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Forp) T ARACUE AR T B MR 1] P 7 5080 18] A ARABARE B 050, %k e 910 2 il 42 AR UL SR Rk AT
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FERE TR O AERA P, AR, R 43 (0 D70 2 M8 T N AR ) T3 ORI AL 2, ZERPAIE T2 |
TH AR K R B ) 125 8] jle A 271
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Figure 1 (Color online) The sample of oil and gas reservoirs detection
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Figure 2 Illustration of GKDMN model
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BEXT I il 23R B2 e 91 AR AL, JC IR 2 R B M 5 i 1 2 R AR R P, AR SR Y — i T b o i
PRI 2 RE M 2% (geological knowledge distillation multi-scale networks, GKDMN). Wi 2 fi7w, #&
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I 2 RAL, GBI —AS BV R IALR], E 3 AR R Z A BRI SCHR, I RUEE {5 B B 2
FEFE AT ARG, $20oK, BN TH L T oo BRIz 152 2] (distillation learning) iR, A &H
RERURALE (U h Ze e AT Je I S — AN IS AY | JFR F 2808 2 2] D7 AR MO i 4 22 S 1 B v 2 >0
SN BURAAE, 3 — PR AT 3 S Tk s il U SR JE R AT 55 B AE R AT S .
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B, AT R 5 o) — B2 7 A AR I DG i 391, K HT 2 4% (long short-term memory
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P00 2% 5o 7 1R AR i 30 I oK T 80 25 A8 A R B A 5 (861, ACBEHRLR AT LSTM 2% ] ok 2
PR A BAE AR TR B P 91 P K 2 R R AL, RS N BB AR 2 P BIEEE @) = [of, 27, 2p], HPXS
TR AIRED A n DAL G AR AR AL, of RoRAESHT ¢ RED AR k MEasik
SERMFEAR (Bl BN AR5, 8RR, R N aC (1) FREUF S & AT S B I BRUIRES:

iv = O(Wizy + Whihe—1 + Weice—1 + by),

fo = 6(Wpzy + Wiphe—1 + Weper—1 + by),

¢ = frer1 + iy (Wewy + Wiehy—1 + be), (1)
or = 6(Woxy + Whohe—1 + Weoct + b,),

ht = o; tanh(cy),

Ho, iy, fo A op 2P AIZRZREANTTS BUS T S Hh 1, IXM TS50 mT DA S X R RO AT fa A\ HEAT 22 21
FAR AN EEAE AT RS, AT RO PR 7 1R 27 ST P AT RE 3 BB B R i LRI, 6(-)
& sigmoid BREL, ¢ A1 hy 73 HIFRZSICAIZ A TTHTLHTIN P20 ¢ IRRRUIRES.

it o U0 h 2 Bt R B 7 AU B LSTM A, ARl BE 8 27 5] Hb o Js 1k B 3 b R TR 5 ) 3 AR i
FE, ik, AR RS HIN P T RRARESREAE Z AR E P9 T 2 REIESRHIE Eq = hr.
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FERH T BTSRRI R s, JC LR 2R s S e, T 1R AL SR T S
FEE S, HAEL . AR YRR bR 00215 Dt 2 A A A R A, 3 5 350 R SR E IXT) H BrUSCBE F
FE RSB BUE E R IR A, TN AR AR R, AL B = X R R A —, BANE R
FEIX TR, HFE PR B — PR R R o i g M B A B B 0 58 v, DRI R SRR e e 7 B4R
FEEIHZIRFE R 2 R EERe . A SCIE T 2B (fully convolutional networks, FCN) B7 # {1 —
Tl 22 J]RUPE 1) J B AR AR 2 S A5 28 FH SR I - s B R ) B AR A AR 8L, LAkt X — N N e 471
X = [z1,20,...,27), Lk s NIREREERH —4EIEE A 1 2GR M A M %, B4R FCN P E |

—ANFAE A

B} = f. (Z (W, B0, ) + gm) 7 @)
t'=1

Horh, BY) Forat 1 RELL s RBEBUREE ¢ 5 F BB L, WA b 4 BIZRRUE LU %, () &L

B IELHE R TE (rectified linear unit, ReLU) Jy i B 40 M0E 2. 330 (2) B AT SO0 H: 45

PRBEIF R IR B R BT, % FON SR — 2R Y = (B0 B(D)),.. . (L] A (3)

[ 4 Jai PS5t A B gt T DA A 24 IR B FRURE T bR R M (R AE [ B B
E, = GlobalAveragePooling(Eg)Lt)). (3)

LV B AR RE AR E R BE U s, AR R AT R BE X ) N R B P RAE B .
By FRUE, BB RT SRR AELRIE 25 ) IR b5 2 % B A 2840 i B g

4.3 ZREBZEENAHESILH]
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(il B AR AL A BRI R S R AR PR A i SR R 4 ), AR L RE NS B Sh 24 A [FIER B RUEE
T HJFURS AR 24 BT R A KR S T RS2 M REEE s R, X AN RDRUE R IR AR AL
Ak, BB B T )R 5 R AN AR AL, RS2 2 BUAN R RUBE T U 4R AR A2 x4 i i
TR 25T M DL SRR B PR R GBI, ARSIV — Al 2 RUBE VR U Rl L ok
AN [F) FRUBE 2 (8] NS &SRR AR R AE AR B BRI (B0 3T Z I BE L A 2R ) AR ARG
R, 3t — A2 IR AN R RBERFAE XS 24 BT 30 57 Jes 1 220 1 ) AL

FERTPI T, AR RS RT UL A B MR BE TR AR T AR BOZ 3 T 5= 1) 4 R A 2 R R RS IR,
B0, ALV E(X) R NI H X 1042 R 45 22 RORE J5 B0 £ i R

~

E(X;) = [hr, B, . .., Esn). (4)

FIB IR LS, 15 & PEARFAE 2 ) A7 75 (A BLAROBOR I, £ T2 ki B HLH] (multi-heads
attention mechanism) (B8] it —Fh 2 REERHIER A 7V Jﬁf‘ﬁ, X2 RO RFAERE B E(X), o FL S
Bl AL T EP = WPE;, Hoh, B, RONFHIEARE E(X) 0 A, wr e RN d
HEFI LRSI BIS6 p A o e FIBOMUHAERE, S8 & = d/P, P FoRWUT ISR B Rk, SRR
[ J]RURE Fy L 5 Ao AAE A AN [ 4t 572 [ rhoAE T AR R R -

P _ W;}Ef ) (W;Ef)T
= Nz ) (5)
Horp, of  RonH i A1 AR N HUBRRFAEZ 18] 1 ORI B ME, #E— Pl sk (6) Frs il Softmax

BRLHCAT DO R VE S AT IH A

ar . — eXp(aij) (6)
WY explag;)

Ht, BEARSRIUR L& S RIERN 25, BIATCUEIE SR (7) #E— B3R AHE R i 2 R T
EARATRIE, B, X TR RUSERHE EP 782508 p RAE of WF:
W= "arEr. (7)
7=0

I YE T LRI B A) SRIBCAE A [F) 22 8] ) 22 RO RS RFAEAEFE H, = [of,of, ..., 08, ], B R, i
REXSAS )2 1) il A R AR AR B EAT R, IR (8) P, I8 — A2 )2 BEAIHL (multi-layer perceptron,
MLP) 2544 2 7% 8] 2 RERAEHEAT Rl

GX) = f (Concate(Hy, F.., Ko W), ®

Hir G(X) Rt NFHFF X 12 RERHME BER IS RIE, f.() REERREL ReLU N
TEBRELE) MLP 254 H, Concate(-) BRIEERIN 2 Rl & 1 EPHE R A, WH FORBCEIERE. a0
X (9) Fior, Bid—A Softmax bR E RN AT T H i 5 S AE S Z IR A 80 50

y' = Softmax (G(X)). (9)

5 MRFEIRZEES)

FE_EIR A A FURFAE 22 RURE 27 SIRRLIER ) 2™ PRAR S 48 A% RAs AN — B85 B s iR 2%
WA SRR BRI S, B e A2k TIRAINBIAR AL B BT, BB S S 2358 T H s R R TR
MR B T i
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5.1  ETHAMRBMIL R BUZIT
X TARGE I 73 BATSS, — B /IMEER (10) 58 SO 2% bR B ADR AR ASE 2R | SR B v O 20 73 5
T
1 N M
Lori - _72 Z Ym IOg (y;n)7 (10)

i=1 m=1

Horh, N A M 23 3RS IR SR AR B S B R JZ EANEL, gy AN ), 73593 20 S SR MBS
X2 2] B TIAE.

IR, A2 R B T SRR 55, (H2, X 2ARZE0 K, 28 UM HUR BRBUR 5 [ 2
ZHREAT S IS AN I i L, el S R SRR B 5 2k 39, I_JHT Xt AR = R
1E5%, —J7 M S BRA T RENE, FLR AT AT+ S, 53— J7 T, X AN R 2 RO H Ak
”E’JKH Xt A L R EOR AN [, B0 A B TR« UREE BAT TR R P i £ S A 1 2 2
Ktz TRFKZ . TREEIERMEBRI MR, STk, AN D3R I Rhk 30
AR T2 ST A R K, BRI s

S =+ (=) (1=
X (1)

:_NZZ (am(1 = Sm)” - log(Sm)) ,

i=1 m=1
o) S, BXT30 m WTARRE 7y, o, Ron m RAIIALE, BRI B N AILE I ZR A fr o5
e, v R RIS H, R 2 ST oA AR 22 19 S nd T ok sl P 1t + BB 2.

5.2 ET M RENRZARIBOUI R B

QAT SCRTIR, X S Tl g5t A i 2 2T v G A — U B R IR IE T 2 )+
M, GRS IE TRE 7%, A0 BB S ESETE 7 2R M LA A 1. ST ) A SO — Rk 3
JR SRR FE AR ST 1073 F ok AR 3R R — SRS B3 (MR BURSAE o 25 S84 o b B S k. Lkt -0
FHE SRS X = X U X/, Hh, X RS R FTA AR A I A R B, X7 RIS AE
FEBURRAE (401, (139 R, 76 HBHRE 22 Ak i) ik, X7 2RI F b BT B & O4SAE, R, A
B A AL A R BURAAE (P B U1 5 — N S R 2 TR AT 45 1 22 DAY S22 DA 2 ) o )
P9 Yroacher HIIEEER (9) 1531

y’/I‘eacher = Softmax (G (X*)) . (12)

b, il ERMES (11) RUATPL AL B S A R BURR AR A 2 DA AT R EBUEL &5 A7 B4 1 M5t & 1k
SR R A R E R SR I AR 21 Uk Nk (13) B, RIVRTERIRGE 1 G 205 A R
SRR R A A i

yP = Softmax (G(X*)/Temp) , (13)

Forbr, yD RORZ IR G0t 7808 5 B T A 1, Temp il B 2280, KA 1) 22 JAS 284 (i it 25 SR 1)
SRR, B TOR, I il U AR R RO 2 3 T RE R 5N TR AR 2 1 R A ) B R ER U
%El’]%?ﬁ?éﬁffif‘?ﬁ’]ﬂﬁﬁkmﬂ, M EE— B R Tl kSR R TR R . sk (14) o, B
AR ST R R T i/ B 3 2 AR R RS BURR AP A B A

N M
LD = 7% (Z (am,(l — S )’y lOg +>\ Z ym log ym ) ’ (14)

i=1 \m=1
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* 1 HEEEGT

Table 1 Statistics of the datasets

Statistics #9FAB2 #BF8A9
Number of total wells 299 180
Number of total samples 749209 541717

Number of reservoir classes 7 6

Number of wells in train set 239 144
Number of sensor features in train set 21 12
Number of wells in test set 60 36
Number of sensor features in test set 5 5

Horp, X ZORTHSE, FERPH IR SR G645 AR A vh 27 53 DA R A DTSR e 2 3T (Al T AL EEL. de
J&i, ARSI ST 0.001 (1) Adam 5i% 420 SRALAE T S 40H SRRk

ARSCHR ) GKDMN A7 15 PR R AR AR B AN — UG B2 T B0 B AR R IR AT 55 518 2
AUESRZ R R R 22 RUBE RS PR RS, ASSCER Y — R T B RO HSURAE 22 RUBE R
AR D, BTN H 2 2 S A 1R A T — b AR AR 22 S T AR A STHEE. XA it
NS B B A B3R AL

6 SKITTRfE

AR I8 I A LS T 37 s B R B A e S R P A0 TR B A S b g i U AR 1R 1)
LB AT R S R

6.1 SCI¥IRE

RS SIS HE A R T B R AR S A PR B B S T G, s e s A R 2
T X H, #9FAB2 il #BFSA9 [XHt. Hrh #9FAB2 X Htidt a8 299 LIFEEE, A s EREA
% H N 749209 %, EEZZNE 7K (BEKE WZE JZE TE WKEZE SH0KE, DUk E
WEE), BT 21 ZISAR AR, b 5 ZHdE kA TiE AR (AR, MYy, a4E
Ry FEEIIE, DR BB ER ), ot an b 725 BE A5 22 AL Rt 2, 2 I b i AS L 48 1
Fh2k. #BFSA9 X BV &4 180 M, 541717 £G RUEEIEFEA, KHH 6 25 (BEKE. WE. T
B KE R SRR, BLRZEHE), A #9FAB2 Ji HH X He—30 1 5 568 FH I ih 26 DL &y 7 Kk
BURHIE. BARMEdE S AR 1.

6.2 SCIEE
6.2.1 SIEFEEH

SEES R ASCRTER ) GKDMN F5 DL R 43056 L 7325 T Python 3.5 P& TensorFlow 1.10.0
SEHL, AR LSTM PLK CNN & sl 55 /N B0 128, BRI E Dropout A 0.7, Batch size W BN
30000. A E 4 MR RER RS RN 4, HIRERE W BN 0.625, 1.25, 2, 2.5 m. %
REEFHERLE LR 2B RS H P BN 8. AT A T IIERC B ML 2.10 GHz Intel Xeon E5-2620 v4
KOFEZS DL M P Tesla P40 [ Linux R %548 Fis4T.
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6.2.2 XftbAE

Xt EEESIE AR SO H H ) GKDMIN AR AR Lk LGN~ 5 Fpo7 kA E ARt L.

(1) BEEEERFH VSRR (GBDT) 431, 2 U iy 3 B2, a0 N D KR B HE 51 i it 2.

(2) KHHILAZNGS (LSTM) B9, Z FFI4 NI LSTM M4, i\ & 2 AL a5 7 41, 42
AR E AR

(3) BBFMA ML (FCN) BT R —4E 450 W 25 AR A, A5 B4 IE BAAE 7 51 4 2 0] i A
FHARUT TR 1.

(4) KAEWHAZ 2B FING (LSTMEFCN) 27301 H i e i (7 51 3 IR FEE 24 SRR 7E 2 MBS
75153 AT 55 Ik B R BUR

(5) WIEE K ECIZ B ML (ALSTMFCN) 27301 36F LSTMFCN Bk i 76 JFfk
BYR 8N —> A R AL LSTM ARk, IR ) — MR IR BE 5 2 81 o3 2R A5 1.

EAREF R, DA e ) e N PR, DRI A 5 RS B0 A — BURS 58 Hh (R AURRAE,
UESR FH (0 #82 SE At R L R AE . RIS, A3l — S IR AR SO R AR AR () A — N LR I 35k, AR AR S0 32
th GKDMN J:fili F3Li it 4 Ppas gl

(1) AAERE RS AL R IERAE R (108 GMN-a). fEARZEIFEUSIERS T, %A BVEE
G NIRRT R BAEPHE 756 3 2 RBERHIE.

(2) 2 REEVERE b L EREEERY G GMN). AL R BV IE S0, 18 /0 2 R4S
ASREN=wil: Sedin) Eith

(3) ANHEE S ah WL 2R (i0 8 GKDMN-a). % UL, T 2818 STHER T i
A BRI A UGB,

(4) 2 REVERE Rt S HLE RS (108 GKDMN). &1 4 itk il A .

6.2.3 TENIEFR

R A ST 1 GKDMN B LA KB R H 71 R J2 R 30 45 o O 2, A
FUREHAIE (precision) . AEI% (recall), BhKe F1 HE AP A BRI X HOKOHR A 1RO AR L
S, LA, SO X R

TP

TP + FP’

TP
| 15
Recall = 75711 (15)

Pl 2 x Precision x Recall

Precision =

Precision + Recall '’

Horp, TP Kzt U2 RN RSSO AR AL, FP O AR IS U S 2 R 9220 1R
AH, PN R IER M SR Z RN A SO AR, ERERNE, TR0 KA,
B RS B AR SRR (ST R, 7RSS THVR IR AR B R A AR INBCT B I, THE AR R
FEBA AT BT 2 {H.
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ARSI AL AR X BB S T AT 524G, R XA i) 22 3] 2 HEAT e, OIS
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Table 2 The performance comparisons of oil and gas detection model in different datasets®

Method #9FAB2 #BF8A9
Precision Recall F1 Precision Recall F1

GBDT 0.5750 0.6579 0.5872 0.7099 0.7555 0.7289
LSTM 0.5565 0.6625 0.5779 0.7426 0.7655 0.7484
FCN 0.5758 0.6700 0.5812 0.7461 0.7509 0.7483
LSTMFCN 0.6104 0.6841 0.6069 0.7277 0.7951 0.7493
ALSTMFCN 0.6155 0.5896 0.6006 0.7305 0.7924 0.7546
GMN-a 0.6126 0.6863 0.6115 0.7380 0.7965 0.7609
GMN 0.6349 0.6995 0.6394 0.7411 0.8004 0.7640
GKDMN-a 0.6330 0.6892 0.6475 0.7583 0.7870 0.7686
GKDMN 0.6486 0.7045 0.6540 0.7488 0.8086 0.7734

a) The best results are in bold.

6.3.1 XFEESELG o4

245 9 FONEEARRBIEE LR . BRER, DU 1A AR RT DLTE I R0 5 2] A
SCHEH ) GKDMN A58 DL K AR P 4 20 SR 25 A0 T O A AR RS J7v2:. B4R 5, GKDMN 7E A
e AR TN SR E 2 2 i FLAE D ARTE 7.8% VAR 2.5%, HH HARXT FA G884 1
7 GBDT {EPIAEUE 4L RS0 B Fa b LS 12.8% LK 5.5% RIFETt, 764 Bl R 4848 LEUE 7.1% LA
K 7.0% WIERTE, 78 F1 a5 By BUEUS 11.4% PAR 6.1% MIRCREETE. [FR, Fra8fE #BFSA9 [X
B A F RIE T T #9FAB2 X HUEHESE, X2 Fh #BFSA9 X Bl S g4 )2 m 8, S5
WASEEZ IR BT SSH LI #9FAB2 X ERFENZE 5. [FIR, AT AW S 2 AR SCH B AL /5 5 4 44 (X By
W E BRI T SN i, 3 — 20 U B GKDMN 528 G % W e 5 0 52 % () 3 AU 4R 2 R0 Tolk g 5.
B0 0 LA 7, W] DAL SR BITR FE 2 ST RUE N S 4 RSB . AR, LK F1 $eds 13
U548 T GBDT BRI AR, 1X —J7 2 Ry GBDT R TG AR 17 b SR 51 B0 () 3h A T AR i
PRI EE 7 R W DT, R 2 SRR R 68 o 4 M A BORRAE 2 (R A R 2R M DG EG, IR FE 12
T He 2 SR 2 1) PR FE AR A 6 2R

TR ARSI I 4 PSR 1] DL BI7E P NSO AR P AL S A ) GKDMN B 7R
Y K ZHUE DL N USRI BCR . Hodr, 0T 2 RBERHE B VE R TR EHLE 10, 68 A Zat Gl
il RS AL 0 E AR R FZ AL B AE PN B8 5 b F1 Fa A5 70 3Rt 4.6% BAK 0.4%, B85 H %
MU 2800 2 S BB AR LU AR B0 & B F1 48 FR 70 3R 1.0% BAK 0.6%. X UBHA I 2 R
FERFAE B R b A ALHI A 2. RIS, A b TR AASE AR SR A 2R3 o) S e AN B S Pl
FEAR BT 2.3% LUK 1.2%. 31X i BH SR R 28 08 A 7R B A 1R g R RS B HE R AT AR 255 b
JRATUR. 33— 25 B8 UE LE WU H Y 2 R AAE 2 S5 175 5 -t o e R 2 RS TR 1 A St

6.3.2 ¥t

Rt — PR A S B BB, ] 3 R 4 B T GKDMN AR PR AN K08 42 A A [R] i T i 2
BN LR ZRE S SR E S50 Temp W B, WAAEEZ IR HERE, Pk 4 HIRESH0 702 10,
30, 50 A1 100 PA K& 10 HZRMRE I ESEL K 3 F1 4 o] LIEMT U %EE] GKDMN fEA RS E
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Figure 3 (Color online) The model experimental results of the oil and gas detection in the different parameters on

#9FAB2 block dataset (the horizontal axis is the values of parameter A, and the vertical axis indicates the matric scores).
(a) Precision; (b) recall; (c) Fl-score
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Figure 4 (Color online) The model experimental results of the oil and gas detection in the different parameters on

#BF8A9 block dataset (the horizontal axis is the values of parameter A, and the vertical axis indicates the matric scores).
(a) Precision; (b) recall; (c) Fl-score
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Figure 5 (Color online) The model experimental results of the oil and gas detection over the different epochs. (a) F'1
scores of #9FAB2 block; (b) F'1 scores of #BF8A9 block (the horizontal axis is the number of epochs and the vertical axis
indicates the F'1 scores)
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Abstract Oil and gas reservoir detection is one of the major tasks of petroleum energy companies in the
exploration and production process. The oil and gas industry has long relied on the expert manual analysis of
massive logging data to perform qualitative analyses of oil and gas reservoirs. Although experts’ interpretations
are highly accurate, the time and economic costs are considerably high. With the rapid development of artificial
intelligence technologies such as deep learning in recent years, intelligent oil and gas reservoir detection methods
have become a focus in the academia and industry. However, sensor data in real industrial scenarios present
serious inconsistencies, which bring great challenges to traditional supervised learning models. This paper presents
a focused study on the oil and gas reservoir detection task in the context of sensor inconsistencies and proposes a
geological knowledge distillation multiscale network approach. This method proposes a multiscale feature fusion
mechanism based on self-attention to learn the multiscale dynamic representation of geological information. Then,
the model designs a geological knowledge distillation learning framework to learn additional geological knowledge
from inconsistent sensor data. This step further improves the model’s accuracy. A large number of experiments
on real industrial datasets are subsequently performed. The results fully prove the effectiveness and robustness
of the proposed model in oil and gas reservoir detection.

Keywords oil and gas reservoirs detection, geological knowledge, distillation learning, sensor data, deep neural

network
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