Iranian Hydraulic Association Research Article
e

g

Journal of Hydraulics o= https://doi.org/10.30482/jhyd.2022.322054.1579

Iranian Hydraulic Association

Modeling Natural Convection in Heterogeneous Porous
Media Using Encoder-Decoder Convolutional Neural
Network

Mohammad Reza Hajizadeh Javaran', Mohammad Mahdi Rajabi?”

1- MSc student, Civil and Environmental Engineering Faculty, Tarbiat Modares University, Tehran
Iran.

2- Assistant Professor, Civil and Environmental Engineering Faculty, Tarbiat Modares University, PO
Box 14115-397, Tehran, Iran.

* mmrajabi@modares.ac.ir

Received: 30 January 2022, Accepted: 15 August 2022 $$$ J. Hydraul. Homepage: www jhyd.iha.ir

Abstract

Introduction: Natural convection is an important phenomenon in porous media problems. It
is encountered in a variety of applications, including in enhanced oil recovery systems and
geothermal reservoirs. Physics-based numerical models are widely used to simulate natural
convection in porous media. Although these models are usually effective, they commonly
suffer from high computational costs. This is notably problematic in repetitive runs at large
time and space scales, as in uncertainty analysis, data assimilation, and sensitivity analysis.
In recent years, at least four different methods have been proposed to overcome this
challenge, including optimizing the numerical solution algorithm, parallel computing, cloud
computing, and data-driven methods. In most cases, while data-driven models are capable of
handling low-dimensional problems, they have not been very successful in dealing with
high-dimensional problems, both accurately and time efficient. To overcome these
challenges, we propose using the encoder-decoder convolutional neural networks (ED-
CNNs) for heterogeneous porous media. We apply the ED-CNN in the context of ‘“image-to-
image’ regression in the following two use cases in the context of natural convection
simulations: (1) as a meta-model to estimate the heat map from the Rayleigh number
distribution, and (2) as an optimizer to estimate the Rayleigh number distribution from the
heat map.

Methodology: The proposed ED-CNN is employed to model the hypothetical example of a
square porous enclosure filled with a saturated porous medium. The boundaries are
impermeable, and temperatures at two opposite side walls are different, resulting in the
formation of natural convection. Heterogeneity in the Rayleigh number across the problem
domain is applied through zonation.

A numerical modeling tool is used to generate steady-state heat maps based on a number of
randomly selected Rayleigh numbers. The numerical model input-outputs are transformed
into square-shaped jpg images of 64 x 64 resolution. Two ED-CNNs are trained, one as a
meta-model and the other as an optimizer. Different numbers of training input-output
images (including 1000, 2000, 4000, and 5000) generated from the numerical model are
employed to evaluate the performance of proposed networks. Two evaluation criteria are
used to assess the performance of the developed ED-CNN models: (1) the root mean squared
error (RMSE), and (2) the coefficient of determination (R?-score). The ED-CNNs have been
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developed using Keras and Tensorflow python libraries.

Results and discussion: Results show that the ED-CNN accuracy, both as a meta-model and
as an optimizer, is satisfactory. For the meta-model case (i.e. prediction of the temperature
distribution from the Rayleigh map), the RMSE is mostly smaller than 0.15, and the R?-score
is around 0.92. In the case of ED-CNN as optimizer (i.e. estimation of the Rayleigh
distribution from the heat map), RMSE is mostly in the interval [0.017-0.034], while the R2-
score is around 0.89. Acceptable results can be obtained using 2000 input-output image pairs
and 150 epochs for the meta-model case, and 4000 image pairs and 200 epochs for the
optimizer case. Analysis of the spatial distribution of errors shows that maximum errors
occur in the middle of the problem domain where the heat map is least sensitive to the
Rayleigh number. The ED-CNN model is also evaluated as an uncertainty analysis tool by
comparing maps of mean and standard deviation based on the numerical model and ED-
CNN predictions, showing a significant agreement with estimation error between them.

Conclusion: In this paper, we examine the performance of ED-CNNSs, as a specialized
architecture of deep neural networks, to solve the forward and inverse problems of natural
convection in porous media. For this purpose, we frame the problem as one of image-to-
image regression and show that the developed model is able to provide high accuracy
approximations with limited training samples, effectively solving the curse of dimensionality
problem associated with heterogeneous domains. In practice, the proposed methodology can
be applied to image datasets obtained from not only numerical modeling, but also high-
resolution imaging and non-destructive scanning techniques, to either estimate the
temperature distribution due to natural convection, or to characterize the porous media
based on the temperature distribution.

Keywords: Natural Convection, Encoder-Decoder Convolutional Neural Network, Porous
Media, Image-to-Image Regression.

© 2022 Iranian Hydraulic Association, Tehran, Iran.

This is an open access article distributed under the terms and conditions of the
BY

Creative Commons Attribution 4.0 International (CC BY 4.0 license)
(http://creativecommons.org/licenses/by/4.0/

Journal of Hydraulics
17 (4), 2022
86


http://www.iha.ir/

Oyl Sy o (ol
Sl g yiud 4yl

by Al
Sa
%%  https://doi.org/10.30482/jhyd.2022.322054.1579

]
o
Iranian Hydraulic Association

L Koalb oo o 8 b S 0d Ob > (Sildow
IS w0y 085 gl  mac 4w 3 oolai!
T o) S0 o | Ol ylg 013 b Lo sesxe

O Sy oIS s Lame g )l jes owdige 05,5 () daiore cwdige o)) oulid IS gemmils )

“ mmrajabi@modares.ac.ir

www jhydihair «SJspm am o8y $EE VEVOTE bk VF N sl

O3l aile bz slaonnny ;o Gl 58 Cul el Jrlie Lazme 1o e (b oy Ko ek Sdjen (i eaSy
oy oloj (b S8 pad b, goae (gilidin 10 e Sl Sl ssmline BB i clils ol sl 5 (2le S s
aile (68,090 4o Lo}.a:- Jie 1l 00,8 c0 60l slojg, g breeln lp (giladan ol 8 al SYsb 4 e a5 Cowl Slwle
YU ol b g Reals Sl cpmizmon g cowl (g3ldie oyl 80l aiz (1S5 aojls &S Connlias Judow g Coadad soe Judoo
ooy Gl pade ol e, 095 dglgilS cmac aSl wpaz ] Glacad b sl aS oald e llio (pl jo 0l o B wgensno
Szl o )50 Lieghs cnl 5l SIS Baw 93 098 colaiwl b Cdjen L m gilldae o YL Cds b glaclsx 0dsi Lol jes Dl
Al 0 ,Sas gy (V Conbad pae Ldow g olinns (g5ledois 15l laie 4y 050,095 206JgilS coae aSl Jow dxwgs (V el
Sl Jie L o 3 (aeels Sbym ol 59 sige (slesiolly e 5 sSan (S3ldte sl 5o 095 SIS e
sloa_ids yolar Jol i 539,9 slaosls .l s algi (sooe giladoe SaS L jgal 0ols zg5 B0 ¢+ wBlaal opl a4y oliws
e—as 4SS bl b il e Jodiie e jo Les mo g8 sloasds 25,5 polal g (Joe (69959 ol 4 bl sae (RKenl
O ool b LugSas g5ladae sl g (jael ools Yov v sl ool b pudians (5 5ladie (6l (pnd o o (a3l amo o oyl

Sl e AR YL eols

9 4 98 Ggew S 5 (Sl bume K50 355 (Al (cras aSD (anb S50 1B lgunls

sl wiile sl @ lizs slbosnay ;o ol >
oy 5 TS w1 (69 o 2l S ()
sLssl sboasleles 5 F g sla Ly aile el oLl
(Nield et al., 2017) ol sonlie |5 P cosls
oolos Jlaul slacde 51 S5 daosay 5l (5 b—ws o
Sl (b i djom L 2 5 Lo (Lol Jodome
Al gloasay yo e mxen (SOboleva, 2018)

2 Geothermal reservoir

3 Co2 sequestration

4 Fuel cells

5 Enhanced oil recovery system

doddlo —)
3 - ‘\J_zlm IEVEE S P VUL JOV S W
A Jdo 4 aS el Jadswe o o o)L=
o= .(Balaji et al., 2020) w1 oo 399 Jbw ,o JE=>
L Los (ol )3 0g2g il jo casl So JBS O]
gy cdale L Lo glils slea_>b oy el lale
Ll jo sl onay S cbale g Lo sl slaasl
b b 0l 9 )l JEl (IS bty (ol &8 00
E9= o=l (Soboleva,. 2018) wis—is oo ol e S0 S

1 Natural convection in porous media



VP (225 9 olylee ool 2>

e JEdiie buxo 30 (sruwb ©d pod by (6 5lud

3150 e 555 ysmandls gl (sla s (sloysgione
(Wei etal., 2018) cuul 48,5 )| 3 a>g5

liecs olul (Ul ade sl 050 Glalil 5l (S
s St B TG res 55l ) sslic
SlaaSe 5l 55 Gras (oras Al aSlos Nee
doas b g9 ol jo el ol oy slass b ceac
o golaio glaary o Sijaal slaesls sl (S5
ay e 45 Wigds oo gl il U ol Abl” 050
U sl glls sloalias |5 5ee] o) o 2l
Sl 45 (egdge 39 oo lagaly <Bs SliBl 5
sae 4D b Bres (orae sl &S0 G ol Oglis
Sy9—0 ;o 45 Cewl £gg0 YU slal ils ool Jglaie
Cpale e 4y Jliis Lo 1 xebs Cjem >
3 J=p slald gilidos g S o Boo Rl
el 00,5 sy, il Loy (acls pen ol
09— 60 S slacde I S, (Shen et al., 2018)
sloalins > sln )Rl Gloe 4 Groe (oae 4SS
L ble mls omess o o] oWl oblss YL slal L
Sildie LSl 4S Cul g5 5 655,5 (slmosls
B 0 sle (g, b S oS s oo ) (ploalinse
(Zhuetal., 2018) el pleil

3 e Slalllas (o5 50 Foes (o glaaSd
5 i) 2l slaliee ildae b b placos
Zhu et al,, ) o > o5ldon asile e la e
L ole,> «(He et al., 2020) Jslos oole Jlizil (2018
5 ole,> «(Kreyenberg et al.,, 2019) s JLS>
Sl oa solatl g (g3Bus by gLl laoe
iz o wileads (giludan YL clls 10 5 )lge opl sows
318 3525 55 oy 4 atnly (b > (s3ledoe (G
4 sloosls jloslaiwl b guae aSl Oldllas (] saan
30 e § 09 00l gl (g3ae Jow 5l sdal Cews
Jos (2 Rle Sombidpae Jolod aile olaeh 565l
Sladlas 4o .(Kreyenberg et al., 2019) soloas goae

4 Deep learning

5 Deep neural network
6 Feature

7 Steady state

lg e O oy 5 Gy lo)S e sy Fe
(Nield et al., 2017) o_xb ,JA5 31 o)l Jasl ol
(b S yen ooz laanlp sildas sl
CablE 5 ouis 00lo da_wg (g0 2 g3 e sl Jo s
ssile ilisee (g3ldan slo,l58le 5 yo o (o5lwans
SOLIDWORKS 4 (Al-Farhany et al., 2018) COMSOL
SOy D90 4o g JSb (e asl b (028 Jle
ales, 5 gl oo, omb o 800 L >
(Al-Farhany et al., 2018; Ataei-Dadavi et al., 2019)
u_SJAJb uLJ)?' &< LS}l—*“JM)Q b0 u,JLa- J_a
(2losS ey lap e wile (S elde o (b
69,50 40 ofgd dis (pl il lddulze ol olej
Siejls a5 Tl Sz g ' Caakad sae los aisle
ML»QSQ J"L}"’M S 6)[MJLM J...:‘J.S °)L? e )‘)SJ
oS s HLr al b ailisy sl ey Slallas 5o
drwgi 3l o le 45 ool 4l LSl aiws [Lem
G310 Silge 3l e oo S slaiy,
geosls (g 5ldae sla ybg, o (Hayley ., 2018) T s
jlacwl ojle jammaols gildas imy ‘J_si S y9—s
sl piio 5 5999 slaglaull Gle abal, 253k
WU Jomlygs sloalslas Jlabay <Sal g0 (29>
Varol et al., ) 0o 5,y bea oo ;0 Ao S 38
Sladllae jo g8 jameosls sla Jao 3l ax 51.(2018
oolaul ur"""o by oy gileand &lp ool
Sl (8L A ol 5o lisren e (Il 90 Lol ol
L slealins 1o 5 jgbdy jemaosls sl Jaw aSlol canse
Ooygal (slmools pom gaslas aldl Lo 4 YU olel
ay by o baalome ooy Grali8l O (00 5 5L 0,90
Rajabi et al., ) oS o 8,55 JS o 4 ( Joo 90!
&l Lo Joednds | puiine oolaiwl o il paegs (2020

1 Uncertainty analysis
2 Sensitivity analysis
3 Cloud computing

Journal of Hydraulics

17 (4), 2022

88



V¥ OL{.A»A} g c)l.o.{;') Y 099

Sy yuad

sl ve ;0 zal) 69,59, a5 Cunl oal a8 5 Jlas o
Vu and Jardani, ) a_ib co J5dse oz calizs
A4S odgn atie glagul sl 5,8 Jle (2022
o=l 3l S Bace g0 S e sl 1) Uas o591 5 Sl
s—as 4o Jae anwgi (1 el il 5550 g
5 peimns (S3ladoe 1l Gloie 4y 050,095 (BglglS
e 45 5, Shae (o (F Epalad pue Jolos
oS 5 sSe S3lde (sl 50,005 (lglgils
b o b Sdien 0L 2 0 e Loyl
3 el 5 Gle Gl 4 SLET 0 wam (5o o
g 42 omnb Cdyen (L y> 1 pSLe sladdolas
5 s s igel 5 (SIS sras a5 lons
3 8kas g (3 ) 9 g0 3o O] (i o
@l azg L LG50 ,093 (odglgils (oras aSl
e L e R B TUL 'R RURGIERVE oW

Al Aplgs aislo y laadl

09y 9 65 Sl -

b Jlio oy 1Y
09l (cmas aSb o Slas (g5 il 5o
2 b Sbren Lz ldoe Sl S50 055
Sy 5 edam ol gl sl o JRle Lae
SS (el Sdpen by (pwyp )0 &S (L5 Sl
aiale SO dbged ol il sod oolawl o )ls g0l
ako Job beglesl (L5 Jodoie bagmms 51 U8 (om0
aS conl Sy (S ojlasl 4 o pow S Wil o L
9 aels cul o ) ol g ol JUST Gl oo &Bls o
Vb X3l g pdil 3585 e @Ml don 0,5 (23 (gom
Sy esed 50 lulps LT g0 laled 0 ol s
loo 35 o (6,8 slwo,lgo puoran il ool
g (TR<TL ) 4SS aiid Coomw 90 ;0 TR T <l
Lo s 0929 el oS> 1 5SS ,0 (550 dal

S o Sl ) e S8 pan b > e 90 ol L

3 Adiabatic

Obey g iy YL &85 2 938l oo (nl )95 S
Gl ook Ol 4 g3 oo 4 S | Loaule

Sl eols
P79 9 5399 slaosls &5 glaalins g5ludon o
OS5 G095 5l Qg oe eaiiman Yo slnil (sl g0
cmlie glalpl 5l (oS 0,5 ooliiul ol 4y pgas
ol skl ¢ pgai 4 pgal g5, el sln
SlaS s ga ol .ol CNN) T o lglgils e
6l 4338 Slalllas 45 a5 Ceol oI5 o5 Jglie
Jloie baoe )0 sz (wgSas g udiiens (g5ludae
Zhu et .(Kreyenberg et al., 2019) ¢l ool solazul
s a5 5l eolizol |, Mo et al. (2019) 5 al. (2018)
Do 4o YL e sl L ) plaalins 2glgils
Giladan cmy 10 ioren 00,5 (giludae i
@S g5 oml S L 58yl (eSS g pegSae
Tartakovsky et ) SJs o colas aile ooyl il
«wei et al, 2018) L oS cylan (al., 2020
&l oads 00 ez (Kamrava et al., 2020) (s 03348
L o cdpen L 2 gildoe a Sl s ax g b
S g ple )9l 4 Gros (ovae laaSed jl ool
Slalllas ;o ¢ o j5b 4y G50 055 (095 (oras
S SR Ol po wid S 18 az el 3 90 yleS iy
S pen Gl (S g s (55l Conl oud
$3)lg 9 0o plmil Glgs Il cnl 5l eslinal b (oo
@iyl g L ancioy Jove dlas aiiion Gl 057
5 Sl Jshatte (228 Jle S eBan (nl sl 05
4 oyl slmosls Zl S wl b g ol ool (g5l
el oo a3l gl ey g (e 4SS el
allan sl o a5 el ol o yd Jlio 31 oslial s
5 el (3ldie (gl doe () dnwgs Bas
s—as SaaSd SeS L (ornb Soyen Gl (weSe

sloosls SaST L ol jo a8 cl [ 50,055 SglgilS

rSos Lol (558 Jlie 3 00 g (ijsel
i lize (59955 sla el )l slie s oy ol alisee

1 Image to image regression
2 Convolutional neural network

Journal of Hydraulics

17(4), 2022

89



VP (225 9 olylee ool 2>

e JoeSie s 53 (b S pos (2 (5 ludue

ap
=-2r 2
u 2. 2
% rar 3
V= 3y a. 3)
Rq_ K P B9 4
JT

ua—T + va—T = aZ—T + 62—T (5)
ox dy 0%x 0%y
Y 3 X lp 3 Loy S @ WD) suUD) ol 28
Falel, by L, s il Lo T 5 ,laép
ke (m2) ol aJokea oyl gl ol by 055 o (o3 yne
BQA/K) (Jimw S5 (kgim)p. « Sdg,onm colan
AT i, 5 Olbs (mls?)g o Jl—w ()l bl
Bt Jsbo (MH el 5 o 50 oo (1, 5(K)
oo (MAs)a ¢ Ju—w o3 (kgim. s)p _ls
il oo JlSe bss (olo)S 603985
il Lo 5o Sgdmme Il oo Sy el L
slassle Sa5 LVl slodlslas Jo 1 53 o8 ¥ Jgunsls
5 LS sl &S Ly &l JUil 5 ol 3l
s oo pgar Jold ools atws 9o wed oo pll Sloj
dde Reals aids g Jodsie baxe o &)l izl
Joe ol s gl el orae 4l (bi90] sl G,
P58 G Jo b dulin aliasy @ eizren JgunalS
b el g (o)

SRPPU (mac aSh V-V
Sl G (oae 8D (298 (P (crae D
g 00D i,z b pladl je (plin 3 Sles l pl]I L a5
o S pgal sbosls b glaaline J> sl IS 55k
kS o el ol (Gu et al, 2018) oy, o I
5 Valeol slaary £ iglgils slaasy ol ls cdl>

Dol igloils 4y el A e Lolad glaay

4 Comsol

5 Fourier series solution
6 Convolution layer

7 Pooling layer

8 Fully connected layer

ax oy

&b Sy g Jeiw Jw .(Al-Farhany et al., 2018)
g oo i85 LA 5o

L (o50al (nl g 0392 (Reals Slai 350 Jodscte Lanoeo
«(Braester andVadasz, 1993) ' sana>l by, » 4SS
A ol aals (49,0 8 X 0 S5 slag o Lawss
S5 6L Lo ye ol 5l alS o ol ot 41,5
Saelas win oy panie S5y 5 ales
ol o L blite (L, olisl i o J5pea TG,
D)9 do S leSs Jledol @i S Ay S on e
Sl ool QLo Ve oo L5 Ve o3l jo 9 Solas
O Jss)

Thermally adiabatic and impermeable

Ty

Thermally adiabatic and impermeable
Fig 1. Schematic of test case

s anals IS ol ) JSCi

oo Jow p oSl glrdoleo g ans,d -Y-Y
olre Gl Jrlio oo )0 (ornb djen )by
a5 o)lo gl el (655l iy ok &S )l Ul
e g Dol (Sl paliege (Sl oaams (las
Pedise iyl o L Ol sl (Swsny Aol
PRIS GESOIVEEEDESS S 9 N N P VU K POSENIN P EIN-S
L aigmis oo ouis pléal [\5085 b coads ol sloacs,s
L Jl 5o ok Sdi00 Lz 2 oS slaaloles
Cowd ) slaalal) O g0 4 e 15 st J

.(Fajraoui et al., 2017) o]

du OJv
——=0 ®

1 Zonation
2. Rayleigh Number
3 Boussinesq approximation

Journal of Hydraulics

17 (4), 2022



V¥ OL{.A»A} g c)l.o.{;') Y 099

Sy yuad

L7 b sl sy wls Slodled 5l gl 2500
5o oolaiwl 550 mae 4SS ;o Ll woald solawl Relu
el lasis olemlauy a v )0 e Ses g3Ldos
L sladls b cwl oad oolatw! VoS ges jlo Jlas
Goalis Jo Ll s 4y oz g Jole 338
A o WLl (2 BISS me a 5 ], e
& slwdings 0,98 pzen (Tahmasebi et al, 2020)
o 4 390l slp s 5 4 Adam 3 RMSprop
a8 55 4 pugSan silede g it (g3ledoe sl
Ooy9—l &y ol (Rabbani et al., 2020) o
o3lasl L grac oSl Soigel Mg Yo gl e e

(V JS8) ol as 5 Las o VY Y

as Ay (PR Lo g b jgol—F Y
o gl ga )5 by 5l ermae 45 (h55el (6
39,9 0310 90 ;& yhg, pl yo .l suds colaiul gl
0985 5 9 Mo g (oae 8o (o 29)> g
plodl Laools sy JoaSly 4 oSy O j50 4 (5 e
A omar ah g0l (sloosls Lie frod 05 o0
o 0,053 5 aulgt PNG Cen b b g dies g ol IS0
03 00 S pogal 4 (S5) O jge & Y pled sl
&8 ~hly gove b bl pgal g3 00 -
e 4 el gl FF X FE o bgles, L Leo

Slass .l

O=58l9)) ol el oals sl [ 5e 355 (SilgilS
Ol ez g Glaled bl (ol 5l atge laie S
s a5 n |y oS Al o orae 45 (5]

RO PRV
odls ylgmie an wo,o Ve oaliol s yeal zg) w5l
O g S M i S Gl do o Ve g s

J..Lo lodds eolazwl u,u)};‘ ‘_;‘).3 ole L_gl.' RPN

6 Rectified linear unit
7 Sigmoid

8 Epoch

9 Batch size

10 Test data

11 Validation

039 L (NXN Gy lo G 33 a) Lo 2lid 5 (lasgons
Ol e odels 5l 2l e o2y )5 45 Wl Wi
O S5y - 5d (i ile 45 4l o (53555 slo Sy
Jiang et ) ol oo Cwd 4 xld 59 40 AiS o &S >
Cand (smas 4S5 £98 ol s 5l S @l 2021
Al (nl YL el Ko Jlite oras boaSil o
asli a5 o pl ezl "W olal b slassls LIS o
S5 ST sl oS ek 4] beaculre (899l (e
SoS a4 Sl e ol ploxil (0559 L ile slael
Syymo dy 3l Lol il 5| 12aS (golayl a5 L y2Ld
A4S Oygo Gl 4 wins o plxl 1) laaulos cusSTy,
o lons ol 5 (Lol ile (53, 2 S8 L o il
L o il S ol G sle 5l (SS9 2
Sl o5 25 o st s 5 e 4 S olad
Hur et ) o)l ol jad 4y 5 1) baawlee oy ol S

.al., 2019
SAoeS s gls i 305 5 i o
Sl LSS Gy 055 (e a5t (S35 (e
S 90 3l Al () (Ronneberger et al., 2015)
A ) 9 TS A ) el o JuSas
SzsS L gmae a5 JASAS aSd 50 TLaSas
(o=b9l93) 9 (ee Bl 51 (63959 ng—ai ol 0,5
Sy 3 g S 00 gl | o o S
SIS A ailen g ylane S jsboay a5 LaSus
sba Sy SoS L pgai )l ) S 6l yo bl
ailen Gslss; g olal B agd s 53kl oad gl Sl
Y Jses ietal., 2021) sg-s sl Toame adsl s
Rajabi et al., ) oo oo Lii |, a5 5 )50 cmac 4
Ly g oo oSis pdalgilS ¥ 10 51 aSds ol (2022
Ly jo ool 280 05ugn 5 a0 sl 2] 0 g ymd Ba
sloasy aen ;5 055 oo olyen Pt lle g 4Y S

Ol pelivs (gildan jo oolaiul 090 (omac 4SS

1 High dimensional

2 Auto encoder

3 encoder

4 decoder

5 Batch normalization layer

Journal of Hydraulics

17(4), 2022

91



VP (225 9 olylee ool 2>

e JoeSie s 53 (b S pos (2 (5 ludue

Encoder

Decoder

Fig. 2 Schematic of the proposed ED-CNN
I ey 095 (SiglglS smac 4 (5 lene ST sLed ¥ S

(wlagy Ya S50 jloged 5l a7 jahailes (Y JSC2) coul
Yoo
gFees

as Veee slools olasy ioly 8l L Uas ol o

Ao diges olass Jioldl aSJl> o sl jualS
Colgs yo
ool lis 1S Yh IS loges 10 £aog0 (pl 05 sod
oala Yoo (SaS a cac aSUl hjgal bl oo

aSd By azgd BB ol el B v e

oy o2 RMSE ja3-Lis (gl + /0 (oYL 8o o bjgal
et A edie (g3l (gl ools slasi ) g
Sg oo bluwl Ya S loges 5l cpizren ol 3
VO 0905 5l Ly Uz (500 lS &g, (s090> U aS
a Ghjoel a3l 5 s e iligie S (ajsal 50

Los SV Ol
o=l Sl el a3 S 1B )0 0 50 b Ced o0l
5 dmle Cwd sloosls plos ;o RMSE l5.0 jlais
LS Jfagas ool A a5 Y2 U Jlog ol (slise s
SN0 ) peS gl slalas oo AD 5l i sas
JSs o aaly o Sl slas i pioren o
bz oS liae sasas ylis a5 sael jo iules 4 Fb
WD o (LA pe—al ol rizmes (ol dels jo S
lod (Lol )3 aS aes oo )y aiels 35 00y s aniiy
Sovgebe sz sl 3yl )3 955w 0 VL o
poimnns (§5laduae Il lyie 4 (onae 4SS 5 Sles
Solai job 4 uae 4 o ooy 5l diged S
AL (o duolie O S 0 el oul gy g S
odel Cawd s b Chyan b > 5l 56 sles x5
S0P (cmas aSd (50055 5 30 (sl ]

ooy cemw Telbyo s o' Wly S i (0 (ae 4SS
QJ_S.LQ.C CS‘L‘))‘ 6‘).: w‘ AW ‘J"‘ QB’"’L' ‘5.“.:9; d.al.'):
L sl o s RMSE) Ly "ln jo (S5
Kumar et al., ) cwl so_i salazi_wl (R?- SCORE)

(2020
1o 2 (6)
RMSE = _Z (ypred - ytrue)
N £uj=
2
R2 =1— Zliv=1(ypred -y true) (7)

2
Zjiv=1(ypred — Ymean true values)

oy g s -Y

L bl slos aie8 (pmesd Bud paiins (55ludoe o
cBs byl sl el s09y5 Olaie 4 LIy sue anss
R2- SCORE 5 RMSE 3o oar a5adh i
Vooo U pmae aSid el j0 cijgel ool uwlin slows
E-X) ) )‘ o — 9 0o ool L)‘“")H—‘ )49_.44
odlo Beve g oo Yeow anolaay ol s giu iy
4 .loﬁ_s).;o )L)j_o.; 4.19).4)&)05 Sl 00 o0l w‘ﬁ‘

ool 2oy, eads ol sllas axls 9o o sliw ol

1 Keras

2 Tensorflow

3 Root mean squared error

4 Coefficient of determination

Journal of Hydraulics

17 (4), 2022
92



VFe) ol o F oylois AV 090 Sy yuad

peas G Sy S5OSO d sl e L 0dd 0l gl 4 by sae wsly andl S gl
= i YL B i saies ylis el Cavsas el 4 (pedS ol Al pgal ol ol
b Sl s e aS s U esa Jas ) ol 4t (Se055 iglslS

oS o gl Al yioren a3l Cgpline g0l o

031 1 (@ —— N=1000
0.4+
g 0.3
&
=
% 0.2 A
0.1
0.12-0.15 0.18-0.21 0.24-0.27
RMSE(K)
004 . . . . . .
0 50 100 150 200 250 300
(b) Total error epochs
0924 (b) 92
0.30
0.91
10
0.25 0.90
20 » 089
0.20 5
30 % 0.8
0.15 L
0 0.10 086
50 0.85
. 084 #84
0 1000 1500 2000 2500 3000 3500 4000 4500 5000
0 10 20 30 40 50 60 Number of samples
Fig. 4 (a) RMSE histogram for ED-CNN as meta-model Fig. 3 (@) RMSE plot for ED-CNN as meta-model (b) R*-
(b) Total error distribution map for ED-CNN as meta- SCORE for ED-CNN as meta-model
model aSs RZ-SCORE (b)) s RMSE @) slas lages ¥ S
Sildie GBisal sl Glyeo pl,T 5irn o505 (@) F S i (55l

s s3ldae slp IS las @59 4t (0) puitins

CNN-Predicted heat map Map of Rayleigh

Spatial distribution of the error
o

1.0 Heat map based on the numerical model Lo
0

0.8 10 o8
20

0.6 0.6
30

04 4 04
0

0.2 5 0.2
60

—

0 10 20 30 40 50 60 0 10 20 30 40 50 60 0 10 20 30 4 S50 60 0 10 20 30

Fig. 5 Comparison of numerical model and ED-CNN predictions for ED-CNN as meta-model
i (g3budoe Il laie 4y cras aSILE Sl i dged O B

LSS 3 bdlS s A (e sl 3 G pac Julons -Y-F
5 OSibe 4l G o8 llas (e il osal o taled S3lndas (sl (mae 4 0 Sloe Camd ol o
—as aSb g gdae Jos I Jmol> jlme Sl Sl elamalad pae g 1l Glgie 4 1) edinss
a8 ol cebin 5 ,Slas SSLiS S50 095 (SlglgilS aale L oL Soge (Bg; 4 s30e Je (55luant
Syge 95 2 50 a bl ge Cabd pae Ll Gy yo B ey 2 Oy9a Lo dn Ly jlme Bl g 0 Sils
3 9 aeld 3850 50 Uas aiiin )l Bl g (nSile @ Jao liey jlre Blyol 5 (nSilee ass ool

Journal of Hydraulics
17(4),2022
93



VP (225 9 olylee ool 2>

e JEdiie buxo 30 (srumb ©d pod (3L 12 (5 5lud e

mean error map

Image of mean based on CNN

10 mage of mean based on numerical model 1o
. 0 X

0.020
10
0.015
0.010 20
0.005 30
0.000 40
—0.005
50

—0.010
60

09 0.9
10

0.8 0.8
20

0.7 0.7

0.6 30 0.6

05 20 0.5

0.4 0.4
50

03 0.3

0.2 60 02

0 10 20 30 40 50 60

Standard deviation error

10

204

304

404

50

60 4

4] 10 20 30 40 50 80 ) &} 10 20

Standard deviation based on CNN
o =

0 10 20 30 40 50 60

Standard deviation based on numerical model
r—

0.4 040
104
0.35
03 297 0-30
0.25
304
02 0.20
40 - 0.15
0.1 50 4 0.10
0.05
60 4
0.00
50 60 0 10 20 30 40 50 60

Fig. 6 Mean and standard deviation distribution map and their estimation errors
SIS (sras D (e 5 5098 Joe Sl e Sl g (Sl mje all 7 SR

Ve ) el slaesls oluss zglsél L RMSE (sl
Ol &5 Il 55 098 o0 ol yod (qwsgmne 2ASTL Ve -
S sl ay ool Fooe b e oSy ol plSin s
Rl dnge 55 VB SCS Jlogai b oo 20l a2 s
Al e iggel ools Fee e sl oslatul plSin 4l s
Qb e +JAN d50> 2> ol ;0 R-SCORE 50

2 oyl pmae Sl (S 8y Shee sy sl
2 L ol ey 5 sl asds el )y (pesS
JS5) Canl oas pany (bl 4ids pgal sla Sy ples
4 byoye sl coes dao oo olid adss ol .(AD
@l oo 1y aals 550 )0 o ) Al i
o 1y Comalis (n S Ol ALl 60y i oS
RMSE ()50 crsizman 3,05 by s0e (5 pdn puss
Slogei Ad IS rgal 10 5 0l dewlne eSS 2 (lp
Pty 93 oo Ol Jlogad (b e O (g
18 LB G — [ AY) o5l 5o s i sl
by (ol 2 GresS jl laiged 4 JSS rizeen
&9 4l Sliey 50,055 (bglgilS cras 4
O oS DS ams oo LIS (63959 plsie 4 &)l >
Onired g (omas A (et g bl sue oa8ly sk

Adaz ;e g cwlosls Fy gyl Lol S aiig Joxe
Lalas u‘)—a—b )‘ ‘W"j—‘*’gs" J.,;S_;.)).: a_als o)l.IS Comw
Obe) 0 (S92ad o Gl aizmen 09-d oo aLulS
b b g30e Joo (0908 (030l Jol> baaalora
S Coige baalone ;3 50,095 (9IS (s
(TSR) " ;loj 4o (297 480 Cand 2Ll l oolatwl b

(Rajabi et al., 2017) cewl 00l dewlore 5 adasly ol
TSR = &—m (8)

ts

A8 YL el ol 45 aies e LS bl
Jd.o Lglﬂl LS‘)-.‘ )L..a 3,90 QLa)‘ tg acdagl) Q—.‘.‘ o ML'GA
—as S sl Gl s 0550 Glej b g 00

Db e (gl gils

).’i.obl% o 9 oS (6 oo - -Y
s—as 4 0 Slae @bl (ow) g Julow 4 Cond ()l 50
Sildae anl s o gl esd Il lgie 4 gl

1 Time saving ratio

Journal of Hydraulics

17 (4), 2022
9



VFe) lawoy oF o Lol Y 0490

Sy

Oly> 50 Fe oyl aesd gl o)l (lsie @

500 -

100 -

0 .
0

0 ¥
10 ¥
20 5
30 : : 73

|
40 - :
50 -
60 i |
0 10 20 30 40 50 60

e (g3ldae 3 oaule Glojy (Ul ade ol
($iladie Sds Lais LS50 ond ob alias (agSae
beome S Sl (28 Sl oo Gl sl a2bis

Sy an Sy bl 5l as g e sllas asis

A3l o G jen A bl (A8ly Al g mae LD (eSS Sl gl

395 % gmas ASCS b s saims Lis W

Cowd

(b) -89 (a) —— N=1000
0.88 -
0.86 -
0.84
< 0.2
{ 0.80
0.78
47
0.76
0.74 4
3
1000 1500 2000 2500 3000 3500 4000 4500 5000 0 50 100 150 200 250 300
Number of samples epochs
Fig. 7 (a) RMSE plot for ED-CNN as optimizer (b) R>-SCORE for ED-CNN as optimizer
oS (6 ludae 4l R2-SCORE (b) sRMSE  slhs lsges @)V S
(b) Total error
(@) 01
101 0.20
204
0.15
304
0.10
40 4
50 0.05
L]
T 007003 0.102-0.118 0.1360.153 e 007 e

RMSEC) 0 10 20 30 40 50 60
Fig. 8 (a) RMSE histogram for ED-CNN as optimizer (b) Total error distribution map for ED-CNN as optimizer

sSae iladso sl U5 (slbs w8 48k (D) usSixe (s3ludae el (sl liee st logei @) A S5

Input heat map True input Rayleigh map CNN-Predicted Rayleigh map Spatial distribution of the error

Fig. 9 Comparison of numerical model and ED-CNN predictions for ED-CNN as optimizer
98 (5iladie Il Glgie a4 (ceas AL (e Sgel A S50

S IRV TEREIE X S PRV NANK NN ER EAEEN i s, s i

Journal of Hydraulics
17(4), 2022
95

SR> 9 aod> —F

Sl (ae Al 5, Slee (hagi ol o
)QMCAJ)AQ uL))>dJ3MJ.>L5‘)J )Li’).c)dy

e



VP (225 9 olylee ool 2>

e JEdiie buxo 30 (sruwb ©d pod by (6 5lud

9 (m/s?) (sl,5 ol
AT (K) dLos o)Lol 5
H (m) sl ol Job
I (kg/m.s) Jlw o3
u (Jodse oo olo,S (6 pdded cu o
(m?/s)

ts soue Jow slyxl sl 5k 990 e
. s—ae aSb ly=l (gl 5L 050 (o
Solgls

L g0 —F

Arefin, AM.E. (2016). Thermal analysis of
modified pin fin heat sink for natural convection.
In2016 5th  International Conference on
Informatics, Electronics and Vision (ICIEV), pp. 1-
5). IEEE.

Ataei-Dadavi, 1., Chakkingal, M., Kenjeres, S.,
Kleijn, C.R. and Tummers, M.J. (2019). Flow and
heat transfer measurements in natural convection in
coarse-grained porous media. International Journal
of Heat and Mass Transfer, 130, 575-584.

Balaji, C., Srinivasan, B. and Gedupudi, S. (2020).
Heat transfer engineering: fundamentals and
techniques. Academic Press.

Braester, C. and Vadasz, P. (1993). The effect of a
weak heterogeneity of a porous medium on natural
convection. Journal of Fluid Mechanics, 254, 345-
362.

Fajraoui, N., Fahs, M., Younes, A. and Sudret, B.
(2017). Analyzing natural convection in porous
enclosure with polynomial chaos expansions: Effect
of thermal dispersion, anisotropic permeability and
heterogeneity. International Journal of Heat and
Mass Transfer, 115, 205-224.

Gu, J, Liu, T., Wang, X., Wang, G., Cai, J. and
Chen, T. (2018). Recent advances in convolutional
neural networks, Pattern Recognit. 77, 354-377.

He, Q., Barajas-Solano, D., Tartakovsky, G. and
Tartakovsky, A.M. (2020). Physics-informed neural
networks for multiphysics data assimilation with
application to subsurface transport. Advances in
Water Resources, 141, 103610.

Hur, C. and Kang, S. (2019). Entropy-based
pruning method for convolutional neural
networks. The Journal of Supercomputing, 75(6),
2950-2963.

Db g gmae 4 Ghjgel glaosls JsawelS soue
oy 355 SbgdPlS (mas aSLh (5 )lese iz
ools (390l (gl Jghate e a5 G lgie 4 IS
55 3 i (§3lade Sl (sl gl 2 (e
s e S gl b oolii] xebs b jan b
Olie 003t b i (53l 1l (e
5 Losgel ools Yoo v shoslatnl b b (coo i slas
S5 slas aids pismen ol hjgel 490 VO dg0>
i Joeo 50 aials 3550 50 s ariion oaims las
poe Jlod @l pizmen oo )l (LIS
Sl plge 4 aSd ol e D508 dyge woalal
Sly sras 4Sed jgel @S el Coabad pos Jolo
03ld sl am aS—t (il 5l Rla 5 el eSS
5 (Loyg—el 00ls Frv ) il e Cl> ay Cond i
iz e bl (90 YO) el poaajle e
A ol lio o g o0l Slaa b 4 (35001 5]
@97 40 S paSlh e o0 (orwlin SB35
Ole) game,0 A vga s> malS sams lid oylej 4o
4o bg e bacubre ;o (gooe Jow 4y Cand rawle
Eg—ooms S-Blos )5 Cige g, b Cumbadpae Julou
2P (omae 4o Gl e e Gl L
i (§3led e (61 (ormslin Il Wlgi oo 5505095
ol slealins )3 Coabdpae Jlod g (wgSas 5
Sl B ol s (ST sl n 55 Grizren
2P b Sdien (s> (esSae 5 s (g5ludoe

2,5 oolitul Sg9d (SSeal b Jdie Loy

baslis w).e‘ﬁ -0
u (D) & b 53 ey

(D) ¥ by 53 ey

Leo
p JLid
k (m?) ( Sy yn colan
Pe (kg/m® Jlws S8z
B (A/K) S 5l bl

Journal of Hydraulics

17 (4), 2022



V¥ Ol.u».n} g o)l.o.{;') Y 099

Sy yuad

International Journal of Heat and Mass

Transfer, 183, 122131.

Ronneberger, O., Fischer, P. and Brox, T. (2015).
U-net: Convolutional networks for biomedical
image segmentation. In International Conference on
Medical image computing and computer-assisted
intervention, Springer, Cham, 234-241.

Shen C. (2018). A transdisciplinary review of deep
learning research and its relevance for water
resources scientists, Water Resour. Res. 54(11),
8558-8593.

Soboleva, E.B. (2018). Density-driven convection
in an inhomogeneous geothermal reservoir.
International  Journal of Heat and Mass
Transfer, 127, 784-798.

Tahmasebi, P., Kamrava, S., Bai, T., Sahimi, M.
(2020). Machine learning in geo-and environmental
sciences: from small to large scale, Adv. Water
Resour., 142, 103619. https://doi.org/10.1016/
j.advwatres.2020.103619

Tartakovsky, A.M., Marrero, C.O., Perdikaris, P.,
Tartakovsky, G.D. and Barajas-Solano, D. (2020).
Physics-informed deep neural networks for learning
parameters and constitutive relationships in
subsurface  flow problems. Water  Resources
Research, 56(5), e2019WR026731.

Varol, Y., Oztop, H.F., and Avci, E. (2008).
Estimation of thermal and flow fields due to natural
convection using support vector machines (SVM)
in a porous cavity with discrete heat sources, Int.
Commun. Heat Mass Transf. 35(8), 928-936.

Vu, M.T. and Jardani, A. (2022). Mapping discrete
fracture networks using inversion of hydraulic
tomography data with convolutional neural
network: SegNet-Fracture. Journal of Hydrology,
609, 127752, https://doi.org/10.1016/j.jhydrol.
2022.127752

Wei, H., Zhao, S., Rong, Q. and Bao, H. (2018).
Predicting the effective thermal conductivities of
composite materials and porous media by machine
learning methods. International Journal of Heat and
Mass Transfer, 127, 908-916.

Zhu, Y. and Zabaras, N. (2018). Bayesian deep
convolutional encoder-decoder networks for
surrogate modeling and uncertainty
quantification. Journal of Computational
Physics, 366, 415-447.

Ji, X., Yan, Q., Huang, D., Wu, B., Xu, X., Zhang,
A., ... and Wu, M. (2021). Filtered selective search
and evenly distributed convolutional neural
networks for casting defects recognition. Journal of
Materials Processing Technology, 292, 117064.

Jiang, Z., Tahmasebi, P. and Mao, Z. (2021). Deep
residual U-net convolution neural networks with
autoregressive strategy for fluid flow predictions in
large-scale  geosystems. Advances in  Water
Resources, 150, 103878.

Kamrava, S., Tahmasebi, P. and Sahimi, M. (2020).
Linking morphology of porous media to their
macroscopic  permeability by deep learning.
Transport in Porous Media, 131(2), 427-448.

Kreyenberg, P.J., Bauser, H.H. and Roth, K.
(2019). Velocity Field Estimation on Density-
Driven Solute Transport With a Convolutional
Neural Network. Water Resources Research, 55(8),
7275-7293.

Kumar, D., Roshni, T., Singh, A., Jha, M.K. and
Samui, P. (2020). Predicting groundwater depth
fluctuations using deep learning, extreme learning
machine and Gaussian process: a comparative
study. Earth Science Informatics, 13(4), 1237-1250.

Mo, S., Zhu, Y., Zabaras, N., Shi, X. and Wu, J.
(2019). Deep convolutional encoder-decoder
networks for uncertainty quantification of dynamic
multiphase flow in heterogeneous media. Water
Resources Research, 55(1), 703-728.

Nield, D.A. and Bejan, A. (2017). Convection in
Porous Media, Springer International Publishing,
Cham.

Rajabi, M.M., Ataie-Ashtiani, B. and Simmons,
C.T. (2015). Polynomial chaos expansions for
uncertainty propagation and moment independent
sensitivity  analysis  of  seawater intrusion
simulations. Journal of Hydrology, 520, 101-122.

Rajabi, M.M., Fahs, M., Panjehfouladgaran, A.,
Ataie-Ashtiani, B., Simmons, C.T. and Belfort, B.
(2020). Uncertainty quantification and global
sensitivity analysis of double-diffusive natural
convection in a porous enclosure. International
Journal of Heat and Mass Transfer, 162, 120291.

Rajabi, M.M., Javaran, M.R.H., Bah, A.O., Frey,
G., Le Ber, F., Lehmann, F. and Fahs, M. (2022).
Analyzing the efficiency and robustness of deep
convolutional neural networks for modeling natural
convection in heterogeneous porous media.

Journal of Hydraulics

17(4), 2022

97






