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Abstract

Density logs (DEN) are essential for reservoir evaluation, porosity estimation, and lithology inter-
pretation, but they are often incomplete or abnormal owing to borehole conditions, tool failure, or
limited logging programs. To improve blind-well DEN reconstruction, this study proposes a multi-
scale TCN-ECA-BiGRU-Transformer network and formulates the task as sliding-window center-
point regression. Nine available inputs, including conventional well logs, center-depth information,
and a resistivity_ratio feature, are used to predict the DEN value at the window center. The model
integrates multi-scale temporal convolution and efficient channel attention for local depth-wise fea-
ture extraction, residual BiGRU and skip fusion for bidirectional contextual representation, and a
RoPE-based Transformer for long-range dependency modeling. Experiments were conducted on
7394 valid samples from 12 wells in the Daqing Oilfield, using well-wise splitting and an independ-
entblind test on well T252. The proposed model achieved RMSE, MAE, and R? values of 0.0296 g/cm3,
0.0198 g/cm3, and 0.9290, respectively, outperforming machine-learning and deep-learning base-
lines. Leave-one-well-out validation yielded average RMSE, MAE, and R? values of 0.0316 g/cm?3,
0.0213 g/cm3, and 0.9167. These results indicate that the proposed temporal modeling framework
improves blind-well DEN reconstruction and can support missing-interval completion and anoma-
lous-log repair.
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Figure 1. Overall architecture of the proposed model
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Figure 2. Structure of the multi-scale TCN-ECA module
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DEN {E A A W B A%, (EAE R RERS (R R E bk s 05 AR 5 i DU B AS S 34T S FE Bk A . %
o s THUIU SRS R A8 A 551 T 11 I SN, R R R R R it RS L R BRI R BE T ) SR 1 Rk
BE 1.

TEREAE RO R, IR RBAIE SR DK 4 MG 11, AR AR AR F e o il AH 4R 7 11 2 1)
MESFEE; MAERAPEKRN | MR O, DUS R 25 MR e SRR m, 8 TS8R e 211
E I DEN Tl 2k, $H8 FReng, SR @IIgT ) 1265 A ET 51 288 A~ MARF 1 515 4.

AR 3 I7 1, AR SCRAEIR 7 e, iR SR v B TR, A SOK G39. G431 G921, G933,
G94. G96. J392. T251 F1 X78 3£ 9 LIHAENIIZREE, ¥ 1393 A1 XT3 ENIRAIESE, H T252 {E ML
I

RICRH IR ZE . P L R 2 T REBUE AT fa bR, RMSE & 3UR:

(22)
MAE & 3UN:
1,
NME:NZy;%| (23)
i=1
PUE R R E N
N /a 2
W=FZ%Q££% (24)
ZI:I(yf _y)

Horb, y FORFESE DENAE, &<l DEN {8, y RpRASHEME, N ZRNREA%E. RMSE Xt
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SORFIRZE, R TP H B 252 DEN AL ARG /1, RMSE FI MAE #i/h, RS 1,
TR T MR AR

3.3, MPEESHRSTR R

NIGAIEAR SCAIT 4 25 JUE I 0 8 P8 2 S RS B0 7 2 P il 4 B MM 25 R I i, RSO BAR Gl 227 o)
BORL | B YR SR RN & T SRS RUAE A0 EEFE 2R . A R 2405 P AR IR IR B s e 46 3R . TN
REAES /50 E MR IR 2 PPN Fabs,  DAORIE SR8 LU AP

1L G128 % SR 1% B Random Forest 1 XGBoost /E 4% . Random Forest B B ompIIE L1l &
Re I AP FE AE 7, TR AR R AR I 28, XGBoost 3B LA $E T ML I3 50 5 A AR 2k o¢ RRILRE U,
EA 2R R B TATS . BTG5 AN GE BB = 4R BN, SEI0 oK B R AN
RIS AT 4RIk .

TREE 22 )% LU AR A% B LSTM. GRU. BiGRU Al TCN 2575115 #), LSTM Al GRU BEWS EE B IR B 5
) LRSI S R, o GRU ZEMAE XS (a3, IR R, BIGRU REWS [ R H b 2 i G il
f E RSB R, SASC G SIS BONUEES, TCN JUE i 5 AR 45 M SR BUR B AR, Ae i sl
F i R AEA IR FE AT I A IR AE . S8 5 B L, P CAMAE SRR 2R ME[RI VA . B 7 47 A
L) 7 3 RSN A5 AR I 7 A 46 A B PPN AR SO B (1 EE R e

DNRE— 5 Ay BT AR 2 % 2H RS 43 %o E AL M RE B DR, AR SCRE T Al ST o Y RS DA SE B AL D B
I35 2 BREUE e oGRS, R ORIFEAE R USRS AV Fa AR — B, BAREAE 2R 2 REER P ARHIE
PREURER . 2Bk BIGRU U] 3 S R SRS . PRy 2 D BURFAE S s b, DL SRk 2 e e S i .
T bl A v BRI 5 O [R] 9 Al AR A 5 R E E Y RMSE. MAE Al R2Z84k, A PASE B2 M & i Hont 25
JEMRHEMREE . R R R R A IR EF R SR . B e, A SN P R X L AN H Tk o
MT AN 2 T GRAE BT 32 7 V0 3 5 A B

4. BR5TTR
4.1. FEIEEREE L ERSEXEE

VAN AR SO Y 7 2 0 55 i o 28 B MY AT 45 TR iR 44 e, 1% BX Random Forest. XGBoost. LSTM. BiGRU.
TCN. Transformer. CNN-LSTM J 2 Ffi2H A 2UIR B 2% SI R RUAE s Be X 5o v AR 2R 350 % FH A [R) o
FHIE. TRACERAE . IZR/A0uE/ MR FIPPAN Fa s,  FEAE T252 B HFIASE EdHAT Pl . TP iRRt
#i RMSE. MAE H1 R?, .t RMSE #l MAE j#k/NE s Pl i 22 BAIC, R iR 1 A% B.52 DEN
i 26 AR A B 0L 6 e 7T R

H#E 1 AT, A SCRRI S I A 45 3, RMSE. MAE M1 R? 43514 0.0296 g/cm?. 0.0198 g/ecm? 1
0.9290., 5 R IAAEIT ) BIGRU-Transformer AL, AR (1) RMSE F£1K4 12.0%, MAE F#{8£] 4.1%,
R? H1 0.9081 #2152 0.9290, Ut W HAE BRI 3% 2 A48l & DEN 2 A2 5 s R A L.

ME—EM]E, LSTM. TCN F1 Transformer )R IINETHE AL, Hed, LSTM Z[R T H[4)/F
B, e LATE R BARERE ST S R SUE B TCON RESEHEIUR 3R B4R i 2 A8 1k, (HA )R
AR /A 2 Transformer FATEUF A FEUREATRE /7, 5 BRI F IR Sof Ja) 3508 dpk 20 A 22 RO 00
e 2 R Z TS AN 78 43« BIGRU 8 XU m G5 M358 1 B NS00k, YEREIH AR T LSTM, i B XA ¥ 3145
S H AU R IO B A AR ARAE A

AR BREAR T 2B — 18, R R IMFFESRE 741 B SOOI 4 J5 O i A 2 [ B
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HaME. Hrp, BiGRU-Transformer I TCN-Transformer ¥EUERIIF45 58 . 4R, Vanilla TCN-BiGRU-
Transformer PEAERE 2, Ui BA 6 AHES 2 MEHIEAGE LRI THE E, SHPEHEEE. BlE 2014k

g PR L

Table 1. Comparison of density log reconstruction performance among different models for the T252 blind well

= 1. TRIEEE T252 §H LR E B & ERMREXTEE

Model RMSE MAE R?
Random Forest 0.0784 0.0570 0.5446
XGBoost 0.0754 0.0558 0.5784
BiGRU-Transformer 0.0337 0.0207 0.9081
BiGRU 0.0356 0.0245 0.8970
TCN-Transformer 0.0356 0.0239 0.8968
Transformer 0.0369 0.0208 0.8896
CNN-LSTM 0.0428 0.0222 0.8514
TCN-BiGRU 0.0483 0.0312 0.8106
TCN 0.0493 0.0360 0.8028
LSTM 0.0527 0.0355 0.7741
Vanilla TCN-BiGRU-Transformer 0.0642 0.0468 0.6654
Ours 0.0296 0.0198 0.9290

Kl 4 3P RoR TAFBATE RMSE. MAE 1 R? EIZER. SAKRE, ARCBBRITERZ bR AL
AL BRI, RY] DEN 2k SR AR S AR L P [m] VA 8, SR ARG FS I S8, R J3E 3 45
PRS2 BOA AL 35 Ik 5 A

(a) RMSE

0.0296

RMSE (g/cm?)

MAE (g/cm?)

(b) MAE

former

(c) R?
10
0.9290

0.0

Figure 4. Comparison of RMSE, MAE, and R? among different models for the T252 blind well
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aaaaaaaaaaaaaaaaaaa
dane Tee dme B deN
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R 754 J VA4 T PP S 2R A P AL o SEBs T A P S I TN i 282 75 BE 0 (o TS i 28 FrD 3% 522
il WA BRSBTS RAE. It AT BE—20 DL T252 B IS G, 0 A ORI ) S Tt h 2

AR FR IR Hh 2 EAT 20 M7 o
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K5 g5 7 T252 JFHSE DEN iR 5ASCHAL TN DEN #hZkfxs b g R . WEEAESE, T i
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Figure 5. Comparison between the measured DEN curve and the DEN curve predicted by the proposed model for well T252
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ML, ARG DEN 2B AR B AT BORERERRE /1. R (H BRI, Tl Hh
LG H LM I A G ERSV B EIE, BB AR TT S AL B, L RES R
B 1 B SUE BRAER LT A L A S AR e A

K6 Bt s 1 T252 H AR B BOREE A AT DR Y, AR SORERUAE J) ke AR B Sk X {73 g
B OR R SE 2RV AT B, X ) S BRI A S O - SRR, 2 RUE I P RHE 3R O Bl
TAHARAFIR R N IR AL, X1 e 51 A 4 Jy (RO M U 3k — P 15 1B S A5 M g

—— True DEN == Ours --- BiGRU-Transformer —:— TCN-BiGRU - Transformer
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Figure 6. Enlarged comparison between the measured DEN curve and the predicted DEN curve in a local interval of well
T252
B 6. T252 #FEHEBFHELE L DEN BhLk 5T DEN BRZZF AR EL

BARRE, T252 B MANS HA R, ASCBRAMUAES THE bR EEUS RIS R, 1 HAENS A4 A
5 H 5 DEN i 42 2855 — SR ES A th 2k, 245 R IA SO i BB E Ha vk, Iy i
LIk BAba . W BUB R UL LG S8 2 S BUR R S s 26t

4.3. RESHSBEHZHEE

NHE— D A TR R TR ZEREAE, B 7 A T T252 BRI o0 A S TME - BB R L. mT R
B, EEEEPFETMEMIL, KEAFHARREZERDN, BRI AE U] R G0 (i = B L
Fo MSEBORIRZE T S BUAE ih 28 P 22 A 8RS AR A BL, R R R A2/ /2 DEN i 2k SA ) 1 2
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Figure 7. Residual distribution and predicted-versus-measured scatter plot for well T252
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NI TR % 0 OO BRI RE R DTk, A SCHE— D IT R RS . DLSE SRR BEUE, 7l &
K ECA SEIEHFAEIG AL . Transformer 4R MBI . BIGRU A P FI R . 22 RUBERFIESR
OB SR AN RO R A5, IFORFFEIRRI 70« IR M PP FE AR — B0 T RSEIRZ R W3 2 P

Table 2. Ablation experiment results

2. HASIWERE

Model RMSE MAE R?
ECA 0.0377 0.0242 0.8845
Transformer 0.0406 0.0246 0.8665
BiGRU 0.0300 0.0202 0.9267
Multi-Scale 0.0360 0.0237 0.8945
Skip Connection 0.0307 0.0188 0.9235
Ours 0.0296 0.0198 0.9290

B 2 A, eI IS LS A G . 2Bk Transformer J5PERE N M4 H &, RMSE J+Z 0.0406
glem®, RZBEZE 0.8665, 15t W4 Jay MO A Ao il $2 % 158 il 26 KA e 34 AN 2 BORT BT RBEE R . B ECA
A2 REEEESR B S, RMSE 205712 0.0377 g/em’ F10.0360 g/em?, 3 B 18 FRAE 84 58 F1 22 R =
RIS B T SR T O BR I - e R Y R TA R

FEEZ T, 26k BIGRU MIBEERIES: 5 VERE AU, Ui W] =3 F 2GR F BRSOk 78 MURFIE A% 326 19 5
ER . BRKRE, ASCER RV RS T IR IR MO — B, T2 2 RUSERHESR I, g sm. Xn) BF
AR AR A R A0 AR B [ R 4 AR
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B T252 [ B AHIMRSN, ASCE 0 RADEI B — I e SR AR A R Bz e s, diRtnk

3 TR

Table 3. Leave-one-well-out cross-validation results

3. B—HRNHIELER

WHE RMSE MAE R?
G39 0.0296 0.0218 0.9357
G43 0.0212 0.0156 0.9605

G921 0.0268 0.0198 0.9440
G933 0.0408 0.0294 0.8717
G94 0.0317 0.0228 0.9254
G96 0.0232 0.0172 0.9610
1392 0.0253 0.0175 0.9415
1393 0.0248 0.0148 0.9527
T251 0.0269 0.0189 0.9342
T252 0.0354 0.0242 0.8982
X73 0.0451 0.0282 0.8460
X78 0.0486 0.0251 0.8292
Mean + Std 0.0316 = 0.0090 0.0213 + 0.0048 0.9167 % 0.0450
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