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Magnetic inversion using deep neural network
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Abstract

Artificial intelligent is the latest approach to geophysical data inversion which is used to estimate
the size of anomaly and determine the depth and geometry of basement. In this method, the
relationship between the data and model space is determined by deep learning algorithms. To this
end, the learning network model is first designed and then trained. It should be noted that, a large
amount of synthetic data is needed to train the model. In the end, the trained model is used to
predict the real data. In this way, the deep neural network method was used to the inversion of
magnetic data. For the sake of the deep neural network (DNN) training, 200,000 synthetic data
were produced and then the DNN model was used to predict the depth of basement on a magnetic
data profile in the Bishop area. Meantime, the result was acceptable. To round of the discussion
in this article, the DNN model was used to predict the depth of sedimentary basin in the Central
Iran, which the results are correlated with the seismic interpretation.

Keywords: Artificial intelligence, magnetic inversion, deep neural network, basement depth
estimation.

doddo )
W3S slaans )3 egite Glaphy o8l 08 el (S 8 g (S atws 93 4 Gl | Silep)ly slaghs,
Olaie jleslatwl b Buas ab (gile awS 4l 5 G glapiy oSl 5l el a5 )18 Sbsl g w90
42 )90 SIS w8 (S5 eyl ale (agee g (Bolai sla> ol b (Bolad (gluainte sl 58! (s 9
ookl wojem 5 9,5s, oo Foaz b ssliiul Gus i Ky aile, J8las 4 gl s PSO w65

Sloslewl b s5lwgyg,ly sl il (paiz 95 a5 adl o 58955 slaosls (3luiyg)ly jo (egias o9

Particle Swarm Optimization '



1)

ool 1,5 63locsssls St Syt mile (6,50l 5OV YY) T ) S0n 5 55 -ansl 00 031 dnssd piile (g w50k
by ool iles 5 4 (sileigly sle el Sl 5 as zaog SialiEl sl 1) oedle S0k T ailes S
ety A5 o pmen (sl cyeble (6 ,aS0ly 3 (Ve VT) T am g iy comsd o solicial (gloogs ogiT s,
Sl gy 3 (VoVT) o 5es 5 sl 8l o (VY1) T l5en 5 95 ailod s 0,00 ooty e sloools 5o
Eyan Ghsn SuiSs o DNN Lailes S oolitl usblize slaosls s & s5leysly sl ONN) Grac
O Sl (VoVY) ) Sen 9 90 (g, 035 o0 )80 b 58 Sjso 1) (25,5 5 6395 Y G Bl &5 o
Siagi nl )3l 039 (pigmy 405> Bos it sl (VYY) (1Ko 5 Lislis 3L (g 9 sloogs (Jlogl 990>
e 9 )l Pl 00ls (e gran Joe (59, Tl by, cnl 39 o oaliiul (Y YY) ol e 5 Lislis b (b, 5|
el 0ol 00, )5 4y (a2l aBl) (35 0 Ol 5l 35w )0 40 (g, s> Bes (e Sl

G gy ¥

e a5 sl e 5 Sa csla el esloanlie ool 51 ooliial U oS5ty csloosls s3locls 5o
5 Joe sl el )b 1 cglosmline solo d ] o a5 0gd o aligs d=GM &jg0 4 00ls § Jow G alaly gl o
el oo sty =G ) oolizal b Je (slo ol sl S o Las po 03l (gl b1, Jue (gl oS el 28085 G
AU (S 58955 0310 g 1L, M, ey M (xlans 05 Joe 85 398 o0 (28 Bras (25 0b Sl eoliial b 55luiyg )l 5o
ol oS 1B 15 sols g Jow slad o bLs I b el 55 G ol @ cplplo sl oyiws o di, doy o, dp 1L
Sloolaiwl b Jow sl el )b 0gis o 00ls i Gann b x] 1o a5 el DNN Jae slo ol )b s Joleo U
Y Ld 39,9 Y cro b, aS canl g p He5uin D90 4 DNN Jow 6 lers .l so Cawss m=Gand
ordile 650l Joo Gam b slo el 5951 Coway (6l aiS ooy 8 0 oo el 5l oolinul L1y m (29,5
ki b g (gileaign slo ey (siluled Ll @Y o 50 ae,S slasi deaY slasi ()] 0 45 05d e ik
&b i ez 5l eolaiul b (S, 565 ool (gl slaws gl al o 50 098 co (b ol )b dn Gras 550l [0 aigh
bline Sl g 0ol iod @3B slojgiiin 4 (s 00l s O9di o0 W95 (g 5 (Bolal Djgo 4 (owsS
(G U2) 08 aalone (1490) S Jposd 3l il b piie 5o 550 45 call oblise (500055 L boasy
sasd y3gel Jaw 5l 3T Al e 10 09 o soliul oo (>1,b DNN Jow (ijeel sl bosls ol 5l pgo al> 0 yo
Dgib g0 ooliiuwl o 0,lg A ybigel al B j0 a8 slools b xbly ools o i (gl 0o

Depth

Depth [km]

(<)

—40 =30 =20 =10 0 10 20 30 40
Distance [km]

(sfgan Joo odg 5l sliges (o (VYY) ), Ken g Lidlis 8L 51 a8 3 1 (50,8 edls cuils bl 5 gom VIO Jow (1) S
ALY pblie 5230955 b 62T S5y b s S 5 (eubliie (5230055 (9 S S, L Sl
DNN Jow jl eolw! b g5Lw 49519 ¥
Slics Jawodls @
Gl 3930 ] cmabline 0018 g Goe Dledlbl a4 a5 b .ogi o ooliiwl 4 (jgel al)d 1o ool (ol 5l

Wuetal. '
Vitale et al. ™

Huetal. ¥
Deep Neural Network °



ay

Srdgoe> b aml )0 JeghS Ar Job @ 0sls cl (69,0 Judgn o 0gdon oslitul o 5l (2l esls plgie @
(Y Jg.,.u) Sl 00 uL?L..:‘ DNN J..\.o (5’['1))‘ (_g‘).v o/Y Guu.lol...r.a

i Sis T o5 (G iy Joko DLl Y S

OIS p oebliie 033(g (Jos (pasbliss (s pdi3g3(c

b g ) oot QL g 59,0 (BS99 el @
(ol 00 s s 5 il o Sie L

HSlgosls e
Alas cpl jo sl oads adlllas 5,505, slaosls 5l oolawl L (YY) o) Ken ¢ (J 50 Lawgs (655 10 o5l 059>
omablioe 00ls a8 o jgue ax | waBl jlas cunl ool et o gim— 5,0 el Ll jo (lo; ) adade S
(Vb 308 wisle Jols adade cpl gwlid sy Sl 5lcal oo zlZeul ol pl o plsa wablise ools 51 Ldg  (pl
YL Gos I o)l pwodblise Cowols pwgll Y Lpas a5 conl gl Solsdy auY g (8l 30,8 aijlas (od Wil
Pgh a3 a3 bl Ji S lye & Wl oo Y

Lower Red evaporite diapirs at surface

1
I
1

!

Koushk-Nousrat ||,

Offset normal fault 2km

. Post-unconformity Upper
A |:| Eocene volcanics - Lower Red Fm. - Qom Fm. :l Upper Red Fm. Red Fm and Plio-Pleistocene

. . , y : . : . .
300.0 (=)
(2000 :
100.0 / k

1 1 1 1 1 1 1 1
A 10 20 30 20 50 50 70 &3

Distance (km)
mbliis 0015 (0 e urboliie 0315 o3ame 308 e bas (Vo 1¥) Kan 5 Jy50 alie ;5 oids o shos alaie (Gl ¥ JSC&
Lol 8 plse uabolise ools 5l oads Zly5eiul) Ldgy cnl 59,5

0dld dcgozo CSlw @
comabline Gl il iz )0 a0 cwedblise o b segian Jow jl5a Voo (a8l ools g Clinn Jaw slaools 4y azg b
ot D9 oo oolitul Al bjgel (gl osls pl o asle ST oy jo o[+ ¥ casblioe (6 pduogs g ax,0 4
el gl S ALY 5l oads adgy Jow

DNN Jaw el o
b olen Y VL asiis b o)lg Sl 4 Jaw g ools (s das e Sl 50,5 oy (gl eals ades slaosls
00ls o yd Vo 5o 0 g0l (EPOChS) 0,90 1O+ L aSits yuiomad .l 0,5 Voo Jolis oyl 0¥ jo 45 oo
ol ool Al F S 0 o] (o jlael g a4l bge] 8 Ll sud eolaiwl (Validation)  owew,liel sl
oo oolitwl oo Ges a1 oaid 0)ly iw,liel g bjgal o aS glesls JIDNN Jow iole;l &y
ol 00 3,91 DNN Jow bawg 095 <o b coias Jow Gos (o F JS8) Cal



ay

3001 RN —— Simulation
\
--+ Prediction

Training loss
——— Validation loss

10

Mean Squared Error

Depth [km]

SO

o 20 40 60 80 100 120 140 12
Epochs -40 -30 -20 -10 0 10 20 30 40

Distance [km]
Pl je,8 s DNN Joe gt mli 5l slages (o (EpOChS) o5 gl osls oxw jlael g u’b)‘yT cds (@l F S
Eras Jao Bae (St oz b3 wmoce Gli |y oad (i Joe eebliie Bl (e B3 o (Goie 5 (ostan Joo (qurbline
ol 00 i et 8 5y7) )

6:5‘5 oold 9 ul.w.u oold GJL”OS)‘S CJL»J L4

0 gy el (@l 0 S8) Cenl oo g i olian 00l Bas ol 0ayd u’:’}e"’i DNN Jow 5l eolazal b
ol ol ools lid 0 s jo (Blg ools ool sy Bes Cewl Budaie oS sl L pgias Jow Ges b
SO G CiS 5 e 0318 CudS g iz ) 4295 b Lol cs i Dol o)) ee i il b o s

KN QT Gloyy) yumnndi b WL;A b.»lw AW

50 4 formmmmesd > —— Simulation 00 —— Simulation
i --=- Prediction --- Prediction
40
101 @ln| 7 -
12 T T T T T T 12
-40 -30 =20 -10 0 10 20 30 40 —40 -30 -20 -10 0 10 20 30 40
Distance [km] Distance [km]

w0sls gunblize 3l 50,8 Jiovie o 28lg ool Jids (& plicg ools Judg u (I DNN 3l oolatul b Joo Gos sim i gl O S5
5.3)5(JIJS.L)o)sc}mJué«csi&.oQ_,?.la>‘wmsootul)oﬁwMJMMt@;I(QﬁL})&TW
el 00 (e (B 5 (5,

&L

Ashena, Z., Kabirzadeh, H., Kim, J.W., Wang, X. and Ali, M., 2023. A Novel 2.5 D Deep Network
Inversion of Gravity Anomalies to Estimate Basement Topography. SPE Reservoir Evaluation &
Engineering, 26(04), pp.1484-1497.

Blakely, R. J. 1995. Potential Theory in Gravity and Magnetic Applications. Cambridge, UK: Cambridge
University Press. https://doi.org/10.1017/CB0O9780511549816.

Hu, Z., Liu, S., Hu, X., Fu, L., Qu, J.,, Wang, H. and Chen, Q., 2021. Inversion of magnetic data using deep
neural networks. Physics of the Earth and Planetary Interiors, 311, p.106653.

Morley, C.K., Waples, D.W., Boonyasaknanon, P., Julapour, A. and Loviruchsutee, P., 2013. The origin of
separate oil and gas accumulations in adjacent anticlines in Central Iran. Marine and petroleum
geology, 44, pp.96-111.

Vitale, A., Gabbriellini, G. and Fedi, M., 2023. Deep learning to estimate the basement depth by gravity
data using a feedforward neural network. Geophysics, 88(3), pp.G95-G103.

Wu, G., Wei, Y., Dong, S., Zhang, T., Yang, C., Qin, L. and Guan, Q., 2023. Improved Gravity Inversion
Method Based on Deep Learning with Physical Constraint and Its Application to the Airborne Gravity
Data in East Antarctica. Remote Sensing, 15(20), p.4933.



