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Wave impedance inversion based on ResUNet and its accuracy improvement in
complex geological areas

HEA, 2R IN HE

LIU HaoJie, GONG Min, WANG Lin,HAN Yi

it il P D) A BR A W R A A W A AT ST BE , K 300459
Bohai Oilfield Research Institute of China National Offshore Oilfield Corporation Limited-Tianjin, Tianjin 300459, China

H E WERGSA— AT EREBENLT 2 E Abstract Seismic inversion, a critical method for
Wb A (e PG ) 60 bt or ok b A MIE S R inferring subsurface petrophysical parameters ( acoustic

impedance ) from seismic data, plays a vital role in

MRT B ERNRA. R, AR BB SRR T hydrocarbon exploration and geological research. However,
RS ERY AL 2R RE YR, _EL‘H’ ok R B conventional seismic inversion methods heavily rely on low-

frequency background models, exhibit sensitivity to noise
sy o Hu }L }_ 4 i
Xﬁ kil SR LR AT 8 @ A R BRI A, interference, and suffer from low computational efficiency,

R AP 22 W % (CNN) #4532 5% K 49 3”5 4’)’2 M 2 AL A ) e making them inadequate for high-precision inversion under
3% ilj ST Fk ERERMEREAELIRS 2R, complex  geological conditions. In  recent years,
i N | -y . N _ s Convolutional Neural Networks ( CNN) have been widely
e 45 AT A 3 o 3 T AR WA ) R LA K R adopted in seismic impedance inversion due to their strong
CNN [ 25475 8K & W 4 B 7K & A %% Y Fo it B A5 ) nonlinear modeling capabilities and end-to-end learning

roaches, enabling effective mapping of seismic data to
a E; 7y 2k W #4 hes ; ka gppnoac 5 ‘
A BLIR R AL A AL Sy LR B TR impedance values. Nevertheless, deep CNN architecture

B, A SUR S T — AR T ResUNet 89 g 7 ok, 3T A& still face challenges such as gradient vanishing, gradient
UNet 2 #  3] N 2% 2 3, 42 R4 B 3l & Ao 42 B3R 4 1) explosion, and overfitting, which compromise the stability

and accuracy of inversion results. To address these
AR A 4R 3 IR W A I A AR R . R SURR R IR A limitations, this study proposes a ResUNet-based inversion
BE A R AR R FAE SR R 3X 2 S4B )| 4 ResUNet, approach by integrating residual blocks into a UNet
%E'H%R#E%#’T)\W] Y W Y | VA 3R A AR framework, thereby mitigating gradient vanishing and

information loss issues while enhancing inversion accuracy

SRR RIS R AL AL A AE (S 7 R ) W and stability. Synthetic seismic data generated through
HTEA RIS Jﬁfi,f?(] YA LTI YR R forward modeling were used to train the ResUNet model,

and real seismic data were subsequently input into the

B R R S S AL — AL F R A trained network to derive impedance inversion results.
AR E 2 R, R 9%—’]* R did2 A However, the intelligent inversion outputs may exhibit
MK A TR AR, R AN, L0 FBHAY discrete artifacts and “spiking” phenomena near complex

. . - s . geological features (fault), impairing the smoothness and
ResUNet A 45 77 24 & 30 K I L 40 B IR 49 4 L A A3 continuity of the results. To optimize the inversion

ML A AR E RORARAE T — AP T AT 69 F k. outputs, a post-processing smoothing technique was further
S8 E ok FFR A 9 P s ResUNet; F 78 38 % introduced to suppress anomalies and improve stability.
R, J= Y 7 53 ZX £ 5 hes ety H IS ¥

Theoretical model testing and real-data validation
demonstrate that the ResUNet combined with smoothing

hESES  P63I effectively enhances the precision and stability of seismic
Wi HE 2025-05-28; {&[EIHE 2025-12-13. BREMIE  hup://www. progeophys. cn
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acoustic impedance inversion, offering a feasible novel
method for intelligent seismic inversion applications.
Keywords Seismic impedance inversion; Nonlinear;

ResUNet; Smooth filtering
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Fig.1 Workflow diagram
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Fig.2 Network structure diagram
(a) Overall architecture of the inversion network; (b) Detailed structure of ResNet block 1 in the model;
(c¢) Detailed structure of ResNet block 2 in the model.
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Fig.3 Smoothing implementation process
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Fig.4 Inclined-layer impedance (a) and synthetic seismic record (b) generated by a 40 Hz, 0° phase Ricker wavelet
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Fig.5 Wedge-shaped impedance (a) and synthetic seismic record (b) generated by a 40 Hz, 0° phase Ricker wavelet
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Fig. 6 Complex region impedance (a) and synthetic seismic record (b) generated by a 20 Hz, 0° phase Ricker wavelet
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Fig.7 Seismic data after normalization (a) and corresponding impedance (b)
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Fig.8 Extracted traces of the inclined-layer seismic data (a) and the corresponding impedance (b)
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Fig.9 Extracted traces of the wedge-shaped seismic data (a) and the corresponding impedance (b)
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Fig. 10  Extracted traces of the complex-layer seismic data (a) and the corresponding impedance (b)
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Fig. 11

(a) The training loss curve of the ResUNet for inverting the inclined-layer impedance; (b) The magnified view of the

ResUNet training loss for the inclined-layer impedance inversion from epoch 100 to 499; (c) The profile of the inclined-layer

impedance (after denormalization) inverted by the ResUNet; (d) The true impedance distribution of the inclined layer;

(e) The absolute error of the ResUNet-inverted inclined-layer impedance; (f) The relative error of the ResUNet-inverted

inclined-layer impedance
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Fig. 12

(a) The training loss curve of the ResUNet for inverting the wedge-shaped-layer impedance; (b) The magnified view

of the ResUNet training loss for the wedge-shaped-layer impedance inversion from epoch 100 to 499; (c¢) The profile of the

wedge-shaped-layer impedance (after denormalization) inverted by the ResUNet; (d) The true impedance distribution of the

wedge-shaped layer; (e) The absolute error of the ResUNet-inverted wedge-shaped-layer impedance;

(f) The relative error of the ResUNet-inverted wedge-shaped-layer impedance
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Fig. 13

(a) Training and validation loss curves of the ResUNet for inverting the complex-layer impedance ;

(b) Profile of the complex-layer impedance ( after denormalization) inverted by the ResUNet;

(c) Difference distribution between the ResUNet-inverted complex-layer impedance and the true impedance;

(d) True impedance distribution of the complex layer; (e) Absolute error of the ResUNet-inverted

complex-layer impedance; (f) Relative error of the ResUNet-inverted complex-layer impedance
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Fig. 14

Inversion-predicted impedance for the inclined layer with noisy data

(a) Inversion results under 35 dB noise conditions; (b) Inversion results under 35 dB noise conditions; (¢) Inversion results

under 25 dB noise conditions; (d) Inversion results under 25 dB noise conditions; (e) Inversion results under 15 dB

noise conditions; (f) Inversion results under 15 dB noise conditions; (g) Inversion results under 5 dB noise conditions;

(h) Inversion results under 5 dB noise conditions.
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Fig. 15

Inversion-predicted impedance for the wedge-shaped layer with noisy data

(a) Inversion results under 35 dB noise conditions; (b) Inversion results under 35 dB noise conditions;

(¢) Inversion results under 25 dB noise conditions; (d) Inversion results under 25 dB noise conditions;

(e) Inversion results under 15 dB noise conditions; (f) Inversion results under 15 dB noise conditions;

(g) Inversion results under 5 dB noise conditions; (h) Inversion results under 5 dB noise conditions.
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Fig. 16 Inversion-predicted impedance for the complex layer with noisy data
(a) Inversion results under 35 dB noise conditions; (b) Inversion results under 35 dB noise conditions;
(¢) Inversion results under 25 dB noise conditions; (d) Inversion results under 25 dB noise conditions;

(‘e) Inversion results under 15 dB noise conditions; (f) Inversion results under 15 dB noise conditions;

(g) Inversion results under 5 dB noise conditions; (h) Inversion results under 5 dB noise conditions.
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Table 2 Comparison of evaluation metrics between the
prediction results using the deep learning method and

those using the deep learning with smoothing method.

Model Correlation R? MSE RMSE

ResUNet 0.993569  0.986936 0.0755778 0.274914
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