP model to
gen er al ize the re la tion ships be tween in put vari ables
and de sired out puts. Us ing the Monte Carlo sim u la tion 
method, the nec es sary data for train ing the MLP model 
can be flex i bly and cost-ef fec tively gen er ated. These
ad van tages un der score the sig nif i cant po ten tial of this
ap proach for prac ti cal im ple men ta tion.

Be sides, this study shows that us ing ANN sig -
nif i cantly en hances ac cu racy com pared to the pre vi -
ously de vel oped CCF method. We pre dict that these
im prove ments will be even more pro nounced in cases
where the GT sys tem is not equipped with good
collimators. In such cases, the lin ear re la tion ships in
the cal i bra tion curves may not be main tained, lead ing
to de creased ac cu racy in the CCF method. There fore,
it is rec om mended to use the ANN method for mea -
sure ment ge om e tries that in volve poor collimators.
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Le Ti Ngok TRANG, Ngujen Ti Truk LIW, Tran Tin TAW,
Hoang Duk TAM, Hujw Diw CUENG

POSTUPAK  ZASNOVAN  NA  TEHNICI  PRENOSA  GAMA  ZRA^EWA
I  VE[TA^KOJ  NEURONSKOJ  MRE@I  ZA  PRECIZNO  MEREWE

DEBQINE RAZLI^ITIH  MATERIJALA

Prikazan je pristup zasnovan na tehnici prenosa gama zra~ewa i ve{ta~koj neuronskoj
mre`i za precizno merewe debqine razli~itih materijala u obliku ravnog lista. Sistem za prenos 
gama zra~ewa sadr`i  scintilacioni detektor povezan sa 137  radioaktivnim izvorom.
Model ve{ta~ke neuronske mre`e predvi|a debqinu uzorka preko tri ulazne karakteristike:
gustine mase, linearnog koeficijenta slabqewa i  gde  predstavqa odnos povr{ina ispod
pika od 662  u spektrima dobijenim merewima sa i bez uzorka. Model ve{ta~ke neuronske mre`e
uve`ban je kori{}ewem simulacionih podataka generisanih  kodom, olak{avaju}i
kreirawe sveobuhvatnih skupova podataka koji pokrivaju razli~ite vrste materijala i varijacija
debqine po niskoj ceni. Hiperparametri modela ve{ta~ke neuronske mre`e definisani su pomo}u 
nekoliko metoda optimizacije, kao {to su hiperband-Bajesova, drvo-strukturirani Parzenov es -
ti ma tor i slu~ajna pretraga, da bi se uspostavila optimalna arhitektura ve{ta~ke neuronske
mre`e. Potom je primewen optimalni model ve{ta~ke neuronske mre`e da bi se predvidela
debqina listova grafita, aluminijuma, bakra, ~elika i polimetil metakrilata, koriste}i ulazne
podatke dobijene iz eksperimenata. Rezultati su pokazali dobro slagawe izme|u predvidenih i
referentnih debqina, sa maksimalnim relativnim odstupawem od 1,94 % i prose~nim relativnim
odstupawem od 0,52 %.

Kqu~ne re~i: ve{ta~ka neuronska mre`a, ravna plo~a, prenos gama zra~ewa, merewe debqine


