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The phys i cal prob lem of el e ment yield in ver sion is trans formed into a math e mat i cal prob lem
of solv ing overdetermined equa tions, then the par ti cle swarm op ti mi za tion al go rithm is used
to find the op ti mal so lu tion of the sys tem of equa tions to ob tain the yield of for ma tion el e -
ments. Dur ing the in ver sion pro cess, rel e vant pa ram e ters such as the ob jec tive func tion, in er -
tia weight fac tor, and learn ing fac tor are de signed and op ti mized to make the par ti cle swarm
op ti mi za tion al go rithm more suit able for gamma spec trum sig nal pro cess ing, avoid ing lo cal
extremum prob lems dur ing the op ti mi za tion pro cess and im prov ing the ac cu racy of el e ment
yield in ver sion. The cal cu la tion re sults show that com pared with the tra di tional least squares
method, the par ti cle swarm op ti mi za tion al go rithm used in this pa per can ef fec tively in vert
the multi-peak gamma spec trum sig nal, with high in ver sion ac cu racy, and can ef fec tively cal -
cu late the yield of trace el e ments.

Key words: neu tron gamma log ging, for ma tion el e ment, gamma spec trum,
in ver sion of el e ment yield, par ti cle swarm op ti mi za tion

IN TRO DUC TION

The gamma spec trum mea sured in neu tron
gamma for ma tion el e ment log ging con tains counts of
var i ous el e ments, and the gamma counts of each chan -
nel on the log ging tool are lin early re lated to the
gamma counts of each el e ment in that chan nel. 

If the num ber of mea sure ment chan nels of the
log ging tool is n, then there are
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where i is the mea sure ment chan nel ad dress, Ni – the
to tal count of mea sure ment chan nel i, yj – the count of
el e ment j in that chan nel, and aij  – the re sponse co ef fi -

cient of el e ment j in chan nel i which is cal cu lated us ing 
the el e ment stan dard spec trum.

Dur ing the in ver sion pro cess, there are er rors in
the mea sure ment and cal cu la tion pro cesses. As sum ing 
that the er ror be tween the to tal count of each chan nel
of the mea sur ing in stru ment and the ac tual count of
each el e ment in that chan nel is ei (re sid ual), eq. (1) be -
comes
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Equa tion (1) only has an ac cu rate so lu tion when
the num ber of mea sure ment chan nels of the log ging
tool is equal to the num ber of for ma tion el e ments that
need to be mea sured. How ever, in re al ity, the num ber
of mea sure ment chan nels in the in stru ment far ex ceeds 
the num ber of el e ments in the for ma tion to be de ter -
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mined. There fore, eq. (1) is an overdetermined sys tem
of equa tions. 

The least squares method is a com monly used
ap proach for solv ing overdetermined sys tems of equa -
tions [1, 2]. The ba sic prin ci ple of the least squares
method is to find a so lu tion that min i mizes the sum of
squared er rors and use it as the op ti mal so lu tion for the
overdetermined equa tion sys tem. If the sum of squares 
of ei is SSR and the to tal num ber of chan nels in the
mea sur ing in stru ment is i, the cal cu la tion for mula for
SSR is 

SSR N a yi
i

i ij j
ii   e2

1 1
2

1 ( ), (3)

The prin ci ple of the least squares method is sim -
ple and easy to im ple ment, mak ing it a widely used
method for el e ment yield in ver sion [3-8].

The gamma spec trum curve ob tained from
pulsed neu tron gamma for ma tion el e ment log ging is
multimodal and solv ing it us ing the least squares
method may lead to lo cal extremum. In ad di tion, in the
ac tual in ver sion pro cess, there may also be cases
where the yield value is neg a tive, which is in con sis tent 
with the ac tual sit u a tion.

The pro cess ing of en ergy spec trum data en com -
passes a va ri ety of meth od ol o gies [9-13], con sti tut ing
a prom i nent re search fo cus in the field of ra di a tion
mea sure ment. In re cent years, due to the con tin u ous
de vel op ment of com put ing tech nol ogy, var i ous math -
e mat i cal anal y sis meth ods and bi o log i cally in tel li gent
evo lu tion ary al go rithms have grad u ally been ap plied
to en ergy spec trum anal y sis. Among these al go rithms,
par ti cle swarm op ti mi za tion (PSO) searches for the
op ti mal so lu tion through co op er a tion and in for ma -
tion-shar ing among in di vid u als in a pop u la tion, dem -
on strat ing good par al lel ism and globality, rapid search 
speed, and a com pre hen sive search range. It is cur -
rently a trending re search topic ex ten sively ap plied in
var i ous fields [14-17].

The PSO is com monly used to find op ti mal so lu -
tions for non-lin ear, non-smooth, and multimodal
func tions, and is par tic u larly suit able for ex treme
value cal cu la tions of gamma spec trum data with high
ran dom ness and mul ti ple extrema [18,19]. This ar ti cle
aims to use the PSO al go rithm to in vert the el e ment
yield in pulse neu tron gamma for ma tion el e ment log -
ging.

PRIN CI PLE OF PAR TI CLE
SWARM OP TI MI ZA TION

In the PSO al go rithm, the po si tion of each par ti -
cle is the so lu tion of the ob jec tive func tion, and the
qual ity of the so lu tion is eval u ated by fit ness, which is
de ter mined by the ob jec tive func tion. All par ti cles
know their op ti mal po si tion (lo cal op ti mal so lu tion,
rep re sented as pbest) and the cur rent po si tion they

have ex pe ri enced. Each par ti cle knows the best po si -
tion ex pe ri enced by all par ti cles so far (global op ti mal
so lu tion, rep re sented as gbest). Each par ti cle de ter -
mines its next ve loc ity (vec tor) [20, 21].

If the so lu tion space is N-di men sional, the po si -
tion of par ti cle i is X i, and the ve loc ity is V i
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Each par ti cle up dates its po si tion and ve loc ity
based on the re sults of self-learn ing and group learn -
ing us ing eq. (5)
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where w is the in er tia weight, c1 – the self-learn ing fac -
tor, c2 – the group learn ing fac tor, and the range of val -
ues for c1 and c2 is (0, 2), r1 and r2 are  uni formly dis -
trib uted ran dom num bers within the in ter val of [0, 1].
Equa tion (5) is the core con tent of the PSO al go rithm.
All par ti cles it er ate ac cord ing to this equa tion un til the
op ti mal so lu tion is found.

Ac cord ing to eq. (5), to cal cu late the op ti mal so -
lu tion of the ob jec tive func tion us ing PSO, key pa ram -
e ters such as de ter min ing the ob jec tive func tion, set -
ting the ini tial po si tion, weight ing fac tors, and
learn ing fac tors need to be de ter mined. This ar ti cle
sets rel e vant pa ram e ters based on the char ac ter is tics of 
the en ergy spec trum sig nal ob tained from pulse neu -
tron gamma for ma tion el e ment log ging.

Set ob jec tive func tion

This ar ti cle con structs the ob jec tive op ti mi za -
tion func tion based on the ba sic prin ci ple of the least
squares method. Add con straints to en sure that the
yield x and fit ness of each el e ment are not neg a tive
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Set ini tial so lu tion

In pulsed neu tron gamma for ma tion el e ment
log ging, the gamma spec trum mea sured by the log -
ging tool is a multimodal curve. Based on this char ac -
ter is tic, this ar ti cle uses a set of Gaussi an dis tri bu tion
sig nals as the ini tial so lu tion. The dis tri bu tion func tion 
of the Gaussi an sig nal is
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where x is the chan nel ad dress (x = 1, 2,..., 200); A
Gaussi an sig nal has four peaks (a1, a2, a3, a4), and the
value of each peak is a ran dom num ber within the in -
ter val [0, 1], b1, b2, b3, b4 are the chan nel ad dresses of
the first peak, sec ond peak, third peak, and fourth
peak, d1, d2, d3, d4 are the stan dard de vi a tion of each
peak, tak ing ran dom in te ger within the in ter vals [10,
20].

When a1 = 0.3, a2 = 0.2, a3 = 0.2, a4 = 0.1, b1 =
30, b2 = 60, b3 = 100, b4 = 150, d1 = 10, d2 = 15, d3 = 15,
d4 = 10, the Gaussi an sig nal is shown in fig. 1.

In er tia weight fac tor

As w in creases, the search range of the al go rithm
ex pands, en hanc ing its global search abil ity, and
speed ing up con ver gence. How ever, the so lu tion ob -
tained may lack suf fi cient ac cu racy. When w is small,
the al go rithm's search range de creases, im prov ing the
ef fec tive ness of lo cal search and yield ing a more ac cu -
rate so lu tion. How ever, this also in creases the risk of
get ting trapped in lo cal extrema. At the ini tial stage of
in ver sion, due to the sig nif i cant dis tance be tween ran -
dom dis so ci a tion and the op ti mal so lu tion, par ti cles
should move at a higher ve loc ity to ap proach the op ti -
mal so lu tion faster; Af ter mul ti ple it er a tions, the po si -
tion of the par ti cles may have ap proached the op ti mal
so lu tion. At this stage, the par ti cles should move at a
re duced speed to ac cu rately search for the op ti mal so -
lu tion within the lo cal range. This ar ti cle pro poses a
for mula for cal cu lat ing a vari able in er tia weight fac tor, 
de signed to in crease the par ti cle's mo tion ve loc ity dur -
ing the ini tial stage of the pro cess and de crease it in the
later phase.

w w w w
t

T
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




max max min( )

2

(9)

where wmax (0.9) is the max i mum weight, wmin (0.4) is
the min i mum weight, t (1, 2,..., 50) is the cur rent num -
ber of it er a tions, and T (50) is the to tal num ber of it er a -
tions.

Learn ing fac tor

In the early stages of al go rithm com pu ta tion, par ti -
cles pri mar ily rely on self-learn ing due to their ran dom
ini tial po si tions, the no ta ble sep a ra tion be tween them,
and their long dis tance from the op ti mal so lu tion. Dur ing
the later stage of al go rithm com pu ta tion, as the PSO
search pro cess con tin ues, the global op ti mal so lu tion is
closer to the op ti mal so lu tion, en cour ag ing par ti cles to
group-learn ing [22-25]. The learn ing fac tor cal cu la tion
for mula used in this ar ti cle is as fol lows
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where c0 = 1.4962, which is the ini tial value of the
learn ing fac tor, cmax = 2, which is the max i mum value
of the learn ing fac tor, t – the cur rent num ber of times
the al go rithm has searched, and T – the to tal num ber of
times the al go rithm has searched. The value of the
self-learn ing fac tor (c1) grad u ally de creases from c0 to
0.9924, the value of the group learn ing fac tor (c2)
grad u ally in creases from c0 to 2. Fig ure 3 shows the
trend of changes in learn ing fac tors.

EL E MENT YIELD IN VER SION

Rock stan dard spec trum sim u la tion

In this ar ti cle, ex per i men tal data is ob tained
through for ward sim u la tion. The com po si tion ra tio of
rocks in the for ma tion is shown in tab. 1.

Cal cu late re sponse co ef fi cient

To ob tain the re sponse co ef fi cient (aij), it is nec -
es sary to sim u late the stan dard spec tra of the el e ments. 
Due to dif fer ent el e ments hav ing dif fer ent in elas tic
scat ter ing cross-sec tions and cap ture cross-sec tions,
el e ment yield in ver sion can be di vided into in elas tic
spec tra el e ment yield in ver sion and cap ture spec tra el -
e ment yield in ver sion. The to tal num ber of chan nels in
the en ergy spec tra sig nal is 200. Cal cu late the yield of
C, Al, Ca, Mg, O, and Si us ing gamma in elas tic spec -
tra; Cal cu late the yields of Al, Ca, Fe, K, Mg, Na, and
Si us ing gamma cap ture spec tra.
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Fig ure 1. Ini tial so lu tion sig nal

Fig ure 2. The trend of in er tia weight fac tor changes



Gamma in elas tic stan dard spec tra

When ob tain ing the stan dard spec tra through
nu mer i cal sim u la tion, due to the in elas tic scat ter ing
cross-sec tions of ox y gen be ing 0.510–28 m2, wa ter
can not be added to the well, and the for ma tion ma te rial 
can not be ox ides. The geo log i cal ma te rial can not be

car bon ate be cause the in elas tic scat ter ing cross-sec -
tion of car bon el e ment is 0.24510–28 m2 [20, 21]. The
set ting of for ma tion ma te ri als is shown in tab. 2.

Af ter ob tain ing the gamma stan dard spec tra
through sim u la tion, the in elas tic spec tra are sep a rated
us ing in elas tic gates and then pro cessed through
denoising, back ground re moval, and net spec tra cal -
cu la tion. The fi nal net spec tra of the el e ment stan dard
spec tra were ob tained, as shown in fig. 4.

      

Gamma cap ture stan dard spec tra

To ob tain el e ment cap ture spec tra through sim u -
la tion, it is nec es sary to en sure that the 14 MeV fast
neu trons are com pletely slowed down be fore cap ture
re ac tions oc cur be tween neu trons and the atomic nu -
clei that make up the for ma tion ma te rial el e ments. Due 
to hy dro gen be ing the stron gest neu tron mod er a tor,
pure wa ter is used as the wellbore ma te rial. Due to the
low ab sorp tion cross-sec tions of ox y gen and car bon
(with an ab sorp tion cross-sec tion of 0.2 microbar for
ox y gen and 3.3 microbar for car bon), the con tri bu tion
of ox y gen and car bon to the cap ture spec trum is neg li -
gi ble, so the for ma tion fill ing ma te rial is set as the ox -
ide or car bon ate of the tar get el e ment. The set ting of
for ma tion ma te ri als is shown in tab. 3.

Sim i lar to in elas tic spec tra, af ter ob tain ing the
for ma tion spec trum through sim u la tion, cap ture gates
are used to sep a rate the cap ture spec trum, fol lowed by a
se ries of pro cesses such as denoising, back ground sub -
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Fig ure 3. Trend of changes in learn ing fac tors;
(a) self-learn ing fac tor and (b) group learn ing fac tor

Ta ble 2. Sim u la tion con di tions for
in elas tic stan dard spec tra of el e ments

El e ment For ma tion
fill ing ma te rial

In elas tic
cross-sec tion

[10–28 m2]

Gamma
char ac ter is tic
en ergy [MeV]

C C22H46 0.245 4.43
O H2O 0.5 6.13, 3.8
Si Si 0.37 1.78
Ca Ca 0.1 3.73
Al Al 0.087 2.21
Mg Mg 0.485 1.36

Ta ble 1. Sim u lated lithological com po si tion and pro por tion [%]

Min eral
com po si tion Sand stone Mudstone Car bon ate

rocks Gneiss Granulite Plagioclase
am phi bo lite Mar ble Meta mor phic

mudstone
SiO2 72.63 60.63 6.49 65.63 66.89 49.72 8.09 63.22

Al2O3 10.91 16.35 1.14 14.84 14.47 13.72 0.96 16.11
Fe2O3 2.46 4.33 0.35 2.03 2.23 4.38 0.26 3.06
FeO 1.09 1.42 0.32 2.73 2.12 7.6 0.33 2.75
Mg 1.26 1.86 6.53 2.15 1.94 7.35 10.56 2.08
CaO 2.52 2.66 42.84 3.26 2.7 9.11 39.14 1.59
Na2O 1.41 0.8 0.1 3.64 3.19 2.48 0.11 1.3
K2O 2.4 3.45 0.34 2.87 2.88 1 0.23 3.9
H2O 2.56 4.56 0.74 1.34 1.88 2.1 1.02 3.26
CO2 1.72 2.15 40.45 0.31 0.38 0.4 38.72 1.02



trac tion, and net spec trum cal cu la tion to ob tain the el e -
ment stan dard cap ture spec trum, as shown in fig. 5.

In ver sion of el e ment yield for
in elas tic spec tra

In the in ver sion of yield of in elas tic el e ments,
this pa per uses sim u lated rock in elas tic spec tra as ex -

per i men tal data and cal cu lates re sponse co ef fi cients
us ing stan dard spec tra. Use the least squares method
and PSO al go rithm for el e ment yield in ver sion. In the
in ver sion pro cess of the PSO al go rithm, the ini tial ve -
loc ity and po si tion ma tri ces are both 6100, and the
Gaussi an sig nal shown in fig. 1 is used as the ini tial so -
lu tion. The ini tial value of ve loc ity is a ran dom value
be tween in ter vals (0, 1). The least squares method and  
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Fig ure 4. Stan dard in elas tic net spec trum



PSO al go rithm were used to in vert the el e ment yield of 
the in elas tic spec trum, and the in ver sion re sults are
shown in tabs. 4 and 5.

Ta ble 4 shows the re sults of el e ment yield in ver -
sion us ing the least squares method for in elas tic spec -
tra. The el e ments with a higher pro por tion in the rock
dur ing sim u la tion also have a higher yield in the in ver -
sion re sults. The yield of Si el e ment ob tained by in ver -
sion of gran ite, mudstone, gneiss, mudstone, sand -
stone, and plagioclase am phi bo lite is 24 %  -27 %, and 
the  yield  of  O  el e ment  is  22 % -29 %.  The  yield of O
in mar ble is 27 %, and the yield of Ca el e ment is 18 %.
The high est yield ing el e ments in car bon ate rocks are O 
(24 %) and Ca (24 %). The el e ment yields of var i ous
rocks are con sis tent with the el e ment ra tios set dur ing
for ward mod el ing. How ever, the yield of low-con tent
el e ments (Mg, Fe, etc.) in the rocks ob tained through
in ver sion is in con sis tent with the con tent ra tio set by
for ward sim u la tion. In di cat ing that the weighted least
squares method is in ac cu rate in in vert ing the yield of
el e ments with lower con tent.

Ta ble 5 shows the re sults of us ing the PSO al go -
rithm for yield in ver sion of in elas tic spec tral el e ments.
The ta ble in di cates that the el e ments with higher yields in 
meta mor phic rocks, meta mor phic mudstone, gneiss,
mudstone, sand stone, and plagioclase  am phi bo lite  are 
Si  (22 %~28 %)  and  O (24 %~30 %). El e ments with
higher yields are O (28 %) and Ca (18 %). The in ver sion
re sults of el e ments with high con tent in rocks closely re -
sem ble those ob tained us ing the least squares method, in -
di cat ing that the PSO al go rithm used in this pa per can ef -
fec tively be used for the in ver sion of in elas tic spec tra.

In ver sion of el e ment yield
for cap ture spec tra

The pro cess of cap tur ing spec tral el e ment yield
in ver sion is ba si cally the same as that of in elas tic spec -
tral el e ment yield in ver sion. How ever, in the in ver sion 
of el e ment cap ture spec tra, it is nec es sary to use cap -
ture stan dard spec tra to cal cu late the re sponse co ef fi -

cients of el e ments. The least squares method and PSO
al go rithm were used to in vert the el e ment yield of the
el e ment cap ture spec tra, and the in ver sion re sults are
shown in tabs. 6 and .

In the re sults of least squares in ver sion, the high -
est yield ing el e ment in meta mor phic rocks, meta mor -
phic mudstone, gneiss, mudstone, sand stone, and am -
phi bo lite is Si (25 %~30 %). The el e ment with the
high est  yield  in  mar ble  and  car bon ate  rocks is  Ca
(28 %, 30 %). The yields of iron el e ments in granulite,
meta mor phic mudstones, mudstones, gneiss, and
plagioclase  am phi boles  are  9 %,  14 %,  9  %,  12  %,
24 %. The yield of  K in meta mor phic mudstone and
gneiss is 16 %, and the yield of Al in plagioclase
hornblende is 16 %. The yield of these el e ments is con -
sis tent with the el e ment ra tios set in the for ward sim u -
la tion. How ever, the yield of Mg in mar ble is rel a tively 
small, which does not match the mag ne sium con tent
ra tio set dur ing the sim u la tion.

In the in ver sion re sults of the PSO al go rithm, Si is 
the most abun dant el e ment in meta mor phic rocks,
meta mor phic mudstones, gneiss, mudstones, gneiss,
sand stones, and plagioclase am phi boles, with a yield of
23 % to 30 %. The Ca is the most abun dant el e ment in
mar ble and car bon ate rocks, with a yield value of 28 %
to 30 %. The yield of iron and alu mi num el e ments is
con sis tent with the el e ment ra tio set when sim u lat ing
rock spec tra, in di cat ing that the PSO al go rithm can be
ef fec tively used for el e ment yield in ver sion of cap ture
spec tra. Com pared with the least squares method, the 
PSO al go rithm has a higher yield of Mg in rocks with
higher con tent, in di cat ing that the PSO method can ef -
fec tively im prove the rec og ni tion rate of Mg.

The re sults of in elas tic and cap ture spec tra in -
ver sion clearly dem on strate that the over all yield dis -
tri bu tion of each el e ment cor re sponds to the el e men tal
con tent in the rock, in di cat ing that the yield dis tri bu -
tion is fun da men tally rea son able. These find ings con -
firm that the PSO al go rithm dis cussed in this ar ti cle
can be ef fec tively ap plied for el e ment yield in ver sion
of in elas tic and cap ture spec tra.

CON CLU SION

To make the PSO al go rithm more suit able for in -
vert ing the en ergy spec trum data of pulse neu tron
gamma for ma tion el e ment log ging, this pa per pro -
poses a new for mula for cal cu lat ing in er tia weight,
which re duces the in er tia weight with in creas ing it er a -
tion times. Ad di tion ally, a new learn ing fac tor cal cu la -
tion func tion is in tro duced. As the search pro ceeds, the 
self-learn ing in flu ence of par ti cles grad u ally weak ens, 
while the group-learn ing in flu ence of par ti cles grad u -
ally in creases, ef fec tively im prov ing the con ver gence
speed of the al go rithm and the ac cu racy of the in ver -
sion re sults.
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Ta ble 3. Sim u la tion con di tions for
cap ture stan dard spec tra

El e ment
For ma tion

fill ing
ma te rial

In elas tic
cross-sec tion

[10–28 m2]

Gamma char ac ter is tic
en ergy [MeV]

H H2O 0.332 2.23

Si SiO2 0.16 3.54, 4.93, 6.38, 6.76,
7.19, 8.47

Ca CaCo3 0.43 1.94, 4.42, 6.42
Na Na2Co3 0.534 3.587, 3.981, 6.395
Fe Fe2O3 2.55 6.03,7.64
Al Al2O3 0.230 3.02, 4.16, 4.79, 7.72
Mg MgO 0.063 3.92
K K2Co3 2.10 2.02, 5.73, 7.76
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Fig ure 5. Stan dard cap ture net spec tra
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Bo SJE, Li|iao XANG, [angping SJE

ISTRA@IVAWE  POBOQ[ANOG  ALGORITMA  OPTIMIZACIJE  ROJA
^ESTICA  ZA  INVERZIJU  PRINOSA  ELEMENATA  U  PULSNOM

NEUTRONSKOM  GAMA  FORMIRAWU  ELEMENATA

Fizi~ki prob lem inverzije prinosa elemenata transformi{e se u matemati~ki prob lem 
re{avawa preodre|enih jedna~ina. Zatim se algoritam optimizacije roja ~estica koristi za
pronala`ewe optimalnog re{ewa sistema jedna~ina, kako bi se dobio prinos formacionih
elemenata. Tokom procesa inverzije, relevantni parametri kao {to su funkcija ciqa, te`inski
faktor inercije i faktor u~ewa dizajnirani su i optimizovani kako bi algoritam optimizacije
roja ~estica bio pogodniji za obradu signala gama spektra, izbegavaju}i probleme lokalnih
ekstrema tokom procesa optimizacije i poboq{avaju}i ta~nost inverzije prinosa elemenata.
Rezultati prora~una pokazuju da, u pore|ewu sa tradicionalnom metodom najmawih kvadrata,
algoritam optimizacije roja ~estica kori{}en u ovom radu mo`e efikasno invertovati sig nal
gama spektra sa vi{e pikova, sa visokom ta~no{}u inverzije i mo`e efikasno izra~unati prinos
elemenata u tragovima.

Kqu~ne re~i: neu tron-gama logovawe, el e ment formacije, gama spektar, inverzija prinosa
..........................elementa, optimizacija roja ~estica 


