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Abstract: Core analysis is the cornerstone of reservoir evaluation. The digital rock physics (DRP) enables the
quantitative characterization of reservoir microstructures and flow properties through 3D imaging and numerical
simulation. The evolution of DRP paradigms was reviewed from the Ist-generation “ What you see is what you
get” (geometric characterization) and the 2nd-generation “What you calculate is what you get” ( numerical
simulation) , to the emerging 3rd-generation “What you learn is what you get” (intelligent prediction). The Ist
2 paradigms face 2 core bottlenecks: the difficulty in determining the representative elementary volume ( REV)
and the prohibitive computational costs of numerical simulations. The progress of the 3rd-generation intelligent
prediction paradigm was systematically summarized, with the focus on structural properties, single-phase per-
meability, and multiphase flow properties ( relative permeability, capillary pressure, and wettability ). Centered
on deep learning, this paradigm offers revolutionary pathways to overcome traditional limitations: on one hand,
the generative adversarial networks ( GANs) and the super-resolution (SR) techniques were employed for data-
driven reconstruction to mitigate REV challenges; on the other hand, the efficient surrogate models, such as
the convolutional neural networks ( CNNs), were constructed to accelerate property prediction by orders of
magnitude. Finally, the current challenges regarding data dependence, model generalization, and physical inter-
pretability were discussed to outlines future directions, including integrating physical mechanisms into Al mod-
els (physics-informed Al), promoting multi-scale data fusion, and constructing reservoir “digital twins” to

support the development of smart oilfields.
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Fig. 1 The workflow of digital petrophysics for predicting petrophysical properties
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Fig. 2 The paradigm evolution of the core analytics from qualitative description to intelligent prediction
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Table 1 ~ Comparison of computation-driven and data-driven paradigms

dimension computation-driven data-driven
concept & technology based on solving physical equations learning structure-attribute relationship
core technology LBM,PNM CNN, GNN, PINN
key benefit the physical mechanism is clear high computational efficiency
bottleneck computationally expensive, REV challenges dependent on high quality data, weak interpretability
nature of the problem numerical computation problems pattern recognition/regression problems
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PG 43 3132 AN, Ugolkov 451 R # 5L T = HEVRE ) Wasserstein GAN [ 73 HHRBIA BEROK CT
KGRI PR ST 8 A5 AZMRR = 1 RIS o LA S 2 Wy 4 70 AL B 2 ) o3 B ARG 32k 28 07 1 i it
) MR RGN o BRI Z IR B R AW G2l T I 5 0 W 0 T, st is RO 6 0
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rock generation training
; image
X

generated
%ene&atoﬂ image fake
GE) augmented training
generative adversarial network (GAN) dataset

(a) FIH GAN A: s =4ERF %0
(a) The 3D digital core generation using GAN

. . convolution + activation
super-resolution repeat N residual blocks

convolutional layer

activation

LR image skip connection SR image
Bentheimer (50x50) Bentheimer (200x200)
15.2 micron resolution . 3.8 micron resolution
0.76 mmx 0.76 mm super-resolution CNN 0.76 mmx0.76 mm

(b) PRl
(b) The super-resolution reconstruction'®!
3 SEMRAUFBR A A T AR SR s
Fig. 3 Antificial intelligence strategies to overcome imaging limitations
3.2.2  BACH AL LI . MK R IEAER

BEXAE SR AL 5 G 0 9 [ R, — 2 3 o VR B 2 >0 B 5 i e — MBI A R
PRI U 25 R BB T T | 3k 3 P e i)

— e H T %« i 3 g TN 3 3k e 15, CNINs 5 591) o 2 A1) - PP 0D 485 45 44 1) U-Net, B = BB 0 &
BEBAE A K =488 0 (B3R R MR ) 1952 AR 2ot SRR 5 4R 9 I B B R R 1Y
[ ) S B, Mo B8 15 SR PRI B 45 AR i 2 - A 28 D0 4%, T %o v A B ML T 3R 3 R 1 i A\ 3047 T
D45 21 3 25 Z2 AR it e A% 14 e 7 Rt 0 BE i s 2 i b 3 R MF R 256 T B R K B IS 12N 4% 5 Fourier
ST B IR A AT HR T =2k 1k /K PR 7 1 A 0S8 592 AR RE g 0, Ll o S R A% G AL
FEHAN, Zha FT Zabaras'® ¥ 4 5 25 - D 25 R 251 A 2] Bayes HEZ2 0 Bayes HEZR ] DL A B s 1) 0] 2%
Ho2 i AT 45 SR AN 2 1, X DX Mo SRE DY Aty B AT o 3 S X S B 40 0K 0y ) 0y 3 B TR R, O L9
WDKS BE 5 3% 95% Y LA L.

X IK B 1) 7 VAR S IR TR 53 A B4R EAETEREIA 3 95% LA i 50 KS BB i Tk = )
YL, 24 1 X G v A B B A PR R 2 TR, 4l 8 Ok SR R (32 fh g 2 38 TR B
ML RG 2 NHs AR W) (5 B2 2% ( physics-informed neural networks , PINNs ) {8 /2 AR 419 7 411 P1-
NNs [0 SEARU S A B s 1l O R o | AN it R LR 3, HE s 4 1 — A R A R pRBSOR SR

Siow =1 Lossgy, T Af, Lossppg ?
Horr, J[Lossdﬂ.a FTF LA I Srosong TP R (AN Navier-Stokes 5 FEEE Darcy %213 F4% 22 7E A 1E N
AT, DT 3 (540 228 O 245 F i 1 70 38 0 5 A TR I, P A A S W BSp fE R hy 1 E—2D 4R T AL SR T 303
DR ARG BE S WS B SR S5 AR T — I TR 2509 Fourier 128 W45 ) = £ R AR JR 30D 1
FHUEAT U TR T %58 PINNs TEK A 15 B335 J7 AR 2 e A Jm i s DI 19 T RBE, Sy g v i 1 it Ak g 24X
FRAARLAR LT A 55 0 JEUBK. Tartakovsky 452 AN FH A it 0 f5t 50406 B 38 1 A 35 A B9 K ) 1 5 %, He
SR FH I i S T R K S 1) S ECRUR S 5 1 B AR A PINNs BAE S AN 5, 491 A
A FUEEAR ) MPINNs ™ BEREAVH E A X1 PINNs 7 S5 5500, Kenzhebek 5% 1 TAEFLUCR R T 15 %
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(T 0, 0 T8 A SR Y (shock front ) AF UL M)A 5, 0k 5 | AN T 97 T 45 005 0, 0 e B R0 0 i e 2%
7258 J LR R S RS , o b Sl AP gy LI 7 B R K R 1 A A QS R ) T B8 7 15 BIAR KA Tt
3.3 EiRWEFHEHE e

BETH 3.2 /N1 TR B RE AR RIZRAL | W50 3 © 7 MOV L B 235 48 380 22 0098 U 0 1 ) 4 5 2 T
R T A 2 TR RS T B AN R, A /N1 K 08 U A B P PR R T 23 LR JLAS I T AT A
IR RO S SR ISP BRI , AnFLIRRE A2 058 38 3 HOUR IR A TEAL B A B b iz 3)
MR Sh B AR, L8 AR RS A R ; foc ), A PR FL o S S A T S B A T T
Jik gk 2 i,

K2 BNECTF RS RSO MR R T R A

Table 2 Representative Al models for predicting numerical rock seepage and other physical properties

predictive attribute Al model core contribution

end-to-end prediction to greatly improve computational efficiency;
) Lili CNN, 3D-EmaSepNet, (s ¢ hvsical inf ion ( D Jaw)
orosity , permeability usion of physical information (e.g.,Darcy’s law) to
P P i PINN-CNN P £ Y

improve small-sample generalization
an alternative to traditional simulations (e.g.,LBM) for fast prediction of
single-phase flow field 3D U-Net,PINN stable flow fields; embedding hydrodynamic equations (e.g.,N-S equations)

into the model to enhance physical realism

enabling end-to-end prediction from core images to key parameters of multiphase flow;
relative permeability,
3D-CNN,GNN, PINN GNN naturally characterizing complex networks such as cracks; physical constraints
capillary pressure
enhancing characterization of strongly non-linear features such as moving leading edges

segmentation results of U-Net used as physical constraints
elasticity U-Net+CNN to improve the prediction accuracy of elastic parameters such

as acoustic velocity V}, and Vg

3.3.1 LM TR

SR PR U FL B BE SR R i 2 W M dic T S 1 2 80, 3 o S 0 2 ) i S R B A ADL B A
RS Rh 7 EARIAE ) 25T VR 2 L 7 2 SR O i W T80 30 45 5 A ) 1 2 5 ) P 0 2 38
(9 TAEUED] CNN AT LLEH2 M 2D F1 3D B O U 05 35 32 HoHo R Lo o A T A4 3l g 243G
JUABR 2 FE R RIS AL | N 25 81 Y CNN  DNN 6 B $2 TH 2k 56 B4 ( gradient boosting decision tree, GB-
DT) " FI5Z Z=1 3D U-Net ZEH RIS PR BSR4 1 32K FEURAE It A, 45 H 0 b o £ 1
RS BEAC HEAR AR £51] 4 , Xiang AT Y 3D-EmaSepNet W SRR Sy B A 2 R R I PL
TEM T L9531 AR R [R] I S T X005 PR ER A I8 125 R iR T .

N T B AL TS BE RS AR IR R AR B 5 T AT T G AR IE T
FEJ7 1, Jamshidi 5585 3R B HAT Yy BSOS SR (CANFLIREE Sk ih B R4k 2 ALk AR IO %
) AR AL ST RS (i ACRRAE P A B A 3 g R OO B B A (S e e A, AR BR 2 9
TiE T ER G 75 IR B I TR () 20 0 BEAS W 3 03 DU ST AR b i TR A B2, X Aol TR 5
P28 R85 £ 11 JE B X T B TH R T O T () T A R LA E B S M (. Wang 55138 220 73 BT & K
TIEARIE MR 15 385 A8 RO B (Y DG B4 A0 AR S 4K

B Ay e BEL A5 TR 2 2 S A e e 1 Tl S0 Ay 1 ik e v SO s v AR O e [ R, IS AT 1R T
B SR RN A% 27 2] A5 ik AR BIE H 5 O T, 9F 5 g AL A RLVR O B GAN B IO AR A T s R
A R B G R A BT A DR LA TR IR BAR 46 E B 2 2] B 5) — R A JUE AR, ek
TEE B AR I 2R RS A8 22 e B O BONAT: 55, AT TE D REA R T 8808 B A5 B 1) T
&‘&%[31,104] .

SR, b3R5 AT — € Ht AR T A B IR sk 5 BRI 73 A — Bt 1 i — D2 4 il = oA T
BARBIME , A B2 2] (self-supervised learning, SSL) 5 /IMEAR 24 2 (few-shot learning , FSL) 1E A% A7 87 B9 B
UL F B T RERSE T AT EAE 557 (AR O R AT HE RS B B T 2 A DD R X He 2y ) da il
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BAE YIRS BRSO T, A 3257 2 FLBR S R F IG5 HE 5 m BT R IE 2R | 10 48 T BT T AT
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[E] (i A AR T ARFE E A2 (0 S PR A ) RIAT DR e S5O 5 00K o 04 2 7= sh A8 B0 ' [l Liu
S B PI3NN-CNN HEZE K fift oAb A (Y A 5 e JRURS: [ R0, 12 AR AN A B A A 140928 38 38 Ak o [l
AJ LR AT AT B AL T, 1 0] DAMERAHB DL 5 out-of -distribution #EAS  fpe T H {5 Hb F0UI A R0 2
14 [m) e,

3.3.2 ARSI AT TR

Bt I M O R S P o D 2 OUE b 9323 i AR 8 U 14 0y R ) A0 T M 52 4. DA B U R 4
VE R I | HAS B i A AE LB RS E A, T 25 RGeS AR B 22 AR, 255 | AT/ B8V T AR 5L
T 45 S 2 D BRI, %o OSSR LA K W 3 age — PRI 4R 1 B g 1y 20K,

PR R ST - 7E SRR 5[], T A5 BRI 28 000 2% 1) TR B 2% S A | 2 38 A0 B A - Boltzmann J5 i
SEREI AL, 5 12, B R A R/ ME ST AR Y | DU A5, B0 3D IR 2 2] B LR R 5
RS E T Z IR A LS 5C 2R AR 1] 2017 1 A F58 36 B, 26T U-Net 11 3D CNN A5 BE A% 4 i L P 4
(] JUART ), JLARD PN BT S50 3 37 0 i G B 9 2 1% 5t ,Santos Z5H2 H A9 PoreFlow-Net X 3T
a7 B LRI R A RE XS ELSEHb s BRI Eh 25 22 Bl s A AR A B A B PR 3 37 0L R 1 4 e A AL i )
BB FNZ A A R4 AR B2 R th 5| AR TR H 4 Wang 257K R 0] FE4H Navier-Stokes
FREA IR 22 5 i A BUZ T O ISR A T AR 2 1 e 31 B 2R B, Ko 5511 3 1 7E 45 2% pR 45
SR T BT i S B DR E Y 28500 LA Y LS AR Y PR B b o S50 1 S Y = e RS 3. A T
AR AL (5 B AR G SRR AR b B Y ST FL BRSSP A 2R AT R AR T, A4t 3 B
ARV AR BEASE R R | SRS o | i ) K
333 ZABSA M I A AN

Z AR AR R T AR AR, Z AR A TR B T Sl AT Ak i A R 1A A 4 P
TR R R4 2 2 AR AR AE AL IR A 5T A SO TR R W43 A 810 A0 AR -7k A T ) A 23 e W R
STV IS I 8l 1 2 V2 i /K R Y AT 2 1) I F R i PR 12 2 R O R e T2 8 R AR 1) S —
YR AP AR, B XA A2 e Wy Bt Pl $E 55 R BB 7 I G .

FAIA Y TAE 28 F N T2 M 2% (artificial neural network , ANN ) 25 AL #% 27 > 45 A 1 522 38 aF FL B R0 2%
AR S 6 0 Of T 22 A v T, BN L 250 R ANN 25 AR 14950 Y B 48 N 1 B 8 TR ) A AR X
BB R X AR E S T REUR A IRCR (AR 250 S FE S8, Tk A4 A O a5 BHE &
HEAT T,

ARG C G b BT i 3 o 1) T S AR R B R e R TN | 7K 22 R It AR LB
AT , 1 1T S T R AE A 2 T A 3 S S —— A X B 8 RN B A R g it k.

FE3X—T7 18], CNN JEILH 58 KA RE 7, A 4 B B8 A GUIE B NN 28 B He 2 ) S 2R AR 2R 1k o
B, A O =4 IREEUR AT S RS B R T BURAr#E AL R G A Telvari 45 4R T
—FPEET 3D CNN [y R ERASERY | AORER IR RE PEUAGRT G AAR P 1 5 fh 7 R0 5 TR 5K ) ) {88 BE A TN AH X928 325 32 1
TETES), BHR B AL G0 i FLER 190 45 FEA DR LA B G Xie S5 150115 Sy 1 i i AR 74 LRR S i ) R e
AFRSFE DA N EETT S i T —FME A URBE S B Ry A TR | B TR 1 S SR JF B A S
[F) 4 - P AR B AL | e S T AN ) RS B o ARG V8 3 38 2 000 L R0 3R 45

Xt A A o S A L D XA 2854 Jiang ' il FH GINN g 8 i A 2 1 2 4 -3 ST A R A 1 QB RE 6 v
By FIUIN EL AT 52 2% T ) RV R B 285 1) R 4 I 20 R 458, () I 0 I 2 rh R Dot i) 228 T LA R IR Al 32 A T
Kim "7 HEH T CNPNM, K FLBR 2% 2t Ry 18], IS A28 5 ML 28R ] S50 off: i 245 9K vh 1)
TLAARAH.

S B 24y SRR 2 P9 265t o I FH T 22 R AL, {0 45 R A it FE ) B A D S DR IR AR Dar-



5% 7 Gt A . B e OB TR B R RE IO AT T o 835

cy VLA FY) 1>y BEASE Y A2 Rl 3] 0 22 X 2% v ) T TSR S0 D e P B A TR ) AR X 8 12 2R Hanna
AL R R I AR 22 U ORI O RS IR U BR 22, ARG eR B, A AR TR X RS Bl T %
SR P IR R ) B R AE. 1o 88 4 LUK )y 19 05 36 4 v 1R B TR JEE AR /MR AR AR I T B A
P AT R,
CNN (grid representation) CNN (graph representation)
o DI
ARERER A
i | T8 =T IN
ARENE SN NN
RIS W'y,

FFEYEYREIS

(LS S A

(T AT e N
[l 4

input: regular, Euclidean grid data input: irregular, non-Euclidean graph data

processes: local pixel correlations processes: topological connections
(a) CNN % 2RIk (b) GNN IR IE

(a) Grid representative of CNN (b) Graphical representative of GNN!2]

B4  ANTHBERIAX 2L R R EE 2R
Fig. 4 Different data representative of porous media by Al models
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BT DA M A, 2t o R s o O A MR BRI R A 2 R P AR B A TR R R
22 ML ) B X s IR AR ORI | B A I Archie 2 FORFFLBRRE 35 7K 10 012 5 1l 2 Fi SR ARG &R |
Gassmann J7 T4 U T (AR 0 s A 5 2 SRR B ALK R

N AR M X b DU oW 85 A A S e Tl s 22 O AR 3L T — AN AT AT I AR P 9 % L
R L HIE CNN R BCTF 50 = 4E B8 ARG 2 2 LR L] o34 Rl 38 v A AR E 5
BH 2R R 7 10 ok P 25 2 500 8] B B 56 2. 012, Cui 256020 R H 7oK U-Net 55 CNN 2549 CUCNN FEARY |
FH U-Net 4% 0 B R FLBRFNEE BT 3853, SR J5 453 50 %) IEHAG A 0t f 282 CNIN B A Sk 15 5L s 3k 4y 34
LY EE E A R T CNN G PR EUS S: SER DR R JRFREAE , I R 245 3] 783838 CNN (R® i
) 0.84) XF V,, I V T TR (445 Fe. Karimpouli %5 BT HBIFSE T CNN MEH A EHR AT P A S
DR ) PR, AR FH R AL S0 2 X B 004 T 5 1 o P 0 B

AT S 8 E S AT LM B R s R 4 PRSI TN« A e, i SRR 7 (electromagnetic induction , EMI) Hds
T N AL SRR u i e — N 2 2 36 TR RS ) e BB 20 B A% (electrical impedance tomography
EIT) SRR B I ) 2O RUEE  (H LA — > ) JEL B« 30 5 D) 5 b 22 D 286 SHe Il 12 15 5 31 9 14 28K Spichak
B T AR A 2 N 5 R — A b TR, MO LR A% 7 5 S v T T b T R R, LT
4 B 5 9 4 A ol — 30 SR AR RHR 22 R 4.7 % ~4.8% 3% Bk e 1) R A 3L F 46 09 N T4 et il A5 8 A
TIN5 P B B S BRGS0y B AR I 1 S0 114) A 2 45 ) ) WA M 1 P 2 SO Y00, Ay B o A 1 < 4
- R AL A ey B,
3.4 “HMEAMRB MEXSRHR

“ P R AR K AR EE 25 2 %O BT DR ) 2 R HR AL T SN A% 3 300 1) iy M B AR B B
Ty Hb X T FT A AR AR o PR . — 5 T 3B A A LA CNN AR A S R RS K Py e T DA SR A 52
AR RE R A A A R AR SR 5 [ R, 0 B B T T A B, R TR A
BRI 5 O3 — 5 T, B X 3% 5 40 BE R B R O, R AR BORHBE I 28 7 7 ve o s AR A R O3 o R A R
Hi AR (super-resolution , SR) & Tt FEE & BT, A5 30 2R M 1 AR 1 BT AR 1) v A,
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B e o AR T R AR Tk SR Y AR IBURIAR e B, o BELARASE B T 5 301 190 B S 0, UK, Y i A Y
Mz ARE T 5B A R T, 7T YIRS Hh A DLk ) P s 52 2 b J5T 2% (A et 00495 32 T 18 T e

AN TR o ST AR T T8 5 B PR R 1) R R R AN 25 200 S A R R T 4 B I B L S92 N 00 14
PR B RN o B R R BRI 55 R 5 I ) AR 2 e B B X 8 40 BRI = R O B
i, BEE AR RGN, RGN W 240 5 WAR 218508, 15 fil S A8 3. A i
PRI —[n)E, FT GPU AERER AT TSRS B = ok Jr 22, (RIS , n o] 6 4 00oRG B2 i) Bl 1, )
FHBSRYBTRL | AR BN 25 S iz i AL I AR R A T TS0, SR S B AR AE Tl 37 5% 52 b oj FH 1 O ke
X’&)‘J—i[126] .

H i R 2R IR Y BRAE T RRE S SO B AT i e s I 2 T TR R N 51T S 45 SR 1)
{GAEEE R T R UaX —{E AR fa L, S T v 8075 O O AT B N T % fiE (explainable AT, XAT) HEZREL B A 24 i
W FE BBy BRI ARG IE SN nl A UE 5+ AR S R A A T SR — i
SUATERE FALE > B3 T8 B 1) 00 e S A A 1A 7 11 R R s A TR 7 SR A7 98 4 556 5 0 P T
JIr S (AR FLBR X 35k DA G 56 MEAR AR S 4 2] 1 IR 6 0 W LR AR 1T AR T s 5 o — T, A 4 ey fak
YTk AL IR T il AN [ OO 235 2 00T 7 S T 45 2R 1) 120 B B R AR i >0 3k 265 9 R AN
7R T R BE P 22 I 4% () PN AR DRS84S A5 TR N 5 BB A i T U AR ) 2 SR SR R A T Ry ik A T 5 BRPETEA
T S5 15 1 AT TS0 45 SRAE Tl H b g £ .

4 BeiSEE

SR T TR BE 2 2] (R B A O B AR AE IS T Wy 3R AF T50 0 SRR A T 80 38 BB, (2 DAL AR 5% 1) RN
BN FHIE A A S K BB 20E O HANA BT A BPL 2 4k 3 Fn.
® 3 WEFIEEEG A AW RPN Y EEB

Table 3 Key challenges in the application of deep learning to digital petrophysics

challenge category specific challenge description impact on application
data level scarce and costly high-quality labeled datasets limited training and validation of complex models
insufficient generalization capability and reduced hindered industrial application of models in
model level o ) ) o ) ) i
prediction accuracy for unknown lithologies realistic and diverse geological conditions
) . ‘black box’ characteristics, reduced engineers’ confidence in prediction results and
interpretability ) ) ) o ) )
opaque physical logic little contribution to mechanism discovery
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Fig. 5 A vision for the future: a multi-scale oilfield digital twin, empowered by physics-informed

artificial intelligence and multimodal data fusion
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