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Summary

Determining the geometry and depth of sedimentary basins is a fundamental objective in geophysical exploration,
particularly in regions with hydrocarbon potential. Magnetic methods are commonly applied for this purpose when
sufficient magnetic contrast exists between the basement rocks and the overlying sedimentary sequences. The inversion of
magnetic data, however, is inherently nonlinear and ill-posed, and conventional inversion approaches generally rely on
iterative optimization schemes combined with regularization strategies to obtain stable solutions. While these methods have
been successfully applied in numerous studies, their performance may depend on factors such as the choice of initial
models, regularization parameters, and computational cost, especially in regional-scale applications. In recent years, data-
driven techniques based on machine learning have been increasingly explored as complementary tools for addressing
inverse problems in geophysics. Within this context, the present study examines the applicability of deep neural networks
(DNNs) for the inversion of airborne magnetic data, with the aim of estimating the depth of the magnetic basement in the
Rig-e Jen sedimentary basin, Central Iran.

Due to the limited availability of dense, labeled field data suitable for supervised learning, a large and diverse synthetic
dataset was generated to train the neural network. The subsurface was represented by a simplified two-layer model
consisting of a non-magnetic sedimentary cover overlying a magnetic basement. The basement surface geometry was
constructed using ensembles of rectangular prisms with laterally varying depths designed to reflect geologically plausible
scenarios. The lower boundary of the model was fixed at a depth of 25 km, while the average basement depth was randomly
varied between 3 and 15 km. Magnetic responses were calculated along profiles 80 km in length with a sampling interval
of 1 km, using the analytical formulation of Rao and Babu (1991). A constant magnetic susceptibility value of 0.034 SI was
assumed for the basement, along with fixed geomagnetic field parameters. In total, 100,000 paired synthetic models and
corresponding magnetic anomalies were generated efficiently to form the training dataset.

A fully connected multilayer perceptron (MLP) architecture was employed to approximate the nonlinear mapping between
magnetic anomalies and basement depth. The network consisted of three hidden layers with 215 neurons each and utilized
the GELU activation function. A normal initialization was applied to the network weights, and dropout layers were included
to mitigate overfitting. Training was carried out using the AdamW optimization algorithm with a mean squared error loss
function. The dataset was divided into training, validation, and independent test subsets to enable an objective evaluation
of model performance. Tests conducted on synthetic data indicate that the trained network is capable of reproducing the
general characteristics of basement topography. Additional experiments incorporating Gaussian noise with an amplitude of
10% demonstrate that the model maintains a reasonable level of stability under noisy conditions.

Following validation on synthetic datasets, the trained DNN was applied to airborne magnetic data from the Rig-e Jen
region. A network of eight intersecting profiles, oriented along NE-SW and NW-SE directions, was designed to facilitate
consistency checks at profile intersections. The estimated basement depths range approximately from 5 to 14 km, with
greater depths predominantly observed in the northwestern part of the basin. Differences in predicted depths at profile
intersection points average about 400 m, which is small relative to the overall basin thickness and suggests an acceptable
level of internal consistency.

To evaluate uncertainty associated with physical assumptions, a sensitivity analysis was performed by varying the basement
magnetic susceptibility within a realistic range (0.028—0.040 SI) while keeping the basement geometry fixed. The resulting
variations in predicted basement depth were quantified using the standard deviation, providing an estimate of uncertainty
linked to susceptibility heterogeneity. The mean standard deviation of the estimated depth was about 126 m, with a
maximum of 417 m in deeper parts of the basin. The results indicate that susceptibility variations influence depth estimates,
although the predicted basement geometry remains relatively stable over most parts of the study area.

In summary, this study demonstrates that deep neural networks can serve as a complementary, data-driven approach for the
inversion of airborne magnetic data in sedimentary basins characterized by thick sedimentary cover. The proposed
methodology offers a computationally efficient framework for estimating basement depth once the model is trained, while
producing results that are consistent with regional geological constraints. The approach is particularly suitable for regional-
scale investigations in data-limited settings and may be further refined through the incorporation of additional physical
parameters or integration with independent geophysical datasets.

Keywords: Deep Neural Network, Magnetic Basement, Magnetic Data Inversion.

Cite this article: Mousapour Yasoori, M., Motavalli-Anbaran, S. H., & Parnian-Khoy, H. (2026). Basement Depth Estimation from
Airborne Magnetic Data in the Rig-e Jen Sedimentary Basin Using Deep Neural Networks. Journal of the Earth and
Space Physics, 52(2), 241-257. DOL: http//doi.org/10.22059/jesphys.2026.409679.1007751

E-mail: (1) mousapour@ut.ac.ir | h.oseinparnian@ut.ac.ir

© Authors Retain the Copyright and Full Publishing Rights.
Publisher: University of Tehran Press. Print ISSN:
DOI: http//doi.org/10.22059/jesphys.2026.409679.1007751 Online ISSN:



mailto:mousapour@ut.ac.ir
mailto:h.oseinparnian@ut.ac.ir
https://jesphys.ut.ac.ir/article_107713.html
https://creativecommons.org/licenses/by-nc/4.0/
mailto:motavalli@ut.ac.ir
mailto:motavalli@ut.ac.ir
https://orcid.org/0000-0001-5276-6591
https://orcid.org/0000-0003-0340-5209
https://orcid.org/0009-0006-9138-9470

Lad 9 ymo) &0 38 ﬁ’

http://jesphys.ut.ac.ir :alxe & ! SWis

YAY —YF\ Gt VF o8 Okl o 0 lad BY 0,9

o:Lé.:.ngQ.g-‘S/w ey 09> 35 3 ple ublin o:|:j|f...a,s§:..«g§.w&,dd
Geod (s LSS

Yo s . =R . ! ;
S oWy o | glmis Jgie (S | (5 9wl ya1 owge (Alaao
Ol el eyl oS (S5 5B 55 dummbo ¢y S 348 04,5
motavalli@ut.ac.ir ;) gimwo dxum g5 4obll,

(VE- OISV copT Lazsl V¥ 0/F/2 5 ol (bl VERBIYIYY 16, S55L VEAE/V /YN sy o)

0 S

5 st s Kt 3o 315 ssliinds Splgh ol sloodls oS i (s3laiply sl Bras (s A5 Jao Sy cpts (ol
5 Soi legerme Ll bz p (Bl Glaodls 395 & i b Ad 485 54 5 drwgi Glul Sh neS 2 Bly (2 29wy 40>
A b Vs oyt y a5 Ab W8 gyt dliue o o g oS dolad gla e jl eolatul b egias slaodlsy I ggiie
o g (omublite gl Jlogil o CuilSs oy oasd gbjgel Jho b 0313 ybjgel aodls cpl il edlitul b Yy 3 (19590 VIO 5 lois Y
Cudr p Jdo Jlasl gl ol glis 1y Jae Ja8 BB (6)lul (390 b ol pad (ooiuan (sboodly (595 (ol 2js0ly Collas s by pns K
G5l 2,8 350 dde> (yfJled (50 0 Gas st b g yeghS VF LD 0l 5 |y jua S os (o Sy dilale ) ablite Jidg
o 3505 wb Iy Je 3 Slos ¢ unblize glaodly 1S 465 L OT Bl g (o ¥ov i OB (1 Ske) b b9y dbolis blas jo gubs
L eros (ras &Sud e 3,509, &5 Wnd oo (i adlllan (l 355" (g ) (uablide (6 93 Syt 4 @l Cupilus 55 Cuslabpas

coabolize (slaodls (g3l o)l cBros uas aSd ( mblite jiun K 1 hdS” slael g

Asdds L)
il e alis > 3,005 5 s el 5l Slse] s 934 NS ysba 3855 cileds,ls sla i)
@IS Glaans (b5 Kb el ot b 5 o
Al ann g Jils ol Jo s o se (slapz ) S
b Ous mb GleainS pme S o s,

S 3k s s genesls glas S5 ol gladl s
Floo b agzlpe sln L 55, Olsen oble
ol s E 5w g sy S3ds5 G5Ol
b e by o i (gl Calitee Olalllas j3 s S,

Lfr-haﬂﬂj LgUbj’wa.v: 9 okdodalin claesls Ol odomy

Sl L;u‘.;,_);n oeoeen 5 (Olizke I oslizl
SH S5 S Sl el

dw J‘)jTﬂ LY u‘jk}" L«JT L;L&bfu\; )‘ u\a“ﬁé) JKQ Partlcle Swarm ) PSO C)‘)J C‘;-J)‘ 9 Q\ie-)}ﬁ

IS 5 Gee e loss slagoba g Sl
Sl s 5 sy GBaS e 3 S

35 0,0 5h e s e (Sl
NS b s SbSs s sy ol o
Obs oosits o o 8 (djseT (glaesls
05507 oo b 5 (5la eyl 5 Joedlty Olekn (slaesls

bl = Sl o528 ,sba  (Optimization
P TE R BRE R E P g QI S RS WNPSIP
Wil b ool 11 S5 b6 ol (30bxte lalllns
Jeeily Olin laesls Obe dlasly (oot 2 ol Jdoe
Stk Y gans bl g (510 ¢ udan 15 (sla el 5

4 Ll o 5Ol Al Bz 53 5 Sl )l ganl

bl b > ) (w055 )3 dplen uubline 0303 |y Kt Bos (155 (M 0) s (g5 Glip 5 Sladew o)l yie Jsio ¢ lans ¢ 5 el jo wgo :dliw]

Iy olSuily @l L] duwle 2yl

o

h.oseinparnian@ut.ac.ir | mousapour@ut.ac.ir () :aobbL],

DOI: http//doi.org/10.22059/jesphys.2026.409679.1007751



mailto:mousapour@ut.ac.ir
mailto:h.oseinparnian@ut.ac.ir
https://jesphys.ut.ac.ir/article_107713.html
https://creativecommons.org/licenses/by-nc/4.0/
mailto:motavalli@ut.ac.ir
mailto:motavalli@ut.ac.ir

YEY Ol)K»Ajs)yb.)xw}»/...d}“)o)y):aﬁ\jﬁwbw.eub}\)s_.q&MMM

03 2y s o Culs Ol pl g LGl il
(4 503 O fios Sy 0 a AS (ki 4y (3b e 51 (65l
YY) OLSan 5 5) 2 shS70 5 1 53 Sl sy Gas
255 QOO OLpp 5 Ol ) feshS Ve s oS
wo o (188 OLes 5 05uSs) eskS 0 55
wom (Vo8 OLers Jy50) ST (5 s
PRETN P I LR S P
L) Cwbes )l ok E1S (Y0 F O,
oS 3os 3,81 531y ot 1S glaesls I
Slojfsla bgy 5l eslinal 535l go aorlgn s gdona b
o)lgon (gladkie la pmlis 53 YU glaas ja s 53
3plen gabliae glaosls cy0pl 3. J:_J\idlgal
sos oble adllas ol TS (golnl Olgea

Wy Glo s s Caanl o gy Slaas 5
3 G o SaS 5 S0 b tass ol )
dilte )3 gge) 4bg e cgmblie laasls
A3 g 30sm Ol S5 S ) el ROy
s S P L (3l 3 S5 55 ¢ shiacp ol 43 8
Sy p 1l (YY) 0L 5 LaT Lw s odsasl
SO asls S o g 5 0 gL, (8 s Slresls
S a peK, aibie ablie ly glaosls

RO PR

RS TR

5 awdin 5,57 5 alea 1S58 85 30ty Bl
Jdsa (pabliae glaesls lul 5 2 Ko Gos
Gadaze gl Wl Lo el g b e Coale
@3date (b Gladie ST sba thzas 59,
LS W55k 1y SLSS edbodalin glagal Ll o
6o eyl 5 (glotalive (glaosls o alasly (Y0 VA (aSCie)
250l 5 Losen OlF o ek 5 e

dobs = F(m) )
m codbodaliv owblie glaesls Hls 5 doy oT 45 &8
w‘j)ﬂjin)&bﬂ)dJﬁéhﬁnbli)bj

S Slee o 8 e o 55lelsls Al Coda

5 SOl e 0 o Dok (S S
Sl elsl 2,557 OBl KNS ota b i 5
NI OLs 5 55 i ga Sl 3580 @bl 3 Jole
Sl 5 s sds dse Sl ol S50
L5 S eslimal 18 (slaosls 53 (g5ludrs,ls sla zelyl
) ordle 5,55k slas Sp, (T2YF) 0,8%s 5 Jlus
Ol sWosls 51 oswy sbad o Ges 35350 5 sl
5 (YY) OLen 5 o8 (opimen i § 84 Juuily
s el & Wals Ol (YY) o, Kan 5 LT
¢!y 53 ¢,y (Deep Neural Network) DNN s
S Gosba thzan iy Glaesls s 8 g5leds)ls
2290 5 Gleag sllmia g s kS p (Jl
Ll o35y S pamn ey B4 5 Gas 3,51
Oty Gras e S e b S,
b L ks e el KIS Gla b,
Soluplaie gla byl (ss (B5 5 ady) Jde Sl
Glaosls S Uit 1) osSan alSS 1y5 6,1
15 on iy ol bz K5 31,8 a3l (o255 T
5 5 o Lol st d e 5y Slales 4y e alS 4
Slesls (§3Luirs)ls aSs 55 90T 5l s oS a5 S
SIS sl B, b amlie 53 i oy b L
bt ol e pe il b o058 o plandl ST
Gloesls S1 .l atnly 55507 Gloosls & Jas 53
aibate 2ly Lol 5 0 jme 5 g st (SIS 03Il (5 5eT
4 et QU5 5 edd B3l ke Sl S sl
Sl i (Cpizman JBS o S ) i slaesls
S 5l s gl & Coulo =l s
O 5 ) dmes bas S, opl sla
AYeYy

2GS B gy s o Ges g dwdis S L
Wl op S ook GlasST| s o5 94 ¢ BLaST| Silallas
ombliae glaosls I meweKin Gas 5,57, A4S s
S 5 23T S o el OISl e
3039 VL (g pd ublan Gl o9y Slsw, @

Ssrs Slswy 0903 5 JE (bl sladsly



VEL B Olegli of oyled AY 093 cLid g ey S b Yes

Slosls Sl Slassame 53 i S (S
o gl 4wl las I 2 (e sian
S Gas 3,51, OGS A e sl
SOl ol Aol b .;)'stnv.alfé Iy obliae
33 Gk e Sl e wblie bl
Gl sean Glesls Wy el Lol (8
ssbe Ao Aly glaesls ot s S

() JK2)

s £031348 gazme U 5 V-
5 S iy b olscs (Al slaesls 355 Jse
g 5 5 55 o sumn s34 sarma S ¢ IS § 43
Gladde daly ol )3 b ady Kb 25T el
A Ol glaaadin b e s s
Ol 2 03 3uken 31 paden 13 bl ¢ foiome nlid a5
Lo pla eyl Lk sl (Bolal D) son 5 555 0
L5 ool aliy ly slacjl ) s dwkia 5 o
b5 (Kee Sl 1 gles 28 b b

358 (8l

sl al=y0
ke slvosls ugi g Lol bl

‘oeols audgi
P Siw 030> audgi e
Gasbliso 5l alne o

‘pgd al=,0

Sosls 5l M obaw s Jde 5,57 5 5 bteas F71
1wl ol odalie

m~F"d,) v
S Y same 1y alis ol 5le0r gl KNS sla B s,
lapite 358 Jleel b ol on (65155 (il G2 b
B 5 gl Coale Hse dlpl LS e J
5 g ad sl Jde bl g S BT 395l caliens
G Sl Sen g oy ples Slapkite sla sl
53 (18 (S dipd | San o glaaiaS
250 Ol5sds Gras gmas SASSE ] gladla
T Fh e sSne Slos edis o 5 (51 5 gomsesls
lesls Ole s e s S gysba leds
Wcqu&bxjdhsuﬂbg)eMaﬁm
ssdige o3ls iiaal edd S b Sl
XY OS5 wlals)

s Qofmn Solene Sl Rash ol 2
Olgeas (Multi-Layer Perceptron) MLP 4.
oSae Rles Gl el B K

LS ol Sl ods oslimul  wbline alives

isilwde o el
uablise ‘_5)534395- .

Luak g

Jao bl g Glsjgal

Guac aSud Jas Ghjgel g silweslel o
o shigal Jao 0,5 g (pljyl

Py al=s0

=81y 0315 (i
835 hjgel uas aSud Jdo jl eslaiwl b

(DNN) (s Wi Ag..\i U;-’-) LY m}aw L;Lha.)‘.) LS)LVJ;)_;)‘J rl;u‘ J;-‘jn )‘ L}'»’-L“ A JS.::



LR ON)San 5 Sy smly 533 o 38 [ een (93003 0337 33 3 )38 Lpeoliie 0313 ) iy Kb Ga8 (a6

(Iabel) o Ol 5o Kt gy oo 5 (53323 Ol 504

2 T s s S 30T
L A5 osae odls G Sl Ve g ez 3
S50 » 4a33 V0 syl S 3 6T sl p S
L Intel Core i5 otijls, L aad «lly &K
ol RAM sl o USS A 5 55 a8 ¥/) it 8

A

S & plans o g i) seT Y-

S Olsen Sash ol 03 G es S
las 4 o3ls las 5l sl gl s b ol ey B
S 5 Doty B ol s 8 Sy e
::}Jasa

m™" = Fp(d™";0) ()
s Sl Lo g edblunsly wl Fy 0T 53
Jols s 550 T LB sl )l sacseme ©
ol gl Al St 35507 Coda ol a bl 5 b0
S bl o5 G ke 2
bl (gl Jbo T o Lol Wil g & ol (gl05 S,
g GBS 5ot s s S s

baVobor 5 iy 05 e 4555 G ke al 61
23 8 515 eslizal 5y Jeate SlS” Olg Y i
S5 2 0L @b ileaaS b b le il
$lapzs S 5l S by BT ealsas samms
Al 0L 31 e ke o OIS 5 s (g5 ldige
031348 gozma (S5, p 4 5 Shas L3l s BT
Shes & Olsiea otys 35507 Jo ¢ Jizn O30T
Slaosls (> o ul s ol 4:.9)? S ot J}gu
Jlost 2 63555 & bonis dops S50 55 55
Mz 02 Mg Bl o dia 5 0l
e

mpred = FDNN (dobs ; ®) (f)

Y G ol a5 Lo (g 5lud e ) 5
i as S s ol 53 e oY G5 VL )
S i A 55 cmbline ool BB gy 4 Y
e QLSS b b Jodats (gl e 51 (las gazmn &
3 FeSin o b ble Jue (VL 50 (Y JSK8) s
S Gy o5 (6 e shST YO S Gas 53 OT (sl 5 e
Uoas esls o Bolad Ojswa e oYL
bl L S ab (slas )l sanl

ol O el b e gladie gl
L oedl danw s (YY) OSn 5 1aT L g sdiasll
Je gwdin Hlle 5 b elyl auls oS Gsles ol
ﬁ);.mﬁmw&A;)}swéh;})me
D)ty ot s Lo i e 10 (5wt 3l
e Ao 3l e SN0 LW o3l s ol
ol (Oosline Cumdse 5 andn b gola g ok
Jloel s e (S35 p ¢ itn L1 5 Lgy I b
o3l 3l 5 T cwtin gla Sy 5 5liw 8 A o
b h S 3L D gy ok ey

A" Bl pblan s M (8 e Ja 2 61,
Avosls fdg, adsb b acnlow g, i galian >
oS A 4 S 18 S s s kS
gl @l otalin L& 3 pblin jely 5 b oo
(iledde cpl 53 dd anloe Jdotes a7 0 53
So meblie Ol il iz yn el peblie Joe
Jslee K mbliin (5 pdis g ldie 5 ax s
L omcblite gonly a3 (53 STl 55 +/0 1
28 8 ploil (1891) sl 5 15 sk a3 51 o3lizel
&1 (1450) SIJ6 5 (VAVE) Co by sla gy ablanm 55
o33k Ol 5 ol bl Olutis (Sbmas (¢ 5L ute
Shr oS S Gk ) el edomy ol
@ools 48 gome (S S o @B 1 sk
bl JusT s {7 s



VEe0 Olial oY oylad BY o)}:‘w}w}sﬁlﬂ Yfs

Forward Model Schematic

-5

10 -

Depth (km)

—-15

—-20

25 -

MAGHNETIC ROCKS

* Observation points

1 1 1 T
50 &0 70 8O

X direction (km)

c]d...« S92 (f}LuJ)oMLLALUU Qﬁé}ﬁj})&ﬁ dh&wéu Y‘}g.i

350 0L mb L ey byl 5 ae oSile
23 Sget (MSE) s Sl e ke coslinal

2
L,,(0)= % Sl -F@ro))
i=1 2

WJbo o bl dly i om0 4 S
N 5 S b g ols g i ,ldie Fpo o (d750)
osba Lesls Ll oslsas gazes 53 agad S sl
05051 5 Q07 (i slast 5 00T idu 55 4 (Solas
BN S LS P RN e VAR
esliel 5 S5l lhassazme pj eVt w8 o
Yoo S lde o PY s o3Il b de 55 50T i oSS
St a3 S e sl 288 bl o)
03 S ysba (s eslaal cli;a:}j by sl
RIFISTIRE db@w)l,:&hglké-.s%r.\.cajy
Lo 0,05 g SOGs 5 gt 5 seT Aul b
@ Ken (aalzel 5 el sles a8 Wy,
das e Ol 1y 6,8k Wb T 5 Il

(S
350 Jies 05057 edlsas geze 655 p 2l$ o
FUSE s ol b 5l 6sm 53 .28 8 15 b))
adl g Jde 0358 o0 0dalin &S ) bilan .ol ol 431 |
3115 [P G P TR PR SEC SO PR [ VP
Root ) RMSE s Slay o Kike 4y, Jldie .S

b gai ol 53 sweblize Jb 6T (Mean Square Error

(S50 sols SIS slaiay OV 03,8555
o0t Shes Dlizia dlos (s3de Syl S 4 (55U
Ol 5 5,10 (65ludnsls ol (aws o L
S o o2l 5 i ot s 3 e 3557
Colr el L pes S8 gSleesly
gl Keras ‘_g\!lecla.» s~ $4al » Ll y 5 TensorFlow
Moo S lare (YN0 OLSKn 5 SIpl) Ls
¢ omabliie (glaosls ls  slal b colize (635,55 4Y &
s Y a3 058 MO L e SUE Olgy Y wn
ey e gl b bl s 5 oY S
*3,l4ae He Normal iy, U alsl bOjy o
sba¥ s s bis 5l Al B g,luL b Ll
Jse 8 ab eslinel GELU (55ledls b 1 Olgy
b Groe St o] Son OT o b 5 )l pes ol
Gl omomen (Y18 oS 5 oS5 yi8) A8 o fped
"/ ¢\ Dropout glaa¥ 351t 5 S oo
OLen 5 skl ) As Jlasl Olgy oY 2 51
V¥

23 5 el AdamW o 5 5831 31 e3lizl L oS 35 50T
Hls g e K8 L Adam I glaxw 5 Ol iew o
St 35 o m OLLE Glayiasn 5105
AN E5 (YWY G 5 Bt ) 558 0 Je
A OBl T X 1075 05 ably o b s /00 ) adyl
b a5 5 6205 slesls (wales (25T I i
shls b xud g5lwdl ;5 StandardScaler 1 esla



121% O YSan 58y gily 539 g 98 e (23003 8337 33 3 ol g uaolihs 0313 31 s K Gob o

lallast a S1.0 JK8) di gy p 3den 35 50T Oes
Slaesl 2l 9V/V7 50 /VA L L, RMSE) sl 2l 53
bl Ll (e VIF G OAY sods Gas s
S35k 5B L33 b lopas e eKin JI5 55
J’.”}Jz|ﬁ):d..\.og7.mta‘5)|.b.lijlél>@t}&i‘..&.&

Ll

Goe e Hlme ) puil 5 DS SU VY 9 WYY O S
O o el Cwl e VPP e VO sgus
Coes a0 ¥ USKE 53 odbesjmadn 5 Al (sla e

ROWMPRINERRH
38 55 e ls Ll b 53 e (65l L5 )y
Je ngL.:«‘, AL 035 51 0903 (laesls 4 A aals b

Training and Validation Loss Curves

o )
5 =

e
3

Mean Squared Error (MSE)

Distance (km)

f}f}(;ﬁ)w?_-.]a})LSJ})}MLMJLA}JT/.&YLJ._{)Jﬁ}.}()_’Juj}méubb\bd_’)fDNNdeJﬂmﬂ_)‘d‘bwi‘}snz

(o 7o) e S 3535 b oaslin 53 (o) oS a8ly 318 50 5« anly o 3 sl ol 3l 0L (o] L) Jue

ol 0 53 gl o S SV 43S 53 LS 5U) blite JL ST RMSE e ol s oo 5

Distance (km)
53 ek il RMSE) Ua il 5l g ARV ul:l{wjlf}:_,jqu)ﬂdo}m slaesls L agrlse ;s DNN Ju 5 Shae 0 S

3!0< = Synthetic Dsts =~ Predicted
3004
g 20 e
PIIE S—— 2 S 7
150 =

Distance (km)



VEL B Ol o 0yled BY 093 cLiad g puay S b YEA

33l 53 SIS sladly 51 K 550 Ol o]
3500 e Oyl (Saalus 55 JolSS

LS 33 Olbe G5 p Ol e lags o s
Loboe Jhi wu,kS ol 5 dol olass
Oddatg b L o gyor A0S 5 el Dby
st e sd (s coalr ) 0s eSS
oSl ol Jole Ol 5o O 2 &S 5k 2540 i 55
S rae) 35 gp 43 S 5 53 63 a0l 53 55 g
$y5 s 8 cde Wl e (YA 0K
P u‘r“f 3 S5 & (slab roll-back) ey,
5 Jos) el 035 bl LSl slawg psl
5 pie i £74)) OLSar 5 Jsys ¥ 08 0K
(YO O K

b Lo o g il 03 28 s LS e a3 ol anss 3
4 e S 255 PS5 0 0lnl oo AT Glp S
o B sl 53 05 54 oy SLEALT Gladsy oS anu 5
Foh OLSar 5 Slhee) Ao ss—ang,l oLSL
e 33 ol 5 (YA OLKes poie o
Gty 5 o SLitsT GaeSin j g 5 L6
Sisle 53 g i ojsel & Ld wig SaT
0488 OS5 3ly) wiS e Wyl ailate sebaws

anfllas 3y g0 adlaie  owlid oy ¥

Bl Wl T (0887 ot Sl 23w )3 01
odas ysboa DS wlie 53 OT (wlidope JolSS 50t
5 B ) e Sla o S J g iy 5 5B
0193 53 T 51 ol 21508 (slads 1o8 5 (i 55
o) QY (&S 5 Oy ol sy a5 50
LS Sl oty bl B odias L (o85S e
4 e S Sl et Glaesldl Olda
3 2LS b (slata Gl g b Caline oy 6,8 S
O S I I VCIN DTS FCH [N ¢
S5 o Ol G A e S5 ale I ol (65l aigy
5 Gl S IS8 4S5 55 o (Suliyans O SCo
(F JSK8) L yls gl (owlid e ) ammdes 50

Ao g elS  Fll s Ol Sl ay
(SEF 2w i 8 D38 5K TOL oS
s 03 8 pusalls 5 Sy OAs 1l S
ol K g 0 doen Ogaisy Lo S S slaeKen
Ol 53 YooV () dias o S5 1, adkise
23T Glaesg by S8 5 Ky ol o5
TR B G WOV P o 3,8

j\.(\i/\\ c&;;()\iﬂﬂ)@‘a\ﬁhd@jjjj)ﬁﬂ

42N30E-  Ponfides . 04k
v x

Anatolian
Block

Arabian
Plate

10
\

VRt

N ‘ Gos el [

T o 0ok
10NadE = Oophioités

[ il &' 10N/67]

ATV (53,5) dms oo 0L 1y (635 0 Ol slaaigs s 5 Ol pl ol (55l L (slangs o Ol o 5 Ol Solomion (85 a2 1 S



Y4 O )SKan 5 Sy 3mly 5 33 o038 [eun (3003 057 35 3 ) 38 i 0313 1 s K 308 (o6

Olyea cllodd oddy (3 Lile o g o SO
7Bl sh e B 8 53 ebliie s S
O e S o e cweS 5l S olses
St Oy Jyse) ssh e als 4
(ol S Gae 5 aekia 333 G ()
bl 00 ST B (ale ) Saesl e dle
SEST sl oy Jlo 5 48 bl szl
sblre slaosls ¢ Jal o o 53 a8 o Wl O
Ol ¢ (S35 Lol o T 51 (S Ol e
Opl g gt SR 25 et el 35T
ol @olgiy ey lus 5 LS e @l B 1) 65
a3 g Sy rasy

(S s b g3 rSs) adllas 5 s adkie
sl 53 65 e 0l ab s Jld 23w s éb
SFFS 5 Ss5 g Dy ba g bas 41
(e S YL Sl s 5 el sty
st 5 B Caalaipale L 0T 53 S i sl
(A ) (V08 ol 5 I 50) Sl ol jan

DNN Jus 31 o3liel b gadly slaosls & 3Lacrgyls . f
yycé&y}m‘f)u,@dwﬁ&?&)&#
)oﬁébxﬁ&gﬂgdﬁﬁouﬂ&@“%‘iﬁ
03 5dun 1.3 55 oo s guma Ol &5 55 5 S 51 idu
Oliows Ol 5 (b Ol 1g2) Olginol Olwl o 5 j0 53
03 g o gim 3 yls 4l 3 (4w 5 Oliaw GlaOln g 2)
555 68 JSLOT s 54555 JuS b andllans ) o
OF b OF o adbte oo & Olames Lol ol 3 gudoes
S i o, am s YEIVEYV/A 5 3,5 Jsb ax s

A J&Z) 3,0

ol el Al s oSl glac s Lials I e
Gy bl s s ods hlep s STYL jlos ladsly
b a3 5 e Ol gl 4 g 53 03 28 (6518 gy
PP Jals S o) SIS s oy
SaeSw (535 2 2V s L5l 5 0B Ljle o0
OLEer 5 (oole) b g o gl (o g ST
Ll 5l Jase & (JIg ol (v JSE) (YeY
&S das oo QLS 1) (Glo,B slalass 4 &Aprf ZIBE
Gl K g Olgisar |y gl SlaitsT glacKen

-\:L&ﬁg A.A]a...ah W ;vn-\.b‘ L'Ju)
2[5 AES g8 . . .
= e s R Lithostratigraphic unit
Holocene |
P
£
 [Preistocen Pliocene
o Conglomerates
Pliocene
o @
= =
ol o|g
Nl-—1o
o| °| 8| Miocene Upper Red Fm.
ol o
clc
ol o
<10
lo
Lower Red Fm.
e
@ .
2| eocene | EOCENE magmatic
3 rocks
o
Pre-Eocene rocks

S5 Ol adsm 8 Siom 5o Glaar K slad=l5 ¥ S
(YA Y ‘Qb&.a.hjf\(&)

wo g S 5 Olssa G e Olp) sy 4
olgen (S ayde il Jsa 58S oy

s pl 55 el o3y BLEST Sldlas 4 5350
Sy Jo 5 i o il Sl2asT (o



VEL B Oligli of oyled AY 093 cLid g ey SO b va

700000
53*

- Magnetic Rocks
- Pre-Eocene Rocks

53° 54 55
700000 800000
——— =
T e
.‘ -
. i e ) N v = &
B — o - _ 8 ‘*
et ... s 2
o“'°6 -
©

V€

800000
54°

Oligocene-Neogene
Sediments

Salt Diapir

S

e oS L (YT 0) 00 5 e 5 e S ) andllans ;o ailaie ulidpe) 2 A S0

hlize b Wl el o> b5 5aT 3 (sla Jds
GNP =l plas &5l b5, O la f39
Jte 6,884 S o oal 3 1y Slmamach szl
23 0T Gla g & Gadls g odyd 5500 i Sl sbmgs
dodin Sl s cpblize gls Jbs GlSs 6
TG B I N RS J Y P N
Jde slwl o5l o0 uﬁu Sdraw oS Je S dnn g
S (Fgan Slaosls 48 samn A5 p s (Ghnian
o F B Sl wlis 5 ooy oleme (b 5
C5s b b ol olgiin 3,00, a8 I s el
5 o o3 5 2515 VL Glles G158 L6

a3 n Gyl K Hlitlo jl slezel L5

blian 5 bl G S e sk
Sl 4 oz 33 Jali &5l s (b s
CposrT0 Adll gkl 53 e n ssee
Jon A dsb el SR gl
L il sbddsy om dhob 5 kS A
omblie glaosls i w55 L 3 el Y-
)l O) 3 g eblie (slaosls i eslizal 5 s
(b lian (slaosls 487l S50 p5Y (4 JS8) Lo
Slles (moe SE Jle 4 Jlasl 31 i 3 lee

.Llstz (Reduction to Pole) RTP ks 4, 0ls §

il 5 Gan93 S3l0ssls sl DNN Jus ax 5



Yy O )San 5 Sy 3mly 3 33 o038 [enn (3003 0 57 33 3 ) 38 i 0313 1 s K 308 (o6

Magnetic Anomaly Map of the
Central Iran -Rig-e Jen Area

asdllaes 5o adlaie 3 lsa o blias esls A IS

Olpl ad s 53 Slguy a5 BB Cualnd |y &7 ol
ol Sl S e

S Gas ol (LS (S gor 2 ) sles
S e Je 5 A obOgs bkds s o
Jols dde () JSK8) Wi g pcSn SIS 50
b Sk b Saal gy ab K s
Gob Cp i 83 8 OLES ) K Gas 53 4> 55 L6
D3 2eskS VE BT o5l s e ol 53 edd ot
ol 3,8 s 3l Abe o i S 5yl
I O S o L
lrle Skl K buy & cul S
Mo St S i o (o sl S
EOE S U UV JEP U U PP
5 Groe Sl oS dlor Sl cailate S5 5 gl
AL bliie 20K 53 LS L o Kaal

Ky o3l 3lad g1y s 0

33 G 5 pblite S Gar 5 awdin (0
ol sl iy Lol s SEES oSS oS s
St Joe sy ol 53 S o L) gy Slaa
SIE 55 25T st ks fipaT G omas
Sbesls 3y g oS aibie peblie oS
L3 Jlesl _aly pbliie

GT1 sL4 G LT sla 39 slxel 55 g5Leds)ls @L:S
il § a8 are 5 Jbe Sl ol 51,1 Ve K ,5T4
wotes S35 L1 sddodalin awblis Ol Of,u%
5 swblian glaosls RMSE luze .48 Wl g5l
Ol 1 ¥/8 5 55ke) D 56 0/8 B V/F o s Jibs
sleesls o Jad b6 Gl sdasolis oS ol
OY IS 5 Ve JSK8) dal e slacwloes 5 (glontalin

b)jTjﬁ%\Fuae)b):wbww&w



VEe0 oLl oY oylad oY 0)3:(.\.&..93@.&}&}:5 Yay

Wessred 0% _—- DWNMooel _—- Peference Wose]

ot

spe 5§ ¥ Y

Depth (km)

100-
125
150.
s
200-

Sl Cons o Jy s LA G LT (slafds & by o o oo sla iy .Q&A})fia]aiﬁéu‘}:ﬁ}ﬁ:|M|)>‘_§jl—wd})‘}@u R L
a.x..fut.:....l;w‘(}aﬁw)élawww&wdb)}hﬂj‘dﬁ&\lhu':a'qﬁ.(wli4.5\)\.3)1 ) e T4 T o by
el 0 0303 0L (M 5U) RMSE liis b ol jas G (o) (1Y) o 5 SiSG Jube mbiline Jlo il 5 (ol o Jax)

(ol o) (TIV) ad 5 S5l JUS 3 (03 pop b)) (ol s o oddiny gl 2K Goe (il o 53

3551 g 5o 38 i gy b 0157 280 s 5o ot

25t
() JS8) 870 e b sy opl i awlis
3 G e st 5o ensa i) oM

RGN PN A....Lu,d

edkddihyl e b lawslae (s b5l sk
o3lizul b 0Ll s plowih (YY) ol 5 &SUSS a5
53 S plea bliae Glaesls JUS 5 b fl
L Oyl s Ger aiE e 3o o)

U’:&"f g_.:.& )‘ J:M:di..w s ‘U:)J <Ji| BE] .JJ‘aJ;



Yov

.3 55 030>

b b)) 9 W Cumlapus 5

(orlpts mle pLils 5 Jua s> Sas wel S5l
Jbe i Bl (553,055 Dbl BB s (51,
Lol cazls Sl (58, L g obw S1 (g 5 BB 23w 5o
i sdde sl 3 & 55 ool Olg
a3 o OLE (g5 b gl

SR ek o Celbede ale (S
mbliae Gpdisg i 4 b dljleesls
bl s cpl Sl (ST aslg 2/ YF) M&w
G5 N paamg b5 (T19) 0 s 5 ¢SS anllles
OBzl (655 e Ol (S 555 aigy 53 andllas 5 ) 5o ailate
S byl sl 2alS (sl o ol Sl s
Condly 53 (smblae (6 pdis 5 Ll 35 (655 2 sens
S i bk o s b ¢SS Usb o Ll
S bl ey T S5 5 aials y Lot

D . . . - /, . oo
O1yan 5 Syl s 33538 [ ene (2303 0357 33 3 )30 et 0313 31 iy Kb o8 (e

oSle 3yls slodalin pwbliae glaosls b (s e
O/ BV/% o3 gdmes 3) Dli 56 ¥/4 550> OTRMSE
S Jde (g1 Hlie ol o7 Jlm 53 (el s 56
B YA/ 0330 53) M $U PRV 5Kk 5 5b 4 s
93,y el L Ji:»),uwlm Ol $LYY/
3237 e S N T g 1) s Gae e 5,
S odgdmme 53 ol Sl gman s diasOliS 45T Wles S
Ll la Gas
22 B Gl Gk 3 due Sass el 5 ook
BB o) 53 T ol gla b5 S8 Wbl LIS
Js J35 0 55 31 okiin sl p slaGes Ole M
Sl g B sgue G ol S0k L dloes
St S VP 6 0) a5 e ol o
S 5 GBSl etmsols 5 sy S8
g 33) FE 55 Gl il e Jde ol
35 Sl Sk (glisle Sy 4 Wilg s (s

Cd G393 3, 55 3 g by (6 s bl

Predicted Sediment Thickness (DNN Model)
6

Y UTM (m)

720000
X UTM (m)

796000 760000

Y UTM (m)

Reference Sediment Thickness (Teknik & Ghods 2017)
o

Depth (km)

X UTM (m)

oo o a5 (TV) el 5 ST o) gl oy i a5 2053 3l ol tn S 318 5 5 siman de VY IS

Calculated Magnetic Anomaly (DNN Model)
106
4

Observed Magnetic Anomaly

vs Observed with Residual Map

Residual (Calculated - Observed)
106

Y UTM (m)

302

Y UTM (m)

D003 700000 730000 740000 760000 0000 700000 730000 740000 760000 G000 700000 770000 740000 763000
X UTM (m) X UTM (m) X UTM (m)
Qo %5 91 116 WA AT W17 277 2543 W08 s 3 3
Magnetic Anomaly (nT) Residual (aT)

slaesls: Sle o (e Law 5 sddaculne L;LA}JT icor oy ik ablie glaesls a0 5 DNN s 5 Shes a5 L3l NY K
(Gl slge lodaline) Ml alds ol oy (0 plsa ublian) lodalis



VE+ 8 Ll oY oyled BY 055 Lab g ) S 5d Yaf

Spdisg i 3l b 6T Cule gs oS LT Cewsa

O
Gor Ll il Casbipds GileeST Gl
03 Jdes ol @Lﬂ Aol dbl a5 ol o A
o ] ((gmaw 43) VF S 5 ((gn3o) VY S
33 a by pled 53 Gos sl 3l il SSls ol
(46 5 Goos Sla o 53 Gutes) 0T ST 5 20 VP
G0) ab s Gos IS plie ;548 Conl 2 FIV 550>
Coeal a8l AL 23 5 L5 e (R ghSTIF
3 e 53 Sy B Sl D (B 5 5

S 0 AS T ST sladis aru g5

Uncartainty Analysis with Standard Daviation (L1)

”2”

Grpdog Oled 4 b Casle SL551 Gl
ol o s Il s b Lo 0ge5T oS
@8 5 53w Ges Olyge 4 DNN Jio Lug
G ks 05 b (55 b e L
o3l 53 Spdya g e olie 1y (publie by
onl ks aalowe /0¥ B L ST oty /0 F G 4/0 YA
ok sl Ol ‘swtﬁél, aals o)l
‘_;h'c.xliji&ljacdq(lf):.M;dui}ﬁ.bdb
G3555 4 e (B30T Os codldimlons ublite
Uy [5dzee S Ges 5 A3 Jlesl Jka

Goo ) s e S (b Gl e S

Uncertainty Anslysis with Standard Deviation (T1}

57 e
e L
i

j*;;‘);.;)JLl-L“- J:‘éjj.’: (SI) e B /e YA ajlg)J &M—:bLM 6;,'.“\:'3}" CJ(J::AJAJ CMM..»DNN J-\A Ca:.wl...:-‘}:laﬁ AY Jﬂ.:
Glodalin bliae Jlosil ysas oo VU isu 53 ol ol 03ls OLES 0l 4 YU 5l i ja ccnly o 55 T1-T4 Loy,

FCHOVeS R L WP R I A v R PR SO GV S S I STE COVINT VS TR W SRS on P S PP G W S

el 0l Aj‘)l (L;Ji'.“\f;}"



Yoo

D . .r . - /, . oo
O1yan 5 Syl s 33538 [ ene (2303 0357 33 3 )30 et 0313 31 iy Kb o8 (e

Y UTM (m)

Y UTM (m)

700000

720000
X UTM (m)

740000 760000

T T
014 023 0.32

Depth Standard Deviation (km)

T
0.42

341
Magnetic Standard Deviation (nT)

5.27 7.14

Dbrecdl il il by PRI IR DU TP S i iy embliae (g dus 2t Ol s S LS Qﬁ&laér.k— St 155 NS
slize (6 pdus g2 (g b a3l odidinlons) pwmbliis Jlo g

ol oSS i Lzl

Ao o) @l e eddedalie OO (ol L
Jol Olge 1) (YAV) s 5 oSS andllan
a3 gdoue ¢ SO 55 sl il 45 Coladpds S| (oSS
Sy s 5 il bzl anls s
95 Oslate b4 ax g L aS ol Cdls (gilede
Fae 03 e dde i IS b))
(L o) 53 Gras (s &y e (S50l
NG I g

&S i A
Sy Gror ae b Je & 5l sy ol o
SIS 55 e 95 plen Lubliae (sbaosls (g5Lu0rs,ls
olidl)l Jio s oslizal 3K, b ancSin
Gor 5 bl JUogT o o o L& iy
FREICS PRI SRS PR WG JUR P P O
Oldee IS 8 L &S das €l Jgine gulid e
RMSE Sle .Cils  Jlguen dibie oubliie
S 35 s U4 550 s b g 55 _cmabline slaosls
Sk L (YY) s 5 oSCSG Jue b sl s
S92 54 ool g edasolis s SLFF/V s 5u>- RMSE
Sl U 55 Jdoe glad ool ol (oolgiiny
o) i sla J5 1 fblEs Bl s s ol

oy Y

adllas L OT OBl Lo 5 Gaiws o) ml s
Saydgdos 5 Slbp (B8 5 55 ol (i
it 53 S 5 bilen il odbas S w s, S13
07 2050 Jeais 4 G50l 5 s oalideas”
S 52 S bige gin el iS5
eblae g pdings ol Gl Hlade 55 caddlls
sdbplnil ol Jlos ol (ST=+/07F) Rt
2 I3 1 all pl wlly S s o 51 Ol
Sl 13555 51 (oo OIS ke 5 42dls Gas 35T
O JSas v S8 50 i)

de olg s, 55 Ko llse ol pedle
bl Slbks ol Jdue cuds L8 50
6T Sl sanl wals 5 Gas :SKls 8 oys 25 50T
5 A S NO LY ol 5t Sl glael 5o o S
ils bl as Shlao3l cplsyls 413 ce sk VYV LY
Sl oS Sy 5o Lol bt Ol aibaie 1 i
R T IS [P g g
Gens (s GBS gy 5 et ¢p 53 bl o 1ol
ailate iy Loyl 5 L 50T slaesls conls 4 by
IS TN TS S IO VP NS RPN
DLl BB o sme (slaosls alin (o3lal 5 (S5

jLL;’_\_\;‘jL;;qu;ALgLaJ@?@@@L’JM)M



VEL B Ol o oyl AY 093 cLad g uay S b vas

o3gdoee Sl A3 M1 e 5 GB)eel o sl

sl gl aibare (gl zal L

oS G131 1504 Gras s 655 g5 i g )2
&y)éh@f‘))é»&)hﬁ-bg_.}ufl)adﬁ—"‘)g)

S s> 5 54h o (B me ¢Og-é<1) =y ‘”‘:VS

e . -
3] J.,él:- Lgl.hw.«:’».'s' c/.:..,.udg..w Bl u.elf Sl Js
Sl gl adsl (2 A Olsie 4 L5 o ) )

239,508 4 i

&l

Abbasi, G., Motamedi, H., Orang, K., &
Nickandish, A. A. (2020). Petroleum geology
of the western part of the Central Iran Basin.
Journal of Petroleum Geology, 43(2), 171-190.

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.

Ballato, P., Uba, C.E., Landgraf, A., Strecker,
M.R., Sudo, M., Stockli, D.F., Friedrich, A. and
Tabatabaei, S.H., 2011. Arabia-Eurasia
continental collision: Insights from late
Tertiary foreland-basin evolution in the Alborz
Mountains, northern Iran. Bulletin, 123(1-2),
pp-106-131.

Berberian, F. and Berberian, M.J.Z.HK.H.G.E.,
1981. Tectono-plutonic episodes in Iran.
Zagros Hindu Kush Himalaya Geodynamic
Evolution, 3, pp.5-32.

Berberian, M. and King, G.C.P., 1981. Towards a
paleogeography and tectonic evolution of Iran.
Canadian journal of earth sciences, 18(2),
pp-210-265.

Chollet, F. & others. (2015). Keras. Available at:
https://keras.io

Glumov, L.F., Malovitskiy, Y.P., Novikov, A.A. and
Senin, B.V., 2004. Regional geology and oil
and gas content of Caspian Sea. Nedra,
Moscow.

Hendrycks, D., & Gimpel, K. (2016). Gaussian
error linear units (gelus). arXiv preprint
arXiv:1606.08415.

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

Jackson, M.P.A., Cornelius, R.R., Craig, C.H.,
Gansser, A., Stocklin, J., & Talbot, C.J. (1990).
Salt diapirs of the Great Kavir, central Iran.

Kamyab, S., Azimifar, Z., Sabzi, R., & Fieguth, P.

A b e Frr s pu Gas CoDs
k) alileesle Sl p Sbess Jae 4 S
S sls ol Canbpde fdowi bl g (ol (5 pdyn 5
(s ML 31 el ol il S e s s
35 o Slonn sl il Sl o (5 5 sboss 455135 55
olie 55 a8 W 5,87 5 e FIWV OT STlus 5 26 VYP
tslie 55 el 2B (o AS VP B 0) 4 > IS Gas
o el b DNN 5 S5 om0 la 25 b
boools adsl Jie & (Soly 2alS 5 ol VL
Slesls £33 5 LS 4 Sy ol 2 Shes (Jl

(2022). Deep learning methods for inverse
problems. Peer] Computer Science, 8, e951.
Kordi, M. (2019). Sedimentary basin analysis of
the Neo-Tethys and its hydrocarbon systems in
the Southern Zagros fold-thrust belt and
foreland basin. Earth-Science Reviews, 191, 1-

11.

Loshchilov, 1., & Hutter, F. (2017). Decoupled
weight decay regularization. arXiv preprint
arXiv:1711.05101.

Menke, W. (2018). Geophysical data analysis:
Discrete inverse theory. Academic press.

Morley, C.K., Kongwung, B., Julapour, A.A.,
Abdolghafourian, M., Hajian, M., Waples, D.,
Warren, J., Otterdoom, H., Srisuriyon, K., &
Kazemi, H. (2009). Structural development of
amajor late Cenozoic basin and transpressional
belt in central Iran: The Central Basin in the
Qom-Saveh area. Geosphere, 5(4), pp.325-362.

Nadimi, A. (2007). Evolution of the Central
Iranian basement. Gondwana Research, 12(3),
pp-324-333.

Omrani, J., Agard, P., Whitechurch, H., Benoit, M.,
Prouteau, G., & Jolivet, L. (2008). Arc-
magmatism and subduction history beneath the
Zagros Mountains, Iran: a new report of
adakites and geodynamic consequences.
Lithos, 106(3-4), pp.380-398.

Plouff, D. (1976). Gravity and magnetic fields of
polygonal prisms and application to magnetic
terrain corrections. Geophysics, 41(4), 727-
741.

Radfar, J., Amini Chehragh, M. R., & Emani, M.
H. (1999). 1: 100,000 geological map of the
Ardestan. Geological Survey of Iran (GSI),
Tehran.

Rao, D. B., & Babu, N. R. (1991). A rapid method
for three-dimensional modeling of magnetic
anomalies. Geophysics, 56(11), 1729-1737.

Shafaii ~ Moghadam, H., Griffin, WL,
Kirchenbaur, M., Garbe-Schoénberg, D., Zakie
Khedr, M., Kimura, J.I., Stern, R.J., Ghorbani,



Yav Ol)K.«.Ajs)yb.)xw}»/...d}“)o)y):.s,;\,ﬁwbw.eo:\:}\):_.q&J&LM

G., Murphy, R., O’Reilly, S.Y., & Arai, S.
(2018). Roll-back, extension and mantle
upwelling  triggered  Eocene  potassic
magmatism in NW Iran. Journal of Petrology,
59(7), pp.1417-1465.

Srivastava, N., Hinton, G., Krizhevsky, A.,
Sutskever, 1., & Salakhutdinov, R. (2014).
Dropout: a simple way to prevent neural
networks from overfitting. The journal of
machine learning research, 15(1), 1929-1958.

Talwani, M. (1965). Computation with the help of
a digital computer of magnetic anomalies
caused by Dbodies of arbitrary shape.
Geophysics, 30(5), 797-817.

Teknik, V., & Ghods, A. (2017). Depth of magnetic
basement in Iran based on fractal spectral
analysis of aeromagnetic data. Geophysical
Journal International, 209(3), pp.1878-1891.

Teknik, V., Ghods, A., Thybo, H., & Artemieva, 1.

M. (2019). Crustal density structure of the
northwestern  Iranian  Plateau. Canadian
Journal of Earth Sciences, 56(12), 1347-1365.

Utsugi, M. (2019). 3-D inversion of magnetic data
based on the L1-L2 norm regularization.
Earth, Planets and Space, 71(1), 73.

Verdel, C., Wernicke, B. P., Hassanzadeh, J., &
Guest, B. (2011). A Paleogene extensional arc
flare-up in Iran. Tectonics, 30(3).

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

Wu, G., Wei, Y., Dong, S., Zhang, T., Yang, C.,
Qin, L., & 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), 4933.




   d  obs


  m


  F


    F  − 1


  m


    F  − 1


   d  o b s


  1 ×  10  − 5


  N

